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Résumeé

La pollution lumineuse a fortement augmenté au cours des dernieres décennies et engendre de
nombreux impacts néfastes sur la biodiversité, la santé humaine, l'astronomie, ainsi que sur la
consommation énergétique. En France, les communes disposent de di érents leviers pour ré-
duire cette pollution, tels que I'extinction de I'éclairage public, la réduction de l'intensité lu-
mineuse ou encore le changement de couleur de la lumiéere. La plani cation de I'éclairage public
est désormais plus structurée et s'integre pleinement dans les politiques d'aménagement du terri-
toire, notamment a travers la dé nition de trames noires , c'est-a-dire de corridors écologiques
sombres a préserver. Toutefois, ces approches, aujourd'hui dominantes, se focalisent souvent sur
les enjeux écologiques et négligent les besoins humains liés a I'éclairage arti ciel de nuit et a
l'obscurité.

Cette omission constitue un obstacle majeur a la mise en place de politiques publiques de
réduction de la pollution lumineuse : I'éclairage arti ciel est associé a la possibilité d'une vie
nocturne et contribue souvent au sentiment de sécurité. Pour les maires, les habitants étant aussi
des électeurs, la crainte d'une opposition locale peut freiner I'adoption de mesures ambitieuses,
telles que I'extinction de I'éclairage public.

Cette thése porte sur les conséquences socio-économiques et I'acceptabilité sociale des poli-
tigues mises en place par les communes francaises pour réduire la pollution lumineuse. Composée
de cinqg chapitres, elle vise a apporter de nouveaux éclairages sur l'intégration de la dimension
sociétale dans la prise de décision en matiére d'éclairage public. Les cing chapitres sont organ-
isés en deux grandes parties. Les trois premiers portent sur l'acceptabilité sociale de di érentes
mesures de réduction de la pollution lumineuse et s'appuient sur une étude de cas menée dans
la métropole de Montpellier. Les deux chapitres suivants s'intéressent aux conséquences de ces
politiques pour les habitants, a travers une analyse de I'impact causal de I'extinction de I'éclairage

public sur la délinquance a I'échelle nationale.



Chapitre 1 : Are citizens willing to accept changes in public lighting for biodi-

versity conservation?

Le Chapitre 1 analyse les préférences des citoyens de la métropole de Montpellier concernant la
transition vers des régimes d'éclairage plus durables. A ce jour, peu d'études se sont penchées
sur ce sujet, et celles qui existent adoptent majoritairement une approche qualitative. Pourtant,
disposer d'informations quantitatives sur l'acceptabilité sociale de tels changements constitue un
élément clé pour les décideurs locaux souhaitant mettre en +uvre des politiques d'éclairage public
plus durables.

Cette étude est la premiére a mobiliser une méthode d'évaluation non marchande a n de
mesurer de maniére quantitative en termes monétaires l|'acceptabilité sociale de la mod-

i cation de I'éclairage public. Plus précisément, nous utilisons une expérience de choix discrets
(Discrete Choice Experiment, DCE), une méthode qui permet d'éliciter les préférences des indi-
vidus pour di érentes caracteéristiques d'un bien ou service (ici, I'éclairage public) a partir d'une
série de choix hypothétiques. Les habitants de la métropole ont ainsi été invités a choisir entre
plusieurs options décrivant des modi cations potentielles de I'éclairage public, chacune dé nie
par des niveaux d'attributs. Ces options sont présentées sous forme de cartes de choix , et
plusieurs cartes de choix sont présentées a chaque répondant.

Quatre attributs (et leurs niveaux) sont inclus dans le DCE : la réduction d'intensité lumineuse
(pas de réduction / réduction de 75 %), I'extinction (pas d'extinction / extinctionde 1 ha5h/
extinction de 23 h a 6 h), la couleur de la lumiere (blanche / orange) et un attribut monétaire, cor-
respondant a une variation de la taxe locale (e -30, e -10, e 0, e 10, e 30). Chaque carte de choix
comporte trois alternatives : deux alternatives présentant des combinaisons de niveaux d'attributs
et une alternative de statu quo, représentant la situation actuelle sans changement d'éclairage
pas de réduction, pas d'extinction, lumiere blanche et absence de variation de taxe. Neuf cartes
de choix ont été soumises a chaque participant.

Nous avons recueilli 1 148 réponses au sein de la métropole et estimé un modéle a classes la-
tentes pour analyser ces données. Cette approche permet d'identi er deux groupes de préférences,

homogénes au sein de chaque groupe mais hétérogénes entre groupes. Les répondants du premier



groupe se montrent favorables a I'ensemble des changements proposés, tandis que ceux du sec-
ond groupe sont plus réticents, notamment vis-a-vis de I'extinction entre 23 h et 6 h. La majorité
des participants (80%) appartient au groupe pro-changement. Lintégration de variables socio-
economiques dans le modele permet d'identi er les caractéristiques associees a une probabilité
plus élevée d'appartenir a I'un ou l'autre groupe. Nos résultats indiquent que les personnes rési-

dant dans des zones plus denses sont moins susceptibles de soutenir les changements envisagés.

Chapitre 2 : Mapping preferences derived from a choice experiment. a com-

parison of two methods

Bien que les résultats du Chapitre 1 apportent une premiere indication des préférences en matiéere
d'éclairage public dans la métropole, leur portée demeure limitée. En e et, ils re etent des
préférences moyennes a I'échelle de I'ensemble du territoire, alors méme que I'hétérogénéiteé
spatiale des préférences est vraisemblablement importante. Cette diversité réduit la pertinence
de résultats agrégés pour orienter nement l'action publique. ldéalement, il faudrait disposer
d'informations sur les préférences a une échelle infra-communale. Lapproche la plus naturelle
pour obtenir ce résultat consisterait alors a modéliser les choix directement au niveau spatial
souhaité, en utilisant les réponses des individus résidant dans la zone concernée. Toutefois, la
collecte de données est colteuse et le nombre de répondants par unité spatiale demeure générale-
ment faible et peu représentatif. 1l devient donc nécessaire d'élaborer une méthode permettant
d'extrapoler les préférences a une échelle spatiale ne.

Dans ce chapitre, nous comparons deux méthodes visant a cartographier a petite échelle les
résultats issus d'une expérience de choix : la méthode en une étape (one-step) et la méthode en
deux étapes (two-step). Ces deux approches sont couramment utilisées dans la littérature pour
analyser I'in uence des variables sociodémographiques sur les préférences, mais I'étape de car-
tographie nale est rarement mise en +uvre. Nous les comparons dans un premier temps a l'aide
de simulations de Monte-Carlo fondées sur un processus de génération de données simple, qui
nous permet de comparer les deux approches théoriguement. Nous appliquons ensuite ces deux

méthodes a notre étude de cas portant sur les politiques d'extinction de I'éclairage public dans la
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métropole de Montpellier. Ainsi, ce chapitre n'est pas seulement pertinent pour notre cas d'étude,
mais il apporte également une contribution méthodologique a la littérature sur les DCE.

Les comparaisons théoriques et empiriques montrent que la méthode en deux étapes peine a
restituer I'nétérogénéité spatiale des préférences, ce qui limite sa capacité a identi er des priorités
territoriales pour I'action publique. Nous recommandons donc de privilégier la méthode en une

étape lorsque cela est possible.

Chapitre 3 : Planning sustainable urban lighting for biodiversity and society

Le Chapitre 3 développe un outil d'aide a la décision pour les politiques d'éclairage dans la
métropole de Montpellier, qui intégre a la fois les enjeux écologiques et sociétaux. Pour ce faire,
nous construisons deux indicateurs spatiaux : un indicateur écologique et un indicateur socio-
économique.

Lindicateur écologique est élaboré entrois étapes. Premiérement, nous exploitons des images
satellitaires a tres haute résolution pour produire des indicateurs caractérisant le niveau de pol-
lution lumineuse sur le territoire métropolitain. Deuxiemement, nous prédisons la connectivité
paysagere avec et sans pollution lumineuse en nous appuyant sur les indicateurs précédemment
construits pour six groupes d'espéces, en collaboration étroite avec des experts locaux qui four-
nissent des données d'inventaires et d'occupation du sol. Troisiemement, nous construisons un

indicateur écologique global fondé sur (i) la valeur écologique en I'absence de pollution lu-
mineuse, (ii) la perte potentielle de connectivité induite par celle-ci, et (iii) le nombre de groupes
d'especes a ectés.

Lindicateur socio-economique correspond, quant a lui, a l'indice d'acceptabilité sociale dérivé
de la méthode en une étape présentée dans le Chapitre 2.

Nous croisons ces deux indicateurs a l'aide de cartes bivariées. Celles-ci révelent que des
mesures de réduction de la pollution lumineuse peuvent étre mises en +uvre sans délai dans
les zones ou l'acceptabilité sociale est élevée et ou les enjeux écologiques sont majeurs des
situations gagnant-gagnant . Dans d'autres secteurs, en revanche, des arbitrages doivent étre

trouvés. Les résultats sont intégrés dans une application web congue pour o rir aux décideurs un
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outil ergonomique et facilement mobilisable.

Peu d'approches politigues prennent en compte les préférences des habitants en ce qui con-
cerne I'éclairage public, malgré le risque d'opposition. Nos résultats montrent que, lorsque des
indicateurs écologiques et socio-économiques sont croisés a une échelle spatiale ne, il devient
possible de concilier les objectifs de conservation de la biodiversité et les préférences des habi-

tants.

Chapitre 4 : Identifying public lighting switch-o s from space: A breakpoint
detection approach using VIIRS DNB data

Parmiles mesures que peuvent adopter les communes pour limiter la pollution lumineuse, I'extinction
de I'éclairage public est sans doute la plus clivante. Il s'agit d'un sujet trés sensible et poli-
tique, d'autant que les preuves empiriques concernant ses e ets sur la sécurité, les économies
d'énergie ou encore I'environnement demeurent limitées. Une évaluation rigoureuse de ces
politiques apparait donc indispensable.

Or, I'évaluation de telles mesures nécessite des informations précises sur les communes prati-
quant I'extinction et sur les dates de mise en oeuvre de cette politique. A I'neure actuelle, aucune
base de données nationale ne recense ces informations en France. Ce chapitre vise a combler
cette lacune en construisant une base de données exhaustive sur I'extinction de I'éclairage public
dans les communes de plus de 1 500 habitants entre 2012 et 2023.

Pour identi er les extinctions, nous appliquons un algorithme de détection de ruptures aux
séries temporelles de radiance nocturne issues d'images satellitaires (VIIRS). Nous utilisons en-
suite un algorithme de forét aléatoire (random forest) pour classi er ces ruptures et distinguer
les extinctions réelles d'autres changements liés a I'éclairage public (rénovation LEDs, baisse de
I'intensité). Nous obtenons une précision de classi cation de 88,6 %.

Notre approche permet ainsi de produire un jeu de données national, destiné a faciliter de
futures évaluations de politiques publiques. Nous estimons que 64,4 % des communes francaises
de plus de 1 500 habitants ont mis en place I'extinction de I'éclairage public entre janvier 2012 et

décembre 2023, dont 53,5 % apreés juillet 2022, a la suite de la crise énergétique. Nous analysons

viii



ensuite les caractéristiques sociodémographiques et géographigues des communes ayant adopté
ces politiques, et montrons que les communes moins peuplées, dirigées par un maire a gauche du
spectre politique et situées a proximité de réserves de ciel étoilé sont plus susceptibles d'adopter

I'extinction de I'éclairage public.

Chapitre 5 : The Dark Night rises: the impact of switch-o policies on crime

Les principales réserves exprimées a I'égard de I'extinction de I'éclairage public concernent la
sécurité, de nombreuses personnes percevant |I'éclairage comme un élément essentiel de leur sen-
timent de sécurité. Pourtant, les preuves empiriques disponibles demeurent limitées et peu con-
cluantes. Cet article vise donc a évaluer l'impact de I'extinction de I'éclairage public en France
sur ladélinquance, apportant les premieres preuves empiriques a I'échelle nationale et contribuant
ainsi de maniere substantielle au débat scienti que.

Pour cela, j'exploite I'expérience naturelle créée par la mise en place récente de l'extinction de
I'éclairage public dans un grand nombre de communes frangaises. En mobilisant la base de don-
nées construite au Chapitre 4, ainsi que des données annuelles communales produites par le min-
istére de I'Intérieur recensant les faits de délinquance, j'utilise une stratégie de doubles di érences
a traitement échelonné (staggered di erence-in-di erences) pour analyser plusieurs catégories de
crimes : cambriolages, dégradations volontaires, violences sexuelles, coups et blessures volon-
taires, vols non violents, vols violents avec ou sans arme, vols de vehicules ou d'accessoires, vols
dans les véhicules, ainsi que l'usage et le tra ¢ de stupé ants. J'utilise I'estimateur proposé par
Callaway and SantAnna (2021), appropri€ pour les contextes de traitement échelonné et robuste
a I'nétérogenéité des e ets de traitement.

Les résultats montrent que I'extinction de I'éclairage public n'a pas d'e et sur la plupart des
types de délinquance étudiés, a I'exception des cambriolages, pour lesquels jobserve une légere
augmentation liée a la mise en place de la politique, concentrée principalement dans les com-
munes trés densément peuplées.

Ces résultats suggerent que les craintes d'une hausse généralisée de la criminalité liée a

l'obscurité sont largement infondées, et qu'il serait pertinent de recentrer les e orts politiques sur



la prise en compte du sentiment d'insécurité plutdt que sur une menace criminelle objectivement
mesurable. Le cas particulier des cambriolages dans les zones trés denses mérite néanmoins une
attention spéci que et des analyses complémentaires. Toutefois, ces zones abritent généralement
une biodiversité plus limitée, et d'autres mesures plus facilement acceptées (comme la réduction

de l'intensité) peuvent y étre mises en place.

Conclusion

En conclusion, cette these apporte plusieurs contributions majeures. Sur le plan thématique, elle
éclaire les préférences des citoyens de la Métropole de Montpellier concernant di érents scénarios
de modi cation de I'éclairage public, et propose la premiére évaluation de l'impact de I'extinction

de I'éclairage public sur la délinquance en France. Sur le plan méthodologique, elle compare dans
le Chapitre 2 deux approches permettant de spatialiser les préférences issues d'un DCE, apportant
des recommandations utiles aux chercheurs souhaitant produire des cartes de préférences a ne
échelle spatiale. Sur le plan des données, le Chapitre 4 fournit une base inédite recensant, pour
toutes les communes frangaises de plus de 1 500 habitants, la mise en place de I'extinction de
I'éclairage public ainsi que leurs dates d'application entre 2012 et 2023.

Les résultats de cette these invitent a formuler des recommandations pour la mise en +uvre
de politiques de réduction de la pollution lumineuse. Ils montrent que ces politiques doivent
étre fortement contextualisées : les besoins d'éclairage, les enjeux écologiques et I'acceptabilité
sociale varient considérablement d'un quartier a I'autre, rendant inopérantes les approches uni-
formes. Dans les zones denses ou sensibles, des solutions alternatives aux extinctions telles
gue la réduction d'intensité, I'ajustement de la couleur ou I'amélioration de l'orientation des lu-
minaires peuvent concilier sécurité, besoins sociaux et préservation de la biodiversité.

Plusieurs axes de recherche futurs sont identi €s, parmi lesquels I'étude de I'acceptabilité
sociale apres la mise en oeuvre des politiques de réduction de la pollution lumineuse, I'évaluation
de I'e et des politiques d'extinction sur la délinquance a I'échelle infra-communale, et I'analyse

socio-économigue des politiques qui concernent I'éclairage privé.
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General Introduction

This dissertation focuses on the policies implemented by French municipalities to reduce light
pollution, and assesses their social acceptability and their e ects. It aims to provide new insights
to better integrate societal aspects into the design of public lighting policies. This introduction
contextualizes and motivates the research question. First, it emphasizes the importance of arti -
cial lighting from a historical perspective and shows how, over time, the issue of light pollution
emerged and began to be taken into account in policymaking. Second, it examines how light pol-
lution has been addressed in the social science literature and demonstrates that, although decisive
in understanding the various facets of light pollution mitigation policies, research on this topic

remains scarce. Finally, it details the contributions of this dissertation.

1 From the emergence of arti cial lighting to the rise of light

pollution

Lighting has long been perceived as a sign of progress and safety, and light pollution has only re-
cently emerged as an issue. To understand why lighting is intrinsically linked to society, nightlife,
and our feeling of safety and why the questions addressed in this dissertation are important for
policy design it is necessary to look back at the origins of arti cial lighting, and more speci -

cally public lighting.

1.1 "Abolish the night": a historical perspective on public lighting

The development and systematization of public lighting is relatively recent and goes back to the
17th century. Before that, since the end of the Middle Ages in Europe, people associated night-
time with danger and with negative gures like devils and witches. Darkness was associated with
insecurity. Cabantous (2009) argues that it is unclear how widespread nighttime crime really was.
He notes that certain types of crime were typical of nighttime: theft, robbery, and marauding were
very common. However, he tempers the importance of nighttime crime in early modern period,

arguing that the feeling of insecurity was partly produced by discourse and the collective imagi-



nation. Municipalities often required residents to use lamps or lanterns in the street dtinight,
order to make suspicious individuals visible. Judges even considered nighttime to be an aggravat-
ing circumstance, because crimes and o ences were believed to be easier to commit under cover
of darkness (Cabantous 2009). Therefore, during Middle Ages, curfews were often imposed to
limit movement after sunset (Bovet-Pavy 2018).

Things began to change in France under the reign of Louis XIV, when the monarchy ordered
the installation of lanterns to light the streets, rst in Paris in 1667, and later in other towns in
1697. Street lighting was conceived as a tool for the police to ensure safety, and was entrusted to
the Police Department (also created in 1667) in Paris (Reculin 2017). From the very beginning,
thus, lighting and security were intrinsically linked, at least in collective representation.

At rst, lighting was reserved for places such as city halls, palaces, churches, and cathedrals:
light was a symbol of power. It was not until the mid-18th century that lighting became more
widely available. In 1763, at the request of the Lieutenant General of Police, the Academy of
Sciences launched a competition to nd the best way to light cities. Bourgeois de Chateaublanc
won with a new type of street lamp that re ected light more e ectively, the réverbere. From that
moment, lighting became a real public service and spread rapidly. Streetlights were animmediate
success because they represented safety and enabled urban life at night. Public lighting was in-
sistently requested by residents. Reculin (2017) lists several petitions from inhabitants of French
cities calling for streetlights for various reasons: to increase safety (fear that nighttime encour-
ages criminals, complaints of theft or murder due to the lack of lighting), to improve visibility on
the roads, and to support urban life at night, especially the development of economic activities
at night. For city authorities, streetlights quickly became essential for public convenience and
for citizen safety. This marked the beginning of a nightlife, with new popular ways of using the
night (Reculin 2017). Interestingly, Reculin (2017) notes that at rst, a part of the population was
also reluctant to accept the new streetlights because they feared that they would dazzle passers-by
and horses. It echoes today's concerns about light pollution, and according to Reculin (2017),

diminishes the idea that everyone was unanimous about these inventions.

1. Forexample, a decree of the Parliament Court, forbade all persons to carry weapons at night and to walk without
a light in Paris (28 November 1664; published 10 January 1665), Paris: Royal Printers, 4 pp. (BNF Gallica).



In the following centuries, public lighting developed further, rstwith gas during the Industrial
Revolution, then with electricity at the end of the 19th and the beginning of the 20th century.
According to Bovet-Pavy (2018), the 18th century was driven by the utopia of "abolishing the
night." One striking example is the "sun tower" ("tour soleil"), a project that competed with the
Ei el Tower for the Universal Exhibition in 1889 and aimed to light up the entire city of Paris
(Bovet-Pavy 2018).

In the aftermath of World War I, street lighting was reduced as resources were diverted to
reconstruction and energy supply remained limited. However, the demand from citizens for high-
quality lighting increased rapidly. The introduction of mercury lamps at this period marked a
turning point because they made it possible to design more uniform lighting. The height of lamps
and the spacing of poles were carefully calculated to provide continuous light along the roads
(Bovet-Pavy 2018).

The history of public lighting shows how urban light has changed our relationship with the
night. It made the night less frightening and allowed nightlife to develop where it did not exist
before. Street lighting is now such a part of our daily lives that it is no longer noticed. In recent
years, the number of light points has continued to increase: in France, they increased from 7.2
million in 1990 to 9.5 million in 2015, and reached around 12 million in 2023 (Ministry for the
Ecological Transition 2024; Cerema 2025), an acceleration that goes hand in hand with increasing
urbanization. The arrival of LEDs (Light-Emitting Diod&}as reinforced this trend, creating a
rebound e ect: because LEDs consume less energy than conventional lamps, they allow more
lighting to be provided at the same cost, which leads to brighter streetlights and/or an increase in

their number (Tsao et al. 2010).

1.2 The dark side of light: adverse e ects of arti cial lighting

The harmful e ects of arti cial light at night (ALAN) started to be recognized only recently. The
issue began to appear in the scienti c literature mainly from the 1970s onward, and the rst poli-

cies were introduced about twenty years later, such as the 1988 'Sky Law' in the Canary Islands.

2. There has been a signi cant increase in the proportion of LED sources (from 29.8% in 2022 to 38.9% in 2023)
due to large-scale renovations carried out mainly by local authorities (Cerema 2025).
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ALAN is responsible for light pollution, de ned as "the alteration of night natural lighting levels
caused by anthropogenic sources of light" (Falchi et al. 2016). In 2016, Falchi et al. (2016) found
that 83% of the world's population and 99% of Europeans and Americans live under light-polluted
skies (see Figure 1). This pressure continues to grow at an alarming rate: Kyba et al. (2023) nds
that between 2011 and 2022, on average, the sky got brighter by 9.6% per year, "which is equiv-
alent to doubling the sky brightness every 8 years." Light pollution can take the form of direct
illumination, or of "sky glow", which results from light propagating through the atmosphere and
being scattered by atmospheric components (e.g., clouds) (Kyba et al. 2011; Gaston et al. 2015).
Light pollution has the speci city of being highly di use, spreading across hundreds of kilometers
from major urban centers, and thus a ecting remote areas far from sources (Falchi et al. 2016),

such as surrounding natural spaces (Kocifaj et al. 2023).

Figure 1: Map of Europe's arti cial sky brightness as a ratio to the natural sky brightness
(assumed to be 174 cd/m2). Source: Falchi et al. (2016)

Note: Data from 2014; legend available in Falchi et al. (2016). Color scale ranges from black (<1.74 cd/m2) to
white (>7130 cd/m2).

Light pollution can stem from both private and public lighting. To my knowledge, no study
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has clearly quanti ed the respective contributions of private and public lighting to global radiance
(i.e. upward emissions) at a worldwide scale. In the case of France, the City of Paris estimates
that 58% of "excess lighting" comes from private sources (shops, o ces, sighage), compared
with 35% from public lighting and 7% from vehicles. However, these shares are likely to vary

considerably depending on the location.

1.2.1 On astronomical observations and cultural heritage

The rst harmful e ect of ALAN to be publicized, which embedded the concept of light pollu-

tion in usual language, was its impact on astronomical observations highlighted by professional
astronomers in the 1970s (Riegel 1973). Indeed, light pollution, by increasing brightness of the
night sky, substantially hinders astronomical observations, and causes a deterioration or even loss
of visibility of astronomical objects, in particular comets and low-brightness stars (Weso2owski
2023). Falchi et al. (2023) study 28 astronomical observatories, and show that two-thirds of ma-
jor observatories are now very a ected by light pollution, which according to them endangers the
future of ground-based astronomy.

According to Stone (2018), light pollution can also a ects the cultural relationship between
individuals and the night. Marin (2009) argues that interest in astronomy and contemplation of the
sky has always had implications for our cultures and our conception of the universe, all over the
world. It shapes our culture, legends, and traditions. To handle this issue, the Starlight Initiative
was launched in April 2007 as an international campaign in defence of the values associated with
the night sky, which stated that access to starlight was a scienti ¢, environmental, and cultural

right of humankind, and acknowledged that this right was now endangered.

1.2.2 On biodiversity

Light pollution also has harmful impacts on biodiversity. The Earth's rotation on its axis, its orbit
around the Sun and the lunar cycles create natural patterns of light that vary depending on location
and time: within a day, across a month (for example, with moonlight or starlight), and over the

course of a year (Bennie et al. 2014; Gaston et al. 2017; Mills 2008). These cycles have remained



constant for extremely long geological periods. As a result, both nocturnal and diurnal species
have adapted to them physiologically, morphologically, and behaviourally (Bennie et al. 2014).
Arti cial lighting, and the light pollution it causes, has appeared only very recently compared to
these timescales, and therefore poses serious risks for biodiversity.

Mariton (2023) highlights that light pollution can a ect biodiversity at di erent scales: at the
level of individuals and species, through intra- and inter-species interactions, and by in uencing
population dynamics and ecosystem functions. At the individual scale, it disrupts biological
rhythms, for example, by altering circadian cycles, which can negatively a ect species' health
(e.g. Bedrosian et al. 2011; Bumgarner and Nelson 2021). For diurnal and crepuscular species,
light pollution can disrupt sleep at night or extend activity into nighttime hours (e.g., Aulsebrook
et al. 2020; Hasselt et al. 2021). For some bat species, foraging may be delayed and become
desynchronized with the peak activity of their prey (Haddock et al. 2019; Mariton 2023). It
has also been shown that light pollution can a ect plants, particularly their foliation (Meng et
al. 2022), and germination (Vatistas et al. 2024).

Light pollution also alters the spatial distribution and movement of species. Certain species
are phototactic, i.e., attracted to light sources, such as migratory birds (Foster et al. 2018) or
insects, for which light points create an ecological trap. For instance, insects drawn to arti cial
lights may su er higher mortality due to exhaustion or predation (Camacho et al. 2021). Other
species are "lucifuge”, i.e., repelled by light sources, which can lead some species to abandon or
avoid spaces that are essential to ful Il their life cycle, like some bat species for which this results
in reduced foraging opportunities (Mariton 2023). Therefore, at the landscape scale, patterns of
attraction and repulsion caused by arti cial light can produce a barrier e ect, which exacerbates
habitat fragmentation (Laforge et al. 2019) and has an impact on ecological connectivity.

Light pollution has also been shown to in uence communities and inter-species interactions
(Mariton 2023). It alters predation patterns (Longcore and Rich 2004): for example, phototactic
predators such as owls or light-tolerant bat species can forage more easily on insects attracted by
arti cial light (Rodriguez et al. 2021; Rydell 1992). It also has an impact on nocturnal pollination
network, which a ects the ability of plant to reproduce (Giavi et al. 2021). Light pollution may

thus be an important factor in the decline of local or global population, as it has been shown for
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insects (Owens et al. 2020), or for bats (Browning et al. 2021).

1.2.3 On human health

Light pollution also a ects human health (Wang et al. 2023), as humans are part of biodiversity
like any other species. Outdoor ALAN has been shown to disrupt our internal body clock (circa-
dian rhythm) by hindering the production of melatonin, a hormone that regulates sleep and other
processes (Dumont and Beaulieu 2007; Claustrat et al. 2005). Melatonin starts normally to be
released as soon as it gets dark, and not only during sleep (Macchi and Bruce 2004). As a conse-
guence, exposition to outdoor arti cial lighting, especially blue light (St Hilaire et al. 2022), when
going out at night a ects the production of melatonin. This disruption leads to poor sleep quality
and shorten sleep duration (Xiao et al. 2020; Patel 2019), for adolescents (Paksarian et al. 2020;
Vollmer et al. 2012) and the general population (Ohayon and Milesi 2016). Poor sleep has been
shown to trigger plenty of other health issues: problems related to the immune system (Ingiosi
et al. 2013), weaker memory (Kaida et al. 2015), cognitive attention (Massar et al. 2019), high
blood pressure (Guo et al. 2013), diabetes (Khalil et al. 2020), heart disease (Zhang et al. 2021),
and depression (Pandi-Perumal et al. 2020). Many studies also showed an association between
ALAN and being overweight or obese (e.g., Liao et al. 2024), and some suggest higher risks
of cancers such as breast, prostate (Garcia-Saenz et al. 2018), and pancreatic (Xiao et al. 2021)

cancers.

1.2.4 On energy consumption and municipal nances

Although the total energy use of outdoor lighting is di cult to quantify, reliable estimates exist

for public lighting. In France, public lighting is estimated to have consumed 2.42 TWh in 2023
(Cerema 2025). This accounts for about 0.54% of the total consumption of electricity in France,
estimated at 445.7 TWhin 2023 (RTE 2023). Furthermore, France's public lighting infrastructure
is considered largely outdated (Cour des comptes 2021), and remains highly energy-intensive.
The ministry for the Ecological Transition estimates that 40% of streetlights are more than 25

years old, with an annual renewal rate of less than 3%, and outdated technologies such as mercury



and sodium lamps still in operation (Ministry for the Ecological Transition 2024). Despite the
increasing use of LEDs (28.8% of lighting installations in 2023), Cerema (2025) still estimated
in 2024 that there is room for energy savings through renovation. As a result, public lighting
constitutes an important source of €é€missions the main driver of climate change in France,
amounting to several hundred thousand tonnes annually (Ministry for the Ecological Transition
2021). Public lighting also represents a major share of municipal budgets. In 2017, it accounted
for 41% of municipalities' electric spending (Cour des comptes 2021), a burden that increased

further in 2022 with the rise in electricity prices (Cerema 2023).

1.3 A growing policy attention to light pollution

Light pollution is increasingly recognized as an issue at the international level, and not only by the
scienti c community. It now appears explicitly in international negotiation texts. For example, it
was recently mentioned for the rst time in a global biodiversity plan, speci cally in Target 7 of
the Kunming Montreal Global Biodiversity Framework, adopted at the fteenth meeting of the
Conference of the Parties (COP 15) in 2022. This target calls for reducing pollution "from all
sources" to levels not harmful to biodiversity, and notes that "pollution can take numerous forms
as a variety of chemical compounds, types of light and sound". Furthermore, at the international
scale, initiatives are being developed to showcase communities' e orts to reduce light pollution.
One example is the International Dark-Sky Association, which since 2007 has certi ed "Interna-
tional Dark Sky Reserves", areas where the night sky and natural environment are protected from
light pollution and recognized for their exceptional quality. Today, there are 24 such reserves
across 10 countries, including seven in France.

In some cases, countries may implement national legislation to limit light pollution. In France,
on December 28, 2018, the Minister for Ecological Transition issued a decree to set technical and
time-based rules for both public and private lighting (Cerema 2018). Among others, it prescribes
that lights in commercial buildings and gardens must be switched o by 1 a.m., or within one hour

after the end of activity or the closing of parks. The decree also sets technical standards regarding



public lighting: no more than 1% of the light may be emitted above the horizéatad, the color
temperature must not exceed 3000 K.addition, outdoor illuminated advertising is regulated by

the Environmental Code and by a 2022 decree, which requires such advertisements to be turned
0 betweenl1la.m. and 6 a.m.

Other measures are left to the discretion of local elected o cials. In France, decisions re-
garding public lighting are made by the mayor and/or the municipal council. Even when techni-
cal management is delegated to higher-level entities (such as metropolitan authorities or energy
syndicates), the nal authority rests with the municipality. A broad set of tools is available to
reduce light pollution from public lighting. The most drastic measure is to switch lights o , with
schedules that can vary by neighborhood, time of night, or season. Other approaches include
lowering color temperature or dimming the intensity of lighting.

Planning of public lighting is becoming more structured and is now integral part of urban plan-
ning. For example, in France, the lighting master plan ("Schéma Directeur dAménagement Lu-
miere", SDAL) is adocument that guides public lighting at the local level (municipality, metropoli-
tan area, departement). The SDAL helps to ensure overall consistency across a territory and set
priorities, while considering regulations, user needs, energy use, and environmental impact. This
document is not a legal requirement, but it aligns with standards and regulations and is recom-
mended by technical and energy services (Cerema, energy syndicates). Today, many local author-
ities have adopted a SDAL, such as Lyon and Grenoble metropolitan areas, and the Val-de-Marne
departement. Furthermore, more and more local authorities now call on consulting rms or spe-
cialized agencies to develop their SDAL, or to de ne a "trame noire" (dark ecological cortidor)
on their territory. Consulting rms (such as Dark Sky Lab and La TeleScop) are helping to map
light pollution and identify biodiversity reservoirs, thereby enabling the modeling of the dark
ecological corridors to be preserved (e.g. Potin et al. 2024, in the Montpellier metropolitan area).

Moreover, to help local governments design and implement such corridors, the French O ce for

3. To be more precise, the "upward light ratio", i.e. the ratio of the light emitted by the streelight in the upper
hemisphere (i.e. above the horizontal) to the total light emitted by the streelight, must be below 1%.

4. Colortemperature characterizes the perception of white light produced by a light source. Light can be described
as warm (low color temperature value, orange hue) or cool (high color temperature value, blue hue).

5. A "trame noire" refers to the identi cation and preservation of ecological corridors at night.



Biodiversity (OFB) and partners published the "Dark ecological corridor guide" (Guide trame
noire), which provides a step-by-step methodology for municipalities and intercommunalities to
carry out a diagnosis of local nocturnal biodiversity, map potential corridors, and design an action
plan (Sordello et al. 2021; Sordello et al. 2022).

2 Light pollution, an overlooked issue in social science

This section identi es issues already addressed in the social science literature with regard to light

pollution and highlights knowledge gaps.

2.1 Light pollution through the lens of social sciences: a literature review

To document the state of the art of social-science papers studying light pollution, | searched in
Web of Science by using the keywords "light pollution" OR "arti cial light at nidtdathd counted
articles by discipline (Figure 2). For clarity, the 180 Web of Science categories were grouped into
broader disciplines. Figure 2 shows that the eld is largely dominated by natural sciences, 4,148
articles at the time of the search. Many of these are in life sciences' category (e.g., ecology,
biodiversity conservation, and species-speci ¢ specialties) and therefore examine the harmful
e ects of light pollution on biodiversity. A signi cant share also comes from astrophysics and
astronomy. 1,014 articles fall under applied sciences and engineering (e.g., remote sensing). 260
articles in health and medical sciences, which study consequences of light pollution for human
health. The social sciences remain marginal, with 355 articles in total, primarily in geography
and psychology and only 15 articles in economics.

Figure 3 shows the number of articles containing these two keywords, aggregated by disci-
pline, over time. Astronomers were the rst to engage with the topic, even before the 1980s.
They were followed by ecologists in the late 1990s and by medicine in the late 2000s. Like in
medicine, research in social sciences only began to take interest in light pollution in the late 2000s.

It is therefore still a very recent eld of research.

6. The search was conducted in the title, abstract, and author keywords, on September 23, 2025.
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Figure 2: Number of publications by disciplines for Light Pollution or Arti cial Light at
Night (Web of Science)

Note. The search was conducted in Web of Science on September 23, 2025, with the keywords "light pollution” OR
"arti cial light at night." The disciplines shown aggregate Web of Science categories. One article can be assigned
to more than one discipline.

The following paragraphs aim to provide an overview of the topics addressed in social sci-
ences regarding light pollution and ALAN, and particularly in economics, in order to situate this

dissertation within the existing literature and to highlight its contributions.

2.1.1 Light pollution: a topic little explored in the economic literature

While numerous studies now document the various impacts of light pollution on human health,
ecosystems, energy waste, and stargazing, there are very few economic evaluations of this phe-
nomenon (Su 2022) or of its mitigation policies, and to my knowledge no market-based solutions

have been proposed to reduce it.

Non-market valuation. Some papers attempt to assign a monetary value to the starry sky. Hen-
derson (2010) underscores the di culty of such an undertaking: he shows that di erent valuation
methods (such as estimates of amateur astronomers' willingness to pay to observe the stars) can

only provide a lower bound on the value of the stars. He concludes that the night sky should be
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Figure 3. Cumulated number of articles over time by disciplines

Note. The search was conducted in Web of Science on September 23, 2025, with the keywords "light pollution” OR
"arti cial light at night.” The disciplines shown aggregate Web of Science categories. One article can be assigned
to more than one discipline.

considered priceless because "the beautiful and the sublime are appreciated much more directly
than the dollar."” Nevertheless, quanti ed valuation can be a useful, operational tool for conveying
the social value of the starry sky and making the ecological and health damages of light pollution
concrete (Challéat 2011).

Studies have used non-market valuation not to estimate the value of the starry sky itself, but
to assess preferences for speci c policies aimed at reducing light pollution. Mitchell et al. (2017)
use contingent valuation and nd that 50% of respondents have a positive willingness to pay to
reduce light pollution, especially among urban residents. Simpson and Hanna (2010) also nd
a positive willingness to pay to improve nighttime star visibility. Moving closer to an existing
market, Mitchell and Gallaway (2019) analyze the economic impact of dark-sky tourism on the
Colorado Plateau. They estimate that over the next ten years, spending by nonlocal tourists will

generate $2.4 billion in additional income and create 10,000 jobs. Finally, Hunter and Crawford
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(1991) and Gallaway et al. (2010) estimate that ine cient lighting wastes about 30% of electricity

produced, quantifying this waste at $1 million and $7 million, respectively.

Inequality of exposure to light pollution. Other articles examine disparities in exposure to
light pollution. Nadybal et al. (2020) use satellite imagery and show that racial and ethnic mi-
norities (Asian, Hispanic, and Black populations) are twice as exposed to light pollution as White
populations in the United States. Chen et al. (2022) go further by incorporating people's locations

from mobile-phone data and show that younger individuals are more exposed to light pollution.

Socioeconomic determinants of light pollution. There is also a strand of works that seeks

to identify the determinants of light pollution by correlating economic or social variables with
measured radiance levels. These studies nd that light pollution is strongly correlated with popu-
lation (Gallaway et al. 2013), urban density, especially residential and industrial areas (e.g. Hale
etal. 2013, or Boslett et al. 2021, who nd that shale oil and gas signi cantly increased light pol-
lution in rural areas in the United States), and roads and transport hubs (Leng et al. 2019; Olsen
et al. 2014). Because of these strong correlations, light pollution has often been used, particu-
larly in development economics, as a proxy for certain economic variables like GDP (e.g. Gibson
et al. 2021). Building on this literature, Ngarambe et al. (2018) test whether the Environmental
Kuznets Curve (EKC) applies to light pollution, and unlike other environmental issues, they do

not nd an inverted-U relationship between light pollution and economic development.

2.1.2 Light pollution reduction in other social sciences

Discourse analyses on light pollution. How light pollution became an environmental issue,
and how that issue has di used across scales (local, national, global), has also been a topic of
research (Challéat and Lapostolle 2014). Originally, light pollution was mainly a concern for
astronomers and ecologists, but over time lighting professionals also got interested in the issue
(Schulte-Romer et al. 2019). Studies on this topic analyze the discourse of di erent stakehold-
ers (researchers, technicians, the general public, lighting professionals, policymakers, etc.) to

distinguish how each group frames the problem (Challéat and Lapostolle 2014; Schulte-Rémer
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et al. 2019; Perez Vega et al. 2022).

Perceptions of lighting, public awareness, and acceptability of mitigation measures. Sev-

eral studies show that managing light pollution is hampered by a lack of awareness among the
public and decision-makers about its harmful impacts, and in some cases by unfamiliarity with
the very concept of light pollution (Coogan et al. 2020; Dunn 2020; Kim et al. 2015; Lyytimaki
2013). Populations appear particularly under-informed in developing countries (Ozyiirek and Ay-
din 2015; Shari etal. 2016; Kaushik et al. 2022; Grijalva Salazar et al. 2020). Lyytimaki (2013)
highlights the notion of "ecological amnesia” (shifting baseline syndrome), arising from people's
habituation to nocturnal environments that are constantly lit and light-polluted, which leads to
underestimating the ecosystem services provided by a preserved night environment. Guenat and
Bauer (2025) also shows that people living in areas with high-sky brightness are more likely to
feel unsafe without light and less likely to recognise arti cial lighting at night as a pollutant.

Some studies emphasize the importance of the experience of darkness, the positive e ect of
star visibility on well-being, and how arti cial lighting a ects the experience of the night (Lam
2020; Ben eld et al. 2018; Ferreira and Paraizo 2022; Challéat 2019). Raising awareness among
the public and policymakers thus seems essential, particularly to recognize light pollution as a
nuisance (Lyytimaki and Rinne 2013; Jiao et al. 2021; Carlsen and Bruggemann 2020; Guenat
and Bauer 2025). Because awareness can shift social norms, it may help mobilize individuals
to combat light pollution. Civic engagement in this context has been examined in several papers
(Zielicska-Dabkowska et al. 2020; McDonald et al. 2014; Kamrowski et al. 2015). For exam-
ple, McDonald et al. (2014) study public attitudes toward a 2008 Australian campaign targeting
residential lighting that a ects sea turtles.

Other authors investigate the social acceptability of reducing light pollution (Lyytiméaki and
Rinne 2013; Franchomme et al. 2019). A major barrier is the perceived insecurity associated
with dimming or switching o lights. The relationship between lighting, feelings of safety, and
overall wellbeing is for example studied by Pefia-Garcia et al. (2015), by Narendran et al. (2016)
or Messa et al. (2025), who nd that brighter lighting increases perceived safety. Some studies,

such as Guenat et al. (2025), also analyze people's preferences regarding light color. They nd
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that participants prefer warmer color temperatures, but highlight a mismatch between preferences
and hormonal responses: exposure to bluer light is associated with a greater decrease in cortisol

the hormone linked to stress than exposure to warmer light.

Light-pollution reduction and safety. Historically, research on the relationship between light-
ing and crime has focused more on policies to "improve lighting" than on policies to reduce or
switch o lighting. There are relatively few studies on the links between crime and reduced light-
ing or switch-o s. Overall, the literature nds mixed results (e.g. Perkins et al. 2015; Chal n et
al. 2022; Tompson et al. 2023), showing that the link between crime and lighting level is unclear
and remains to be explored.

Regarding road safety, a majority of papers nd that better public-lighting conditions signi -
cantly reduce the number and/or severity of tra c accidents (Kulmala 1994; Elvik 1995; Bruneau
et al. 2001; Wanvik 2009; Johansson et al. 2009; Yannis et al. 2013). However, recent articles
found no link between lighting changes and road accidents, such as Steinbach et al. (2015). More
recently, Marchant and Norman (2022) also found that improved lighting with white lamps had

no impact on road safety.

Regulatory and planning strategies to reduce light pollution. A number of papers detail ex-
isting light-pollution regulations and o er recommendations for improvement (Cha et al. 2014;
Schroer et al. 2020; Guanglei et al. 2019; Barentine 2020; Ccuro et al. 2024; Bebronne et al. 2024;
Menkenov 2025; Pothukuchi 2025). For instance, Barentine (2020) criticizes the limits of exist-
ing light pollution regulations and proposes reframing nighttime darkness as a natural resource
protected under Rights of Nature law3 he literature also debates the best approach: a top-down
model that sets regulatory thresholds for light pollution (Bara et al. 2021; Falchi and Bara 2020)
versus a bottom-up model that acts more locally, i.e. at individual light points or by encouraging
households to change behaviors (Lyytiméki 2015).

In terms of spatial planning, there is substantial literature in France advocating for the in-

7. Rights of Nature laws are a legal and jurisprudential theory that recognizes natural entities as rights-bearing
subjects, granting them legal standing to be protected and restored, rather than being treated solely as property or
resources.

15



troduction of a "dark ecological corridor”, as mentioned in section 1.3. Finally, some studies
underline the fact that light pollution remains absent from the agenda of international institutions,
in particular from the targets of the 2030 Sustainable Development Goals (SDGs), and show how
the current SDGs can both help and hinder e orts to curb light pollution (Zielinska-Dabkowska
and Bobkowska 2022; Lyytimaki 2025).

2.2 A gap that undermines e ective policies

The previous section shows that light pollution is starting to attract attention in the scienti c liter-
ature in economics and, more broadly, in social sciences. However, it remains largely unexplored
compared to disciplines such as life sciences. The same can be observed regarding spatial plan-
ning, at least in France, where the dominant approach is to take into account only ecological
needs, through the identi cation of ecological corridors, as evidenced by the widespread use of
the "dark ecological corridor" approach (Sordello et al. 2021; Sordello et al. 2022). This is of
course crucial to design e cient policies, but human needs related to lighting or darkness, are
still largely overlooked. Yet this neglect still represents a major obstacle to the implementation
of public policies to reduce light pollution at the municipal level. As demonstrated in section
1.1, since its origin, arti cial lighting has been linked to the possibility of nightlife. This is not
only important for residents, but also for cities seeking to attract younger, more a uent popula-
tions (Bovet-Pavy 2018). Arti cial light can also contribute to a feeling of safety among residents
(Pefa-Garcia et al. 2015; Narendran et al. 2016; Messa et al. 2025). For mayors, these residents
are also voters, and fears of public opposition can deter them from implementing policies to miti-
gate light pollution, such as switching o public lighting. At the same time, many residents value
the night for its bene ts to well-being and for the experience of natural darkness, landscapes,
and starry skies (Lam 2020; Ben eld et al. 2018; Ferreira and Paraizo 2022; Challéat 2019), and
could support these policies.

In general, support of citizens and stakeholders is necessary to make environmental policies
e cient (Convery etal. 2007; Klenert etal. 2018; Carattini etal. 2019; Germeshausen et al. 2025).

Light-pollution mitigation policies are no exception. To e ectively reduce light pollution, human
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needs must be placed at the center of policy design. Social sciences therefore have much to

contribute to spatial planning regarding lighting policies.

3 Contributions of this dissertation

This dissertation examines the socio-economic consequences and the social acceptability of poli-
cies that mitigate light pollution, and consists of ve chapters that seek to provide new insights
for integrating the societal dimension into decision-making on public lighting. | focus on policies
that target public lighting, rather than private lighting, and that can be implemented at the munic-
ipal level. While private lighting is already regulated at the national level in France, for example
through decrees that restrict lighting hours for commercial building or advertising, there are few
regulations governing public lighting. In France, this leaves mayors with considerable room for
maneuver.

The ve chapters focus on France: the rst three examine the Montpellier metropolitan area
in particular, and the last two cover the entire mainland territory. The choice to focus on France is
led by two reasons. First, France is recognized in Europe as a "model student" in light-pollution
regulation (Widmer et al. 2022). Its regulatory framework is already well developed, and nu-
merous initiatives have been implemented to limit light pollution, such as the guide trame noire.
It is also a country where switching o public lighting is relatively common compared to other
countries, initially in rural areas (Lapostolle and and 2021), and more recently in urban areas,
especially from late 2022 in response to the surge in energy prices following the war in Ukraine
(see Chapter 4). This context is particularly interesting because it provides a natural experiment
for assessing the social consequences of this policy, as explored in Chapter 5. Second, | focused
on France, and more speci cally on the Montpellier metropolitan area, because the local political
context was particularly interesting, as the city had requested scienti ¢ support for the develop-
ment of its lighting plan (Plan Lumiére de la Métropole de Montpellier 2023). This dissertation
project thus originated from an internship carried out in 2021 at INRAE in Montpellier, funded
by the French O ce for Biodiversity (OFB) and the Montpellier metropolitan area, which aimed

to map the dark ecological corridor and to understand citizens' preferences regarding change in
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public lighting. | then collaborated with the Occitanie region through the 'POLLUM' project

(Potin et al. 2024), which allowed me to further explore this topic. Chapters 1, 2, and 3 of this

dissertation are the outcome of these two collaborations. The motivation for the following two

chapters arose from stakeholders' reactions and questions to the ndings of the rst three papers,

in particular regarding the impact of public lighting switch-o s on safety, and the need to provide

a scienti c response. In the remainder of this section, | detail the contributions of each chapter.

Figure 4 provides an outline of the structure and content of the dissertation.

CHAPTER 1
Citizen’s preferences for public
lighting

Discrete choice
experiment

CHAPTER 3
Decision-making tool

Remote sensing,
Species distribution modelling,

- Bivariate maps

CHAPTER 4
Detection of public lighting
switch-offs

Break detection

algorithm &

random forest

CHAPTER 2
Mapping preferences at a small
spatial scale

Theoretical and v
empirical comparisons
of two methods

CHAPTER 5
Impact of switch-offs on
crime

Staggered
difference-in-
differences

Figure 4: Structure and content of the dissertation
Note. The outline shows the research questions (in regular font) and the methods (in italics).

Chapter 1: Are citizens willing to accept changes in public lighting for bio-

diversity conservation?

Chapter 1 investigates the preferences of citizens in Montpellier metropolitan area to accept tran-

sition to more sustainable lighting regimes. Few studies have examined this issue, and those that

exist are primarily qualitative. Yet this information is essential for mayors seeking to implement

such policies. This study is the rstto use a non-market valuation method to quantitatively (mon-
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etarily) assess the social acceptability of changes to public lighting. More particularly, we use
a discrete choice experiment (DCE), a method which enables to elicit respondent's preferences
for di erent characteristics of a good or service (in our case, public lighting), based on repeated
ctional choices. The respondents of the Montpellier metropolitan area (MMA) were asked to
choose between several options of modi cation in public lighting, which is de ned by its at-
tributes (i.e. its characteristics). The options are presented on "choice sets", and several choice
sets are presented to respondents.

We include four attributes (and their levels) in our DCE: light intensity reduction (no reduc-
tion/75% reduction), lighting switch-o (no switch-o /1 a.m. to 5 a.m./11 p.m. to 6 a.m.), light
color (white/orange) and the monetary attribute, that takes the form of a variation in a local tax
(e-30/e-10/e O/e 10/e 30). The choice sets are composed of three alternatives: two alterna-
tives with di erent variations of the attributes' levels, and one alternative that is the status quo,
i.e. a reference situation with no lighting changes: no reduction in light intensity, no lighting
switch-o , white color and no variation in the resident tax. Nine choice sets were presented to
the respondents.

We collected 1,148 answers in the MMA, and applied a latent class model to analyse our data.
This model enables us to identify two groups of preferences, which are homogeneous within each
group but heterogeneous across groups. Respondents in the rst group are in favor of all the
proposed changes, whereas those in the second group are more skeptical, particularly regarding
switch-o s between 11 p.m. and 6 a.m. The majority of respondents (80%) fall into the pro-
change group. Incorporating socioeconomic variables into the model allows us to identify which
characteristics are correlated with the probability of belonging to one group or the other. We nd

that people living in denser areas are less likely to support the proposed changes.

Chapter 2: Mapping preferences derived from a choice experiment. a com-

parison of two methods.

While the results of Chapter 1 provide an initial indication of public-lighting preferences in the

MMA, their scope remains limited. Indeed, the ndings re ect average preferences across the
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whole metropolitan area. But in this case, spatial heterogeneity of preferences is likely to be very
strong, which reduces the relevance of aggregated results to guide precisely policy making. We
would like instead to have an indication of the preferences at a smaller spatial scale, here at the
infra-communal level. In this case, an ideal solution would be to model the choices directly at the
location of interest, using survey's answers of respondents living in that location. But collecting
data is costly, and the number of respondents per location is often quite low and not representative
of the population within that spatial unit. Therefore, we need to nd a solution to extrapolate the
preferences to the spatial units of interest.

In this chapter, we compare two methods which aim at mapping the results of a discrete choice
experiment at a small spatial scale: the one-step and the two-step methods. Both methods are used
in the literature to elicit the in uence of socio-demographic variables on the preferences, but the
last mapping step is rarely present. We compare them rst using Monte Carlo simulations with
a simple data generating process, in order to discuss and compare the two approaches theoreti-
cally, and draw theoretical conclusions about how the two models behave. We then apply the two
methods on our case study on light pollution mitigation policies in the MMA, more particularly
on switch-o policies. Therefore, this article is not only empirically relevant to our case study
but also contributes to the theoretical literature on discrete choice experiments.

Both the theoretical and empirical comparisons show that the two-step method struggles to
capture the spatial heterogeneity of preferences, making it di cult to draw conclusions about the
spatial priorities of public action. We therefore recommend favoring the one-step method over

the two-step method whenever possible.

Chapter 3: Planning sustainable urban lighting for biodiversity and society

Chapter 3 develops a decision-support tool for lighting policies in the MMA that integrates both
ecological and societal needs. To this end, we build two spatial indicators: an ecological indicator
and a social indicator.

The ecological indicator is built in three steps. First, we use very high resolution satellite

imagery to create an indicator that characterizes the level of light pollution in the MMA. Second,

20



we predict landscape connectivity with and without light pollution (using the above-mentioned
light pollution indicator) for six di erent species groups, in collaboration with local experts who
provide species inventories and land-cover metrics. Third, we build an "overall ecological indi-
cator" based on (i) ecological value in the absence of light pollution, (ii) potential connectivity
loss due to light pollution, and (iii) the number of a ected species groups.

The social indicator corresponds to the social acceptability index derived from the one-step
method presented in Chapter 2.

We combine these two indicators using bivariate maps. These maps show that mitigation
measures can be implemented immediately in areas where social acceptability is high and eco-
logical stakes are signi cant (win win situations). In other contexts, trade-o s must be found.
The results are integrated into a web application designed to provide decision-makers with an
accessible tool.

Still few policy approaches take citizen preferences into account, even though social oppo-
sition may appear. Our ndings demonstrate that, when combining both ecological and social
indicators at a small spatial scale, it becomes possible to align biodiversity conservation with

public preferences.

Chapter 4: Identifying public lighting switch-o s from space: A breakpoint
detection approach using VIIRS DNB data

Among the measures that municipalities can implement to mitigate light pollution, the one that
is causing the most discussion is public lighting switch-o. Indeed, this is a highly sensitive
and political topic as there is still limited empirical evidence about the potential impacts of this
policies on many outcomes like safety, energy and money savings, environment, etc. Rigorous
evaluation of these policies is therefore essential.

Evaluating these policies requires detailed data on which municipalities switched o public
lighting and when. However, there is currently no database in France detailing this information.
This chapter lIs this gap by providing a database on information about public lighting switch-o

in French municipalities over 1,500 inhabitants, between 2012 and 2023.
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To identify switch-o , we apply a break detection algorithm on municipal radiance time-series
that comes from nighttime satellite imagery. We then use a random forest algorithm to classify
the breaks, to distinguish true lighting switch-o s from other radiance changes (e.g. renovation,
dimming), and obtain a classi cation accuracy of 88.6%.

Our method yields a national-scale dataset that can support subsequent public policy evalua-
tions. We nd that 64.4% of French municipalities with over 1,500 residents implemented public
lighting switch-o s between January 2012 and December 2023, 53.5% of which after July 2022,
following the energy crisis. We then analyze the sociodemographic and geographic character-
istics of municipalities that adopted switch-o s and nd that less populated municipalities with
left-wing governments and that are close to dark sky reserves are more likely to switch-o public

lighting.

Chapter 5: The Dark Night rises: the impact of switch-o policies on crime

The main reservations regarding public lighting switch-o relate to concerns about public safety,
as many people report that lighting contributes to their feeling of safety. Yet the empirical evi-
dence on this issue is limited and inconclusive. This article therefore seeks to evaluate the impact
of switching o street lighting in France on crime, providing the rst nationwide empirical evi-
dence on the subject and contributing scienti cally to the ongoing debate.

To do this, | take advantage of the natural experience of many municipalities that have recently
switched o public lighting in France. Using the database constructed in Chapter 4, and munic-
ipal yearly data produced by the French Home O ce, | use a staggered di erence-in-di erence
strategy on multiple crime outcomes, namely burglaries, wilful degradation and destruction, sex-
ual violence, intentional assault and battery, non violent theft on individuals, violent theft with
weapon, violent theft without weapon, theft of vehicle accessories, theft of vehicles, theft from
vehicles, drug use and drug tra cking. | use Callaway and SantAnna (2021)'s estimator, which
is robust to treatment e ect heterogeneity across groups under staggered treatment setting.

| nd that public lighting switch-o has no impact on the types of crime under study, except

for burglaries, where | observe a slight increase, mainly driven by high-density municipalities.
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These results suggest that concerns about an actual rise in insecurity are largely unfounded,
and that policy e orts should instead focus on addressing feeling of insecurity. The case of bur-
glaries in high-density cities remains a concern, and should be analyzed further. However, as
these areas generally host limited biodiversity, the need for light-pollution mitigation policies is

less pressing there.

This dissertation is in essence applied. The questions it raises and answers stem from real con-
cerns and needs of stakeholders - mayors and local elected o cials, energy syndicates, regional
nature parks (parcs naturels régionaux), French international dark sky reserves, etc. Some chap-
ters were co-developed with stakeholders to better account for their needs. For example, in Chap-
ter 1, the selection of DCE attributes was made in collaboration with the Montpellier metropoli-
tan area, while in Chapter 3, the idea for a synthetic indicator arose from meetings with people
in charge of public lighting in Montpellier, who sought a simple tool to support straightforward

decision-making.

4 Publications and conference presentations

Publications
Chapter 1: Beaudet, C., Tardieu, L., & David, M. (2022). Are citizens willing to accept
changes in public lighting for biodiversity conservation? Ecological Economics, 200, 107527.
Chapter 3: Tardieu, L., Beaudet, C., Potin, S., Chaurand, J., Mariton, L., Delbar, V., & David,
M. (2025). Planning sustainable urban lighting for biodiversity and society. Nature Cities, 2(6),
518-531.

Working papers

Chapter 2: Beaudet, C., Tardieu, L., Crastes dit Sourd R. & David, M. Mapping preferences
derived from a choice experiment: a comparison of two methods.

Chapter 4: Beaudet, C., Castets, S. & Kyba, C. Identifying public lighting switch-o s from
space: A breakpoint detection approach using VIIRS DNB data.
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Chapter 5: Beaudet, C. The Dark Night rises: the impact of switch-o policies on crime.

Conference presentations and seminars

2025: EAERE Winter School on Biodiversity Economics (Annecy, France), BETA exter-
nal seminar (Nancy, France), PSAE PhD seminar (Palaiseau, France), DCE colloquium (Leipzig,
Germany), iDiv external seminar (Leipzig, Germany), Berlin School of Economics and Law sem-
inar (Berlin, Germany), Institute for Ecological Economy Research seminar (Berlin, Germany),
AFSE conference (Gif-sur-Yvette).

2024: PSAE internal seminar (Palaiseau, France), AES conference (Edinburgh, UK), Work-
shop on non-market valuation (Leeds, UK), ValuGaps Summer School "Economic Valuation of
Natural Capital: From Theory to Practice" (Vilm, Germany), EAERE conference (Leuven, Bel-
gium), FAERE conference (Strasbourg, France).

2023: EAAE Congress (Rennes, France), FAERE conference (Montpellier, France), Work-
shop on Spatial Econometrics and Statistics (Dijon, France), CIRED International Summer School
(Nogent-sur-Marne, France), "Economy, Health and Environment: Risks and Uncertainties" work-
shop (Palaiseau, France), Salon de I'Agriculture (Paris, France), Université Paris-Saclay PhD Day
(Evry, France), UMR TETIS PhD Day (Montpellier, France).

2022: FAERE's PhD Workshop (Bourget-du-Lac, France), PSAE Kick-o seminar (Palaiseau,

France).

24



References

Aulsebrook, A. E., F. Connelly, R. D. Johnsson, T. M. Jones, R. A. Mulder, M. L. Hall, A. L.
Vyssotski, and J. A. Lesku. 2020. White and amber light at night disrupt sleep physiology
in birds. Current Biology 30 (18): 3657 3663. (Cited on page 6).

Bard, S., F. Falchi, R. C. Lima, and M. Pawley. 2021. Keeping light pollution at bay: A red-lines,
target values, top-down approach. Environmental Challenges 5:100212. (Cited on page 15).

Barentine, J. C. 2020. Who speaks for the night? The regulation of light pollution in the "Rights of
Nature'legal framework. International Journal of Sustainable Lighting 22 (2): 28 36. (Cited

on page 15).

Bebronne, E., S. Heng, and S. Limbourg. 2024. Towards sustainable nocturnal environment man-
agement: a social-ecological-technical system analysis in Wallonia (Belgium). Discover En-
vironment 2 (1): 98. (Cited on page 15).

Bedrosian, T. A, L. K. Fonken, J. C. Walton, and R. J. Nelson. 2011. Chronic exposure to dim
light at night suppresses immune responses in Siberian hamsters. Biology letters 7 (3): 468

471. (Cited on page 6).

Beneld, J. A., R. J. Nutt, B. D. Ta, Z. D. Miller, H. Costigan, and P. Newman. 2018. A lab-
oratory study of the psychological impact of light pollution in national parks. Journal of

Environmental Psychology 57:67 72. (Cited on pages 14, 16).

Bennie, J. J., J. P. Duy, R. Inger, and K. J. Gaston. 2014. Biogeography of time partitioning in
mammals. Proceedings of the National Academy of Sciences 111 (38): 13727 13732. (Cited
on pages 5, 6).

Boslett, A., E. Hill, L. Ma, and L. Zhang. 2021. Rural light pollution from shale gas development
and associated sleep and subjective well-being. Resource and energy economics 64:101220.

(Cited on page 13).

Bovet-Pavy, A. 2018. Lumiéres sur la ville: Une histoire de I'éclairage urbain. 240. Beaux livres;

publié le 11 octobre 2018. Paris: Editions Les Pérégrines. (Cited on pages 2, 3, 16).

25



Browning, E., K. E. Barlow, F. Burns, C. Hawkins, and K. Boughey. 2021. Drivers of European
bat population change: a review reveals evidence gaps. Mammal Review 51 (3): 353 368.

(Cited on page 7).

Bruneau, J.-F., D. Morin, and M. Pouliot. 2001. Safety of motorway lighting. Transportation
research record 1758 (1): 1 5. (Cited on page 15).

Bumgarner, J. R., and R. J. Nelson. 2021. Light at night and disrupted circadian rhythms alter
physiology and behavior. Integrative and Comparative Biology 61 (3): 1160 1169. (Cited
on page 6).

Cabantous, A. 2009. Histoire de la nuit: XVIle-XVllle siecle. Editions Fayard. (Cited on pages 1,
2).

Callaway, B., and P. H. SantAnna. 2021. Di erence-in-di erences with multiple time periods.

Journal of econometrics 225 (2): 200 230. (Cited on page 22).

Camacho, L. F., G. Barragan, and S. Espinosa. 2021. Local ecological knowledge reveals com-
bined landscape e ects of light pollution, habitat loss, and fragmentation on insect popula-

tions. Biological Conservation 262:109311. (Cited on page 6).

Carattini, S., S. Kallbekken, and A. Orlov. 2019. How to win public support for a global carbon
tax. Nature 565 (7739): 289 291. (Cited on page 16).

Carlsen, L., and R. Bruggemann. 2020. Environmental perception in 33 European countries: an
analysis based on partial order. Environment, Development & Sustainability 22 (3). (Cited

on page 14).

Ccuro, F. E. M., E. Benites-Alfaro, Y. V. Criado-Davila, R. J. M. Sandoval-Bocanegra, and F. G. A.
Vizcarra. 2024. Impact of Light Pollution on Human Rights and Biodiversity. Academic

Journal of Interdisciplinary Studies 13. (Cited on page 15).

Cerema. 2018. Comprendre l'arrété ministériel du 27 décembre 2018 relatif aux nuisances lu-

mineuses. Fiche d'information gouvernementale. (Cited on page 8).

26



. 2023. L'éclairage public : un poste-clé pour réduire les consommations d'énergie. https:

/Iwww.cerema.fr/fr/actualites/eclairage - public- poste - cle - reduire - consommations-

energie. Accessed: 2025-09-19. (Cited on page 8).

.2025. Les chi res de I'éclairage public : le Cerema contribue a I'enquéte de I'Association

Francaise de I'Eclairage. https://www.cerema.fr/fr/actualites/chiffres-eclairage-public-

cerema-contribue-enquete. Accessed September 19, 2025. (Cited on pages 3, 7, 8).

Cha, J., J. Lee, W. Lee, J. Jung, K. Lee, J. Han, and J. Gu. 2014. Policy and status of light pollution
management in Korea. Lighting research & technology 46 (1): 78 88. (Cited on page 15).

Chal n, A., J. Kaplan, and M. LaForest. 2022. Street light outages, public safety and crime at-
traction. Journal of Quantitative Criminology 38 (4): 891 919. (Cited on page 15).

Challéat, S. 2011. La nuit, une nouvelle question pour la géographie. Bulletin de 'Association de

géographes francais 88 (2): 183 196. (Cited on page 12).

. 2019. Sauver la nuit. Premier Parallele. (Cited on pages 14, 16).

Challéat, S., and D. Lapostolle. 2014. Reconciling urban lighting and the nocturnal environment:
the issues of a sociotechnical controversy. Natures Sciences Sociétés 22 (4): 317 328. (Cited

on page 13).

Chen, Z., P. Li, Y. Jin, Y. Jin, J. Chen, W. Li, X. Song, R. Shibasaki, M. Chen, D. Yan, et al. 2022.
Using mobile phone big data to identify inequity of arti cial light at night exposure: a case

study in Tokyo. Cities 128:103803. (Cited on page 13).

Claustrat, B., J. Brun, and G. Chazot. 2005. The basic physiology and pathophysiology of mela-
tonin. Sleep medicine reviews 9 (1): 11 24. (Cited on page 7).

Convery, F., S. McDonnell, and S. Ferreira. 2007. The most popular tax in Europe? Lessons from
the Irish plastic bags levy. Environmental and resource economics 38 (1): 1 11. (Cited on

page 16).

27


https://www.cerema.fr/fr/actualites/eclairage-public-poste-cle-reduire-consommations-energie
https://www.cerema.fr/fr/actualites/eclairage-public-poste-cle-reduire-consommations-energie
https://www.cerema.fr/fr/actualites/eclairage-public-poste-cle-reduire-consommations-energie
https://www.cerema.fr/fr/actualites/chiffres-eclairage-public-cerema-contribue-enquete
https://www.cerema.fr/fr/actualites/chiffres-eclairage-public-cerema-contribue-enquete

Coogan, A. N., M. Cleary-Ga ney, M. Finnegan, G. McMillan, A. Gonzéalez, and B. Espey. 2020.
Perceptions of light pollution and its impacts: results of an Irish citizen science survey. In-
ternational journal of environmental research and public health 17 (15): 5628. (Cited on

page 14).

Cour des comptes. 2021. La nécessaire optimisation de la gestion des éclairages publics : I'exemple
de communes d'Auvergne-Rhone-Alpes. Rapport Tome Il. Accessed: 2025-09-19. Cour des

comptes. (Cited on pages 7, 8).

Dumont, M., and C. Beaulieu. 2007. Light exposure in the natural environment: relevance to

mood and sleep disorders. Sleep medicine 8 (6): 557 565. (Cited on page 7).

Dunn, N. 2020. Dark design: A new framework for advocacy and creativity for the nocturnal

commons. The International Journal of Design in Society 14 (4): 19. (Cited on page 14).

Elvik, R. 1995. Meta-analysis of evaluations of public lighting as accident countermeasure. Trans-

portation research record 1485 (1): 12 24. (Cited on page 15).

Falchi, F., and S. Bara. 2020. A linear systems approach to protect the night sky: implications
for current and future regulations. Royal Society open science 7 (12): 201501. (Cited on

page 15).

Falchi, F., P. Cinzano, D. Duriscoe, C. C. Kyba, C. D. Elvidge, K. Baugh, B. A. Portnov, N. A.
Rybnikova, and R. Furgoni. 2016. The new world atlas of arti cial night sky brightness.
Science advances 2 (6): e1600377. (Cited on page 4).

Falchi, F., F. Ramos, S. Bard, P. Sanhueza, M. Jaque Arancibia, G. Damke, and P. Cinzano. 2023.
Light pollution indicators for all the major astronomical observatories. Monthly Notices of

the Royal Astronomical Society 519 (1): 26 33. (Cited on page 5).

Ferreira, T. d. A., and R. C. Paraizo. 2022. Re-thinking public spaces at night through the plurality
of nocturnal experience: A case study of Liberdade Square, Brazil. Journal of Urban Design
27 (2): 225 244. (Cited on pages 14, 16).

28



Foster, J. J., J. Smolka, D.-E. Nilsson, and M. Dacke. 2018. How animals follow the stars. Pro-

ceedings of the Royal Society B: Biological Sciences 285 (1871): 20172322. (Cited on page 6).

Franchomme, M., C. Hinnewinkel, and S. Challéat. 2019. La trame noire, un indicateur de la
place de la nature dans I'aménagement du territoire. Pratiques et motivations des communes
de la Métropole européenne de Lille. Bulletin de I'association de géographes francais. Géo-
graphies 96 (96-2): 161 180. (Cited on page 14).

Gallaway, T., R. Olsen, and D. Mitchell. 2010. The economics of global light pollution. Ecological
economics 69 (3): 658 665. (Cited on page 13).

. 2013. Blinded by the Light: Economic Analysis of Severe Light Pollution. Journal of
Economics (0361-6576) 39 (1). (Cited on page 13).

Garcia-Saenz, A., A. Sanchez de Miguel, A. Espinosa, A. Valentin, N. Aragonés, J. Llorca, P.
Amiano, V. Martin Sdnchez, M. Guevara, R. Capelo, et al. 2018. Evaluating the association
between arti cial light-at-night exposure and breast and prostate cancer risk in Spain (MCC-

Spain study). Environmental health perspectives 126 (4): 047011. (Cited on page 7).

Gaston, K. J., T. W. Davies, S. L. Nedelec, and L. A. Holt. 2017. Impacts of arti cial light at night
on biological timings. Annual Review of Ecology, Evolution, and Systematics 48 (1): 49 68.

(Cited on page 5).

Gaston, K. J., S. Gaston, J. Bennie, and J. Hopkins. 2015. Bene ts and costs of arti cial nighttime

lighting of the environment. Environmental Reviews 23 (1): 14 23. (Cited on page 4).

Germeshausen, R., S. Heim, and U. J. Wagner. 2025. Support for renewable energy: The case of

wind power. Journal of Public Economics 250:105468. (Cited on page 16).

Giavi, S., C. Fontaine, and E. Knop. 2021. Impact of arti cial light at night on diurnal plant-

pollinator interactions. Nature communications 12 (1): 1690. (Cited on page 6).

Gibson, J., S. Olivia, G. Boe-Gibson, and C. Li. 2021. Which night lights data should we use in

economics, and where? Journal of Development Economics 149:102602. (Cited on page 13).

29



Grijalva Salazar, R. V., V. H. Fernandez Bedoya, A. T. Esteves Pairazaman, and W. G. Ibarra
Fretell. 2020. Light pollution, have you heard about it? Measuring knowledge about light

pollution in Lima, Peru, (cited on page 14).

Guanglei, W., J. Ngarambe, and G. Kim. 2019. A comparative study on current outdoor lighting
policies in China and Korea: A step toward a sustainable nighttime environment. Sustain-
ability 11 (14): 3989. (Cited on page 15).

Guenat, S., and N. Bauer. 2025. Living in regions of high anthropogenic night sky brightness
(skyglow) decreases the recognition of light as a pollutant. Landscape and Urban Planning
263:105446. (Cited on page 14).

Guenat, S., J. Haller, and N. Bauer. 2025. Randomised trial reveals a mismatch between prefer-
ences for and hormonal responses to anthropogenic light colour temperatures. PLoS One 20
(8): e0327843. (Cited on page 14).

Guo, X., L. Zheng, J. Wang, X. Zhang, X. Zhang, J. Li, and Y. Sun. 2013. Epidemiological evi-
dence for the link between sleep duration and high blood pressure: a systematic review and

meta-analysis. Sleep medicine 14 (4): 324 332. (Cited on page 7).

Haddock, J. K., C. G. Threlfall, B. Law, and D. F. Hochuli. 2019. Light pollution at the urban
forest edge negatively impacts insectivorous bats. Biological conservation 236:17 28. (Cited

on page 6).

Hale, J. D., G. Davies, A. J. Fairbrass, T. J. Matthews, C. D. Rogers, and J. P. Sadler. 2013.
Mapping lightscapes: spatial patterning of arti cial lighting in an urban landscape. PloS one
8 (5): €61460. (Cited on page 13).

Hasselt, S. J. van, R. A. Hut, G. Allocca, A. L. Vyssotski, T. Piersma, N. C. Rattenborg, and P.
Meerlo. 2021. Cloud cover ampli es the sleep-suppressing e ect of arti cial light at night

in geese. Environmental Pollution 273:116444. (Cited on page 6).

Henderson, D. 2010. Valuing the stars: On the economics of light pollution. Environmental Phi-
losophy 7 (1): 17 26. (Cited on page 11).

30



Hunter, T. B., and D. L. Crawford. 1991. Economics of light pollution. In International Astro-

nomical Union Colloquium, 112:89 96. Cambridge University Press. (Cited on page 12).

Ingiosi, A. M., M. R. Opp, and J. M. Krueger. 2013. Sleep and immune function: glial contribu-
tions and consequences of aging. Current opinion in neurobiology 23 (5): 806 811. (Cited

on page 7).

Jiao, Y., C. Li, and Y. Lin. 2021. Can urban environmental problems be accurately identi ed? A

complaint text mining method. Applied Sciences 11 (9): 4087. (Cited on page 14).

Johansson, O., P. O. Wanvik, and R. Elvik. 2009. A new method for assessing the risk of acci-
dent associated with darkness. Accident Analysis & Prevention 41 (4): 809 815. (Cited on
page 15).

Kaida, K., K. Niki, and J. Born. 2015. Role of sleep for encoding of emotional memory. Neuro-

biology of learning and memory 121:72 79. (Cited on page 7).

Kamrowski, R. L., S. G. Sutton, R. C. Tobin, and M. Hamann. 2015. Balancing arti cial light at
night with turtle conservation? Coastal community engagement with light-glow reduction.

Environmental Conservation 42 (2): 171 181. (Cited on page 14).

Kaushik, K., S. Nair, and A. Ahamad. 2022. Studying light pollution as an emerging environmen-

tal concern in India. Journal of Urban Management 11 (3): 392 405. (Cited on page 14).

Khalil, M., N. Power, E. Graham, S. S. Deschénes, and N. Schmitz. 2020. The association between
sleep and diabetes outcomes A systematic review. Diabetes research and clinical practice
161:108035. (Cited on page 7).

Kim, K. H., J. W. Choi, E. Lee, Y. M. Cho, and H. R. Ahn. 2015. A study on the risk perception
of light pollution and the process of social ampli cation of risk in Korea. Environmental
Science and Pollution Research 22 (10): 7612 7621. (Cited on page 14).

Klenert, D., L. Mattauch, E. Combet, O. Edenhofer, C. Hepburn, R. Rafaty, and N. Stern. 2018.
Making carbon pricing work for citizens. Nature Climate Change 8 (8): 669 677. (Cited on
page 16).

31



Kocifaj, M., S. Wallner, and J. C. Barentine. 2023. Measuring and monitoring light pollution:
Current approaches and challenges. Science 380 (6650): 1121 1124. (Cited on page 4).

Kulmala, R. 1994. Measuring the safety e ect of road measures at junctions. Accident Analysis

& Prevention 26 (6): 781 794. (Cited on page 15).

Kyba, C.C., Y. O. Altinta3, C. E. Walker, and M. Newhouse. 2023. Citizen scientists report global
rapid reductions in the visibility of stars from 2011 to 2022. Science 379 (6629): 265 268.
(Cited on page 4).

Kyba, C. C., T. Ruhtz, J. Fischer, and F. Holker. 2011. Cloud coverage acts as an ampli er for
ecological light pollution in urban ecosystems. PloS one 6 (3): e17307. (Cited on page 4).

Laforge, A., J. Pauwels, B. Faure, Y. Bas, C. Kerbiriou, J. Fonder ick, and A. Besnard. 2019. Re-
ducing light pollution improves connectivity for bats in urban landscapes. Landscape Ecol-

ogy 34 (4): 793 809. (Cited on page 6).

Lam, Y.-M. 2020. More than darkness preservation: the importance of the dark, star- lled skies

in urban areas. Nature and culture 15 (3): 296 317. (Cited on pages 14, 16).

Lapostolle, D., and S. C. and. 2021. Making Darkness a Place-Based Resource: How the Fight
against Light Pollution Recon gures Rural Areas in France. Annals of the American Asso-

ciation of Geographers 111 (1): 196 215. (Cited on page 17).

Leng, W., G. He, and W. Jiang. 2019. Investigating the spatiotemporal variability and driving
factors of arti cial lighting in the Beijing-Tianjin-Hebei region using remote sensing imagery
and socioeconomic data. International journal of environmental research and public health

16 (11): 1950. (Cited on page 13).

Liao, J., C. Yu, J. Cai, R. Tian, X. Li, H. Wang, L. Li, G. Song, L. Fu, X. Li, et al. 2024. The
association between arti cial light at night and gestational diabetes mellitus: A prospective

cohort study from China. Science of The Total Environment 919:170849. (Cited on page 7).

Longcore, T., and C. Rich. 2004. Ecological light pollution. Frontiers in Ecology and the Envi-
ronment 2 (4): 191 198. (Cited on page 6).

32



Lyytimaki, J. 2013. Nature's nocturnal services: Light pollution as a non-recognised challenge
for ecosystem services research and management. Ecosystem Services 3:e44 e48. (Cited on

page 14).

. 2015. Avoiding overly bright future: The systems intelligence perspective on the man-

agement of light pollution. Environmental development 16:4 14. (Cited on page 15).

. 2025. Sustainable Development Goals relighted: light pollution management as a novel

lens to SDG achievement. Discover Sustainability 6 (1): 197. (Cited on page 16).

Lyytimaki, J., and J. Rinne. 2013. Voices for the darkness: online survey on public perceptions on
light pollution as an environmental problem. Journal of Integrative Environmental Sciences
10 (2): 127 139. (Cited on page 14).

Macchi, M. M., and J. N. Bruce. 2004. Human pineal physiology and functional signi cance of

melatonin. Frontiers in neuroendocrinology 25 (3-4): 177 195. (Cited on page 7).

Marchant, P. R., and P. D. Norman. 2022. To determine if changing to white light street lamps
improves road safety: A multilevel longitudinal analysis of road tra c collisions during the
relighting of Leeds, a UK city. Applied spatial analysis and policy 15 (4): 1583 1608. (Cited
on page 15).

Marin, C. 2009. Starlight: a common heritage. Proceedings of the International Astronomical

Union 5 (S260): 449 456. (Cited on page 5).

Mariton, L. 2023. Taking light pollution e ects on biodiversity into account in conservation mea-
sures: challenges and prospects. Case study of European bat species. PhD diss., Sorbonne

Université. (Cited on page 6).

Massar, S. A., J. Lim, K. Sasmita, and M. W. Chee. 2019. Sleep deprivation increases the costs of
attentional e ort: Performance, preference and pupil size. Neuropsychologia 123:169 177.

(Cited on page 7).

33



McDonald, R. I., K. S. Fielding, and W. R. Louis. 2014. Con icting social norms and commu-
nity conservation compliance. Journal for Nature Conservation 22 (3): 212 216. (Cited on

page 14).

Meng, L., Y. Zhou, M. O. Roman, E. C. Stokes, Z. Wang, G. R. Asrar, J. Mao, A. D. Richardson,
L. Gu, and Y. Wang. 2022. Arti cial light at night: an underappreciated e ect on phenology
of deciduous woody plants. PNAS nexus 1 (2): pgac046. (Cited on page 6).

Menkenov, A. 2025. Light Pollution of the Night Sky: Legal Protection. Menkenov AV Light
Pollution of the Night Sky: Legal Protection. Theoretical and Applied Law 2:115 125. (Cited
on page 15).

Messa, F., L. Scarponi, L. Abdelfattah, G. Carpentieri, V. Martinelli, T. Stiuso, and A. Gorrini.
2025. Modeling women's perceived level of safety at night in Milan. Journal of Transport
Geography 127:104243. (Cited on pages 14, 16).

Mills, A. M. 2008. Latitudinal gradients of biologically useful semi-darkness. Ecography 31 (5):
578 582. (Cited on page 5).

Ministry for the Ecological Transition. 2021. Pollution lumineuse. https://www.ecologie.gouv.
fr/politiques-publiques/pollution-lumineuse. Online; accessed 06 October 2025. (Cited on

page 8).

. 2024. Cahier d'accompagnement Axe 1 : Eclairage. V. 2.2. Ministry for the Ecological

Transition. (Cited on pages 3, 8).

Mitchell, D., and T. Gallaway. 2019. Dark sky tourism: economic impacts on the Colorado Plateau

Economy, USA. Tourism Review 74 (4): 930 942. (Cited on page 12).

Mitchell, D., T. Gallaway, and R. Olsen. 2017. Estimating the willingness to pay for dark skies.

International Journal of Research in Engineering and Technology, (cited on page 12).

Nadybal, S. M., T. W. Collins, and S. E. Grineski. 2020. Light pollution inequities in the conti-
nental United States: A distributive environmental justice analysis. Environmental research
189:109959. (Cited on page 13).

34


https://www.ecologie.gouv.fr/politiques-publiques/pollution-lumineuse
https://www.ecologie.gouv.fr/politiques-publiques/pollution-lumineuse

Narendran, N., J. Freyssinier, and Y. Zhu. 2016. Energy and user acceptability bene ts of im-
proved illuminance uniformity in parking lot illumination. Lighting Research & Technology
48 (7): 789 809. (Cited on pages 14, 16).

Ngarambe, J., H. S. Lim, and G. Kim. 2018. Light pollution: is there an environmental Kuznets

curve? Sustainable cities and society 42:337 343. (Cited on page 13).

Ohayon, M. M., and C. Milesi. 2016. Arti cial outdoor nighttime lights associate with altered
sleep behavior in the American general population. Sleep 39 (6): 1311 1320. (Cited on

page 7).

Olsen, R. N., T. Gallaway, and D. Mitchell. 2014. Modelling US light pollution. Journal of Envi-
ronmental Planning and Management 57 (6): 883 903. (Cited on page 13).

Owens, A. C., P. Cochard, J. Durrant, B. Farnworth, E. K. Perkin, and B. Seymoure. 2020.
Light pollution is a driver of insect declines. Biological Conservation 241:108259. (Cited

on page 7).

Ozyurek, C., and G. Aydin. 2015. Students' Opinions on the Light Pollution Application. Inter-

national Electronic Journal of Elementary Education 8 (1): 55 68. (Cited on page 14).

Paksarian, D., K. E. Rudolph, E. K. Stapp, G. P. Dunster, J. He, D. Mennitt, S. Hattar, J. A. Casey,
P. James, and K. R. Merikangas. 2020. Association of outdoor arti cial light at night with
mental disorders and sleep patterns among US adolescents. JAMA psychiatry 77 (12): 1266
1275. (Cited on page 7).

Pandi-Perumal, S. R., J. M. Monti, D. Burman, R. Karthikeyan, A. S. BaHammam, D. W. Spence,
G. M. Brown, and M. Narashimhan. 2020. Clarifying the role of sleep in depression: a nar-

rative review. Psychiatry research 291:113239. (Cited on page 7).

Patel, P. C. 2019. Light pollution and insu cient sleep: evidence from the United States. American

journal of human biology 31 (6): €23300. (Cited on page 7).

35



Pefa-Garcia, A., A. Hurtado, and M. C. Aguilar-Luzon. 2015. Impact of public lighting on pedes-
trians' perception of safety and well-being. Safety science 78:142 148. (Cited on pages 14,
16).

Perez Vega, C., K. M. Zielinska-Dabkowska, S. Schroer, A. Jechow, and F. Hoelker. 2022. A sys-
tematic review for establishing relevant environmental parameters for urban lighting: trans-

lating research into practice. Sustainability 14 (3): 1107. (Cited on page 14).

Perkins, C., R. Steinbach, L. Tompson, J. Green, S. Johnson, C. Grundy, P. Wilkinson, and P.
Edwards. 2015. What is the e ect of reduced street lighting on crime and road tra c injuries

at night? A mixed-methods study, (cited on page 15).

Plan Lumiére de la Métropole de Montpellier. 2023. Technical report. Direction de la Communi-

cation. Montpellier, France: Montpellier Méditerranée Métropole. (Cited on page 17).

Pothukuchi, K. 2025. Mitigating urban light pollution: A review of municipal regulations and

implications for planners. Journal of Urban A airs 47 (5): 1663 1690. (Cited on page 15).

Potin, S., J. Chaurand, C. Beaudet, and L. Tardieu. 2024. POLLUM: Création d'un outil d'aide a
la dé nition de la trame noire a partir d'images satellites nocturnes a trés haute résolution.

Technical report. La TeleScop; INRAE. (Cited on pages 9, 18).

Reculin, S. 2017. "Leregne de lanuitdésormais va nir". Linvention et la di usion de I'éclairage
public dans le royaume de France (1697-1789). PhD diss., Université Charles de Gaulle-
Lille 111. (Cited on page 2).

Riegel, K. W. 1973. Light Pollution: Outdoor lighting is a growing threat to astronomy. Science
179 (4080): 1285 1291. (Cited on page 5).

Rodriguez, A., P. M. Orozco-Valor, and J. H. Sarasola. 2021. Arti cial light at night as a driver

of urban colonization by an avian predator. Landscape Ecology 36 (1): 17 27. (Cited on

page 6).

36



RTE. 2023. Bilan électrique 2023 Consommation corrigée. https://analysesetdonnees.rte-
france.com/bilan - electrique - 2023/ consommation# Consommationcorrigee. Accessed:

2025-09-19. (Cited on page 7).

Rydell, J. 1992. The diet of the parti-coloured bat Vespertilio murinus in Sweden. Ecography 15
(2): 195 198. (Cited on page 6).

Schroer, S., B. J. Huggins, C. Azam, and F. Holker. 2020. Working with inadequate tools: leg-
islative shortcomings in protection against ecological e ects of arti cial light at night. Sus-
tainability 12 (6): 2551. (Cited on page 15).

Schulte-Rémer, N., J. Meier, E. Dannemann, and M. Sdding. 2019. Lighting professionals versus
light pollution experts? Investigating views on an emerging environmental concern. Sustain-

ability 11 (6): 1696. (Cited on page 13).

Shari, N., M. Osman, M. Faid, Z. Hamidi, S. Sabri, N. Zainol, M. Ali, and N. Husien. 2016.
‘Creating Awareness on Light Pollution'(CALP) Project: Essential Requirement for School-
University Collaboration. In 2016 International Conference on Industrial Engineering, Man-

agement Science and Application (ICIMSA), 1 4. IEEE. (Cited on page 14).

Simpson, S. N., and B. G. Hanna. 2010. Willingness to pay for a clear night sky: Use of the contin-
gent valuation method. Applied Economics Letters 17 (11): 1095 1103. (Cited on page 12).

Sordello, R., S. Busson, J. H. Cornuau, P. Deverchére, B. Faure, A. Guetté, F. Holker, C. Ker-
biriou, T. Lengagne, I. Le Viol, et al. 2022. A plea for a worldwide development of dark
infrastructure for biodiversity Practical examples and ways to go forward. Landscape and
Urban Planning 219:104332. (Cited on pages 10, 16).

Sordello, R., F. Paquier, and A. Daloz. 2021. Trame noire-Méthodes d'élaboration et outils pour

sa mise en +uvre. O ce frangais de la biodiversité. (Cited on pages 10, 16).

37


https://analysesetdonnees.rte-france.com/bilan-electrique-2023/consommation#Consommationcorrigee
https://analysesetdonnees.rte-france.com/bilan-electrique-2023/consommation#Consommationcorrigee

StHilaire, M. A., M. L. Amundadéttir, S. A. Rahman, S. M. Rajaratnam, M. Riger, G. C. Brainard,
C. A. Czeisler, M. Andersen, J. J. Gooley, and S. W. Lockley. 2022. The spectral sensi-
tivity of human circadian phase resetting and melatonin suppression to light changes dy-
namically with light duration. Proceedings of the National Academy of Sciences 119 (51):
€2205301119. (Cited on page 7).

Steinbach, R., C. Perkins, L. Tompson, S. Johnson, B. Armstrong, J. Green, C. Grundy, P. Wilkin-
son, and P. Edwards. 2015. The e ect of reduced street lighting on road casualties and crime
in England and Wales: controlled interrupted time series analysis. J Epidemiol Community
Health 69 (11): 1118 1124. (Cited on page 15).

Stone, T. 2018. The value of darkness: A moral framework for urban nighttime lighting. Science
and engineering ethics 24 (2): 607 628. (Cited on page 5).

Su, J. 2022. Light Pollution: Economic Valuation Methods and a Market Solution. In 2022
International Conference on Economics, Smart Finance and Contemporary Trade (ESFCT
2022), 1322 1329. Atlantis Press. (Cited on page 11).

Tompson, L., R. Steinbach, S. D. Johnson, C. S. Teh, C. Perkins, P. Edwards, and B. Armstrong.
2023. Absence of street lighting may prevent vehicle crime, but spatial and temporal dis-
placement remains a concern. Journal of Quantitative Criminology 39 (3): 603 623. (Cited

on page 15).

Tsao, J. Y., H. D. Saunders, J. R. Creighton, M. E. Coltrin, and J. A. Simmons. 2010. Solid-state
lighting: an energy-economics perspective. Journal of Physics D: Applied Physics 43 (35):
354001. (Cited on page 3).

Vatistas, C., D. D. Avgoustaki, G. Monedas, and T. Bartzanas. 2024. The e ect of di erent light
wavelengths on the germination of lettuce, cabbage, spinach and arugula seeds in a controlled

environment chamber. Scientia Horticulturae 331:113118. (Cited on page 6).

Vollmer, C., U. Michel, and C. Randler. 2012. Outdoor light at night (LAN) is correlated with

eveningness in adolescents. Chronobiology international 29 (4): 502 508. (Cited on page 7).

38



Wang, T., N. Kaida, and K. Kaida. 2023. E ects of outdoor arti cial light at night on human health

and behavior: a literature review. Environmental Pollution 323:121321. (Cited on page 7).

Wanvik, P. O. 2009. E ects of road lighting: An analysis based on Dutch accident statistics 1987
2006. Accident Analysis & Prevention 41 (1): 123 128. (Cited on page 15).

Weso?owski, M. 2023. The increase in the surface brightness of the night sky and its importance

in visual astronomical observations. Scienti ¢ Reports 13 (1): 17091. (Cited on page 5).

Widmer, K., A. Beloconi, I. Marnane, and P. Vounatsou. 2022. Review and assessment of avail-

able information on light pollution in Europe. Elonet Report-ETC HE 8. (Cited on page 17).

Xiao, Q., G. Gee, R. R. Jones, P. Jia, P. James, and L. Hale. 2020. Cross-sectional association
between outdoor arti cial light at night and sleep duration in middle-to-older aged adults: the
NIH-AARP Diet and Health Study. Environmental research 180:108823. (Cited on page 7).

Xiao, Q., R. R. Jones, P. James, and R. Z. Stolzenberg-Solomon. 2021. Light at night and risk of
pancreatic cancer in the NIH-AARP diet and health study. Cancer research 81 (6): 1616
1622. (Cited on page 7).

Yannis, G., A. Kondyli, and N. Mitzalis. 2013. E ect of lighting on frequency and severity of
road accidents. In Proceedings of the Institution of Civil Engineers-Transport, 166:271
281. 5. Thomas Telford Ltd. (Cited on page 15).

Zhang, B., Y. Wang, X. Liu, Z. Zhai, J. Sun, J. Yang, Y. Li, and C. Wang. 2021. The association
of sleep quality and night sleep duration with coronary heart disease in a large-scale rural

population. Sleep medicine 87:233 240. (Cited on page 7).

Zielinska-Dabkowska, K. M., and K. Bobkowska. 2022. Rethinking sustainable cities at night:
Paradigm shifts in urban design and city lighting. Sustainability 14 (10): 6062. (Cited on
page 16).

Zielixska-Dabkowska, K. M., K. Xavia, and K. Bobkowska. 2020. Assessment of citizens' actions
against light pollution with guidelines for future initiatives. Sustainability 12 (12): 4997.
(Cited on page 14).

39



40



Chapter 1

Are citizens willing to accept changes in public lighting for bio-

diversity conservation?

This chapter is a joint work with Léa Tardieu (INRAE, TETIS) and Maia David (AgroParisTech,
PSAE), published in Ecological Economics (2022).

Abstract. Light pollution has signi cantly increased in recent years, in concert with urban
sprawl. Light pollution consequences for nocturnal wildlife, human health, and energy consump-
tion are numerous but are poorly tackled in urban policies. The regulation and mitigation of light
pollution is possible, but requires an important shift in the lighting paradigm, including in public
lighting often managed by local authorities. One of the main sources of reticence of local author-
ities to regulate light pollution is the potential rejection by citizens of lighting changes. In this
article, we investigate citizens' willingness to accept the transition to more sustainable lighting
regimes. We use a discrete choice experiment in a large French metropolis to measure the rela-
tive weight of di erent characteristics of public lighting - light intensity, lighting switch-o , light
colour - in respondents' decisions. We show that respondents are globally open to public lighting
shifts, but their preferences in terms of the changes are highly heterogeneous. By incorporating
socioeconomic variables of respondents into our econometric models, we characterise the main
pro les of preferences regarding lighting changes. This provides practical information to urban
and environmental planners allowing them to match the municipalities where the need for light

pollution control is a priority with those where measures seem socially acceptable by citizens.

1. This research was funded by the OFB (O ce Francais de la Biodiversité) and the MMM (Montpellier Méditer-
rannée Métropole). We thank all the people with whom we were able to discuss this project, and who shared their
expertise and comments on our work: Jennifer Amsallem, Sarah Potin, Roger Couillet, Marie-Pierre Alexandre,
Magalie Franchomme, Nicolas Cornet, Samuel Busson, Romain Crastes dit Sourd and more broadly the members
of the CRTVB (Centre de ressource trame verte et bleue) and Montpellier Metropolis who followed the project.
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1 Introduction

About 290,000 krf of natural and semi-natural habitats are forecast to be converted to urban
land uses worldwide by 2030 (McDonald et al. 2020). One direct consequence of this massive
urbanization is the important increase in public and private arti cial lighting. In 2016, 83% of the
world's population and 99% of Europeans and Americans lived under a light-pdlskgdFalchi
etal. 2016). Natural areas are not spared by light pollution, either. In Europe and North America,
more than 17% of protected areas have already experienced high levels of light pollution (Gaston
et al. 2015). According to the National Agency for the Protection of the Night Sky and Environ-
ment, a French association ghting against light pollution, the number of streetlights increased by
89% between 1992 and 2012 in France. The consequences of light pollution, still poorly known
by the public and decision-makers (Lyytimaki and Rinne 2013), are numerous and relate to many
areas such as biodiversity, health, astronomic observations and energy consumption.

First, light pollution has many negative impacts on biodiversity (see Hoélker et al. (2021) for
a recent and comprehensive description of the pressing research questions on this topic). For
thousands of years, ora and fauna have adapted to the day/night alternations resulting from the
earth's rotation. This alternation is crucial to the biological rhythm and behaviour of species. For
species that are active during daylight, night is a period of rest. On the contrary, nocturnal species
have developed various adaptations that allow them to be active at night - the bioluminescence of
various insects such as re iesis one example (Sordello et al. 2021). An increasing number of pa-
pers show that exposure to arti cial lights has many adverse e ects on ora and fauna behaviours
(foraging, reproduction, orientation, etc). For example, it disturbs the growth or metamorphosis
of certain species such as amphibians (Dananay and Benard 2018) or molluscs (Gao et al. 2017).
For other species, such as insects, arti cial lighting is an ecological trap because of the power
of attraction of lights, which makes them die of exhaustion (Sordello et al. 2021). In addition, it
damages or even destroys habitats for species that are averse to light (like certain bats), thereby

intensifying the fragmentation of their habitats, as shown by Laforge et al. (2019) in urban areas.

2. Light pollution refers to excessive or obtrusive arti cial light caused by bad lighting design, and includes such
things as glare, sky glow, and light trespass (Gallaway et al. 2010)
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The colour of light also in uences biodiversity. Although little is known about the sensitivity

of various species to di erent wavelengths (Sordello et al. 2021), research has demonstrated that
red, green and blue lights have negative impacts on many species (Sordello 2017). The overall
e ects of lighting on biodiversity vary across ecosystems and landscapes and research on this
point must be pursued (Barré et al. 2022; Holker et al. 2021). In any case, even if less regulated
than other types of pollution, over-lighting is an important driver of biodiversity loss.

In addition to pressures on biodiversity, arti cial lighting has impacts on human societies
(Challéat et al. 2021; Challéat and Lapostolle 2018). First, it can have harmful e ects on human
health (i) when outdoor lighting illuminates the interior of houses (light trespass), disturbing the
sleep of city dwellers (Argys et al. 2020); and (ii) when it emits blue light, which often makes
up LED light, disturbing the production of melatonin and therefore the quality of sleep (Davis
et al. 2001; Navara and Nelson 2007), or damaging the retina of the eye (ANSES 2019). These
e ects, in addition to other urban nuisances (e.g., urban heat islands, air pollution, noise pollu-
tion), have signi cant e ects on the observed rates of obesity, heart disease and cancer (Rajput et
al. 2021; Han and Lee 2021). In addition to health e ects, light pollution harms astronomical ob-
servations by reducing the visibility of galaxies, nebulae or other astronomical objects (Gallaway
et al. 2010).

Finally, lighting wastes energy. In France, the energy consumed by public lighting currently
represents 41% of local authorities' electricity consumption. According to the ADERMEBre
than half of the public lighting equipment is obsolete and overconsuming. In the United States,
30% of the electricity produced for outdoor lighting is wasted as light pollution. It represents
a cost of almost 7 billion dollars a year (Gallaway et al. 2010). Accordingly, the potential for
reducing electricity consumption - and thus £@missions is considerable (Gallaway et al. 2010)
and crucial for meeting commitments for the signatories of the Paris Agreement. One solution
could be new lighting systems, such as LED lighting, showing strong energy-saving bene ts. This

led a large number of French municipalities to adopt this type of lighting (Sordello et al. 2021).

3. ADEME is the French agency for the environment and energy control https:
/lwww.ademe.fr/collectivites-secteur-public/patrimoine-communes-comment-passer-a-laction/
eclairage-public-gisement-deconomies-denergie
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But this blue-coloured lighting, as described above, is particularly disruptive to species and health,
leading to a trade-o0 between energy savings and ecosystem or human health.

The regulation and mitigation of light pollution requires adapted public policies and most
likely a shift from the supply-side policy currently applied - lighting where and when you can -
to a demand-side policy adapted to the population and biodiversity needs. However, the harmful
consequences of light pollution are still little-known, and the presence of streetlights is often
considered as a form of progress (Lyytimaki and Rinne 2013). Bright lights contribute to the
inhabitant's feeling of safety and to the dynamics of night life and leisure (Challéat and Lapostolle
2018; Vrij and Winkel 1991; Boyce et al. 2000; Hanyu 2000; Painter 1994; Koga et al. 2003;
Blobaum and Hunecke 2005; Loewen et al. 1993; Okuda et al. 2007). In France, the light regime
shiftis a decision made at the municipal level. However, the fear of a strong opposition by citizens
(for safety reasons for instance) often leads mayors to avoid making any change (ANPCEN).
Moreover, changing the lighting regime can be expensive for municipalities that are subject to
budget constraint (e.g. installation of new equipment, information campaign, administrative costs,
etc.). Thus, to provide a better design for such policy, decision-makers need to be informed of
many parameters, including (i) the factors causing light pollution; (ii) the priority locations for
limiting light pollution in order to conserve or restore a dark corridor for biodivetsiiyi) the
costs and bene ts of changing public lighting; and (iv) residents’ willingness to accept a change in
lighting regimes. However, to our knowledge, studies that aim to inform public policies on these
issues - and in particular on the populations' preferences - are still rare and residents should be
sought through questionnaires and other means to understand their needs and uses in this regard
(Challéat and Lapostolle 2018).

Lyytimaki and Rinne (2013) conducted a survey in Finland on the perception of light pollu-
tion. Most of their respondents think that light pollution has spread over too wide an area, and a
majority (55.7%) think that arti cial lighting reduces the quality of life in their neighbourhood.
Crossing these results with the respondents' socioeconomic pro les, they nd that the denser the

area surrounding the respondents, the less they see light pollution as a problem. These results in-

4. In France, the notion of Dark corridor (Trame Noire) aims at considering and dealing with the fragmentation
and loss of natural habitat due to arti cial light taking into account human activities (Franchomme et al. 2019).
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form on the disutility of light pollution, but do not address the social acceptability and preferences
of users regarding adaptation of street lighting.

Some recent studies partially address this question with qualitative surveys. In their article,
Silver and Hickey (2020) develop a survey on the advantages and drawbacks of light pollution
mitigation for residents. They conclude that a majority supports lighting control, particularly
for commercial lighting, and are aware of the impacts of light pollution on health and nature.
Lyytimaki and Rinne (2013) nd similar results, adding that older respondents (more than 50
years old) are more likely to accept turning o streetlights than younger people (31 to 50 years
old and less than 30 years old). In France, two qualitative studies in Lille and Paris obtain similar
results (Franchomme et al. 2019; Cornet and Touzain 2021): a majority of local residents are in
favour of modifying public lighting to reduce disturbances to biodiversity.

In this small literature, very few contributions propose a quantitative analysis to measure the
costs and bene ts of light mitigation for populations. Mitchell et al. (2017) use a contingent val-
uation and show that half of the surveyed individuals would be willing to pay for having access to
a dark sky (without light pollution). They also show that individuals most exposed to light pollu-
tion are the most likely to have a positive willingness to pay (people living in rural areas are less
willing to pay than people living in urban or periurban areas). Willis et al. (2005) also use a con-
tingent valuation to measure willingness to pay for improved street lighting in the U.K. and also
nd that these are higher in urban areas. They use a factor analysis showing that safety concerns
represent a signi cant factor. Simpson and Hanna (2010) use a contingent valuation on a small
sample of American students (Rochester city) and nd positive willingnesses to pay to improve
the visibility of stars at night. Discrete choice experiments (DCES) are another quantitative non-
market valuation method that elicits preferences based on repeated ctional choices. Compared
to contingent valuation, they include various attributes of a problem in the same study and thus
allow to exhibit the tradeo s at stake. To our knowledge, no DCEs have been published on the
issue of light pollution, whereas understanding the tradeo s between, among others, biodiversity,
energy savings and security issues are key to document decision-making. Our work intends to |l
this gap.

We use a DCE to address the following questions: are urban citizens willing to accept changes
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in public lighting and, more importantly, according to which modalities ? More precisely, are they
willing to pay, or do they need to receive compensation to accept changes in lighting regimes?
Further, we aim to characterise preferences for the di erent parameters which make up street-
lights (e.g., light intensity, lighting switch-o , light colour), according to citizens' socioeconomic
pro les. The DCE permits estimating how changes in the di erent attributes of public lighting

in uences the acceptability of individuals. It also allows estimating individuals' willingness to
pay (WTP) for or willingness to accept (WTA) the di erent lighting alternatives. By relating the

choices made with the socioeconomic characteristics of residents, this method helps to under

stand if and when people are willing to accept a change in street lighting. As a result, it can lead
to spatially targeted recommendations for changes in lighting that are both useful for biodiversity
and acceptable to the population.

We focus on an emblematic case study located in the Montpellier metropolitan area in the
south of France. Its proximity with the Cévennes national park, registered at the UNESCO as a
Biosphere Reservand retaining the prestigious International Dark Sky Reserve label, makes this
area particularly relevant to examine this issue. Moreoever, the e ect of light pollution is shown
to be a ected by the landscape composition and local characteristics, such as the proximity to
protected areas (Guetté et al. 2018) or to urban areas (Barré et al. 2022; Laforge et al. 2019;
Lapostolle and and 2021).

We obtained a signi cant sample of 1,703 respondents. We used several econometric models
and retained a latent class model, which enables us to distinguish between two groups of citizens
with rather di erent preferences on public lighting. Both are in favour of improving the lighting
regime in principle, but not according to the same modalities. Class 1 respondents (the "anti-
change") are broadly against the changes in the modalities presented in the choice sets, while
class 2 respondents (the "pro-change") accept them. This is the case for light intensity reduction
and for lighting switch-o from 11 p.m. to 6 a.m. We also nd that respondents who live in
periurban areas are more likely to belong to the pro-change (class 2) compared to respondents
who live in urban areas.

The remainder of the article is as follow. In Section 2, we detail the design of the choice

5. https://en.unesco.org/biosphere/eu-na/cevennes
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experiment and the survey that we conducted. Section 3 gives the results of the survey. Finally,

we discuss these results in Section 4 and conclude in Section 5.

2 Materials and Methods

2.1 Case study: Montpellier metropolitan area (MMA)

Our study focuses on the Montpellier metropolitan area (MMA). Montpellier is a city located in
the department of Hérault, in the south of France. Its population is growing rapidly with more
than 290,000 inhabitants in the city itself and 481,000 residents in its metropolitan area, which
comprises 31 municipalities.

The MMA land use and land cover is divided in three main parts: natural and seminatural
areas (37%), agricultural areas (32%) and urban areas (31%). The level of light pollution is
high with a very low sky brightness in the centre of the city of Montpellier (Figure®1.Ihe
MMA is located south of the Cévennes national park, which received the International Dark Sky
Reserve label in August 2018. This label rewards areas with a starry sky of high quality and where
surrounding municipalities and companies are committed to its long-term protection. Given their
geographical proximity, the Cévennes national park and its Dark Sky Reserve are threatened by
light pollution from the MMA.

The MMA manages 75,000 streetlights, most of which were installed without taking into
account light pollution and its harmful impacts. Public lighting represents a considerable budget
of the MMA with 13.5 million euros per year, including 7 million euros for current expenditures
and 6.5 million euros for the modernisation of installations. In order to limit light polldtithe

MMA is currently developing a "Lighting Plan” (Plan Lumiére). This plan, in partnership with

6. The unit of these measurements is the magnitude per second @hagtarcsed), which corresponds to the
brightness of stars perceived from the ground.

7. Light pollution is an issue whose impacts are increasingly being considered and which is more and more
regulated. Article L371-1 of the French Environment Code now stipulates that the Green and Blue Corridor policy
must take into account the "management of arti cial lights". The French ministerial decree of 27 December 2018 also
implements further regulations of light pollution, for example by prohibiting excessively high colour temperatures,
or by regulating the orientation of streetlamps.
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INRAE?, has two main objectives. First, it aims at mapping the sources of light pollution and the
Dark corridor to identify the areas of biodiversity to be preserved. Second, it seeks to identify
the needs of the inhabitants in terms of public lighting, which is where our study steps in. To our
knowledge, this plan has not yet fully taken into account the speci city of the MMA area and in
particular its proximity with the International Dark Sky Reserve of the Cévennes national park.
These area-based characteristics and the landscape dimension of the issue are however essential as
they a ect the social perception of light and darkness (Shaw 2015, 2018), for example regarding
the aesthetic and sensitive dimension associated with a starry sky. As suggested by Challéat and
Lapostolle (2018), lighting policies should take into account local nocturnal characteristics and
consider the needs and uses of individual residents rather than only experts' technocratic opinion.
Our work, by incorporating the population's opinion through questionnaires - and trying to explain
the individual and local variations of preferences through socioeconomic variables - is a rst step

towards this objective.

L~ 1 Montpellier Metropolitan area
Night Sky Brightness (mag/arcsec?)

Under 19.5
Between 19.5 and 20.3
Between 20.3 and 20.75
Between 20.75 and 21
Between 21 and 21.25
Between 21.5 and 21.5

Sources : Région Occitanie, DarkSkyLab, La Telescop, BD TOPO IGN Between 21.5 and 21.7
Above 21.7

Figure 1.1: Light pollution map of The Herault. Souce: La TeleScop

8. The French national research institute on agronomy and the environment.
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2.2 The discrete choice experiment

We rely on a discrete choice experiment (DCE) to elicit preferences regarding public lighting.
The DCE approach is a stated preference method based on microeconomic theory of consumer
choice and nonmarket valuation. Respondents are asked to choose between several options of a
good or service, which is de ned by its attributes (i.e., the fundamental characteristics that make
up the good or service). In our case, the good under study is the lighting pro le of a street, and
the respondents are the inhabitants of the MMA. A detailed description of the method is provided

in Louviere et al. (2000). This method is particularly useful for this study as it permits measuring

the relative weight of public lighting's di erent characteristics in the respondents' opinion.

2.2.1 Choice of the attributes and their levels

First, we need to choose the main attributes that de ne the street lighting pro le and their levels.
The number of attributes must not be too high in order to limit the number of alternatives and the
cognitive burden for the respondent (Hanley et al. 2002). Moreover, the chosen attributes should
have an impact on both the acceptability of the inhabitants and on light pollution. Finally, the
attributes must be independent of each other (Mariel et al. 2021). The selection of the attributes
was made through (i) the literature on light pollution and social acceptability of the dark corridor
policy, (ii) consultation with di erent professionals in the eld of public lighting, and (iii) two
focus groups with members of the MMA and with members of the Green and Blue corridor
resource centre. Table 1.1 depicts the ve professionals who were interviewed (the rst interview
was with two people) as well as the two focus groups. During the interviews, the design of the
choice was presented to the professionals, who gave their opinion on the attributes and the other
guestions of the survey. They gave us information on the parameters that in uence light pollution,
on realistic lighting regimes and technical constraints, and on the regulations in force. We also had
the opportunity to explore the general population's perception of urban lighting through several
meetings and discussions with associations representing inhabitants.

Finally, we chose the following attributes and levels. First, the light intensity, expressed in

the percent of reduction of light intensity. The amount of light emitted has indeed a very strong
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Table 1.1: List of conducted interviews and focus groups

Interview number Description Date

Head of outdoor lighting in Douai &

Executive director of AFE (French Lighting Association) 04/06/2021

FG1 Members of the 'Green and blue corridor' resource centre 07/06/2021
Research Analyst (ecologist) at the Urban and Rural Environment 11/06/2021

Department of the Institut Paris Région. In charge of the trame noire projecjf.

13 Senior lecturer at the University of Lille 18/06/2021

Members _of the MMA, in charge of (i) public lighting and (ii) biodiversity 24/06/2021

conservation

14 Head of Biodiversity and Land Research at Cerema Méditerranée 30/06/2021

11 (Two peoples)

impact on biodiversity (Matzke 1936; Gaston et al. 2013; Eccard et al. 2018; Azam et al. 2018;
Xue et al. 2020). Moreover, several articles show that a reduction in light intensity negatively
impacts the feeling of safety (Vrij and Winkel 1991; Boyce et al. 2000; Hanyu 2000; Painter
1994; Koga et al. 2003; Blobaum and Hunecke 2005). We chose two levels for this attribute: no
reduction in light intensity and a 75% reduction in light intensity. We represent this attribute with
a picture in the choice sets for two reasons. First, it shows to the respondent the initial level of light
emitted (in the picture "no reduction in light intensity"”, see Figure 1.2). Second, we believe that
a picture helps the respondent imagine what a place would look like with reduced lighting, which
may limit a potential hypothetical bias. However, the environment's characteristics represented in
the picture might a ect the acceptability of the light level. Therefore, we choose a picture where
there is just a house that can apply to a narrow or a wide street, in an urban or rural area.
Second, we chose the attribute Lighting switch-o : Pauwels et al. (2021) point out that light-
ing switch-o during certain hours is the most e ective way to reduce the e ects of light pollution.
It is also a key parameter for the feeling of safety (Loewen et al. 1993; Okuda et al. 2007), and
therefore for social acceptability. The hours during which streetlights are switched o are crucial
for nocturnal species. Many species have a peak of activity at dusk or dawn rather than in the
middle of the night. This is the case for bats (Azam et al. 2018; Day et al. 2015). Ideally, lighting
switch-o should be carried out as early as possible (Sordello et al. 2021). We chose three levels:
no lighting switch-o , lighting switch-o between 1 a.m. and 5 a.m., and lighting switch-o be-
tween 11 p.m. and 6 a.m. As the survey took place during the summer, we did not include a "10

p.m. to 6 a.m." level as the sun has sometimes not set at 10 p.m. and, therefore, the streetlights
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are not on.

The third chosen attribute was the colour of the light emitted, which can also have an impact
on certain species. Sordello et al. (2021) recommend reducing harmful wavelengths such as the
colour blue, and to favour orange-coloured lights which are less harmful to nocturnal biodiversity
and to humans. Some articles show that the colour emitted by outdoor lighting has an impact on
the feeling of safety, although the results dieiThe colour of light depends on its temperature:
the higher the temperature, the bluer the colour. In France, regulations prohibit the installation of
lamps with a temperature above 3000 K. Therefore, we chose two levels for this attribute: orange
colour (which corresponds to a temperature of about 1500 K) and neutral white colour (3000 K).
We represent these levels by means of a picture, because we believe that it makes it easier for the
respondents to imagine the rendering of lighting.

Last, we chose the variation of the residence tax as the monetary attribute. We believe that
a variation of the residence tax is credible enough in our case. This tax is transferred to the
municipality, which is responsible for outdoor lighting. Moreover, the residence tax is paid by
every citizens, unlike other local taxes such as the property tax, the television licence fee, or
the waste disposal tax. However, the residence tax was removed in France in 2020 for 80% of
the households and will not a ect any households by 2023. Consequently, we call this attribute
"Change of the residence tax or other equivalent tax". The levels of this attribute are e -30, e -
10, €0, e 10 and e 30. We chose to include both positive and negative values for the monetary
attribute for two main reasons. First, the reaction of residents to the modi cation of "lighting
pro les" can be ambivalent. Some residents may see advantages (e.g., reduction of light pollution,
reduction of energy consumption), and, thus, may be willing to pay for a change in streetlighting.
On the contrary, others may be reluctant, especially as it could weaken their feeling of safety, and
they may need to receive compensation to accept a change. Second, the nancial consequences
of the change of streetlighting is ambiguous for the municipality. On the one hand, it can save
energy and consequently money, if electricity prices stay stable. On the other hand, it is costly

(e.g., equipment and installation costs, information campaigns, regulatory costs). The attributes

9. Some studies show that lamps with a white or bluish colour increase the feeling of safety compared to lamps
with an orange colour (Morante 2008; Akashi et al. 2008; Knight 2010). Portnov et al. (2020) show the opposite.
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Light intensity

Lighting switch-off

Light colour

Change of the
residence tax or other
equivalent tax

No reduction

Switch-off from 1am to 5 am

Orange

No variation

0€

which respondents must choose their preferred situation.

Reduction of 75%

Switch-off from 11pm to 6 am

Neutral white

-
Y

and their levels are summarised in Table 1.2 and Figure 1.2 shows an example of a choice set, on

Reference situation

No reduction

Neutral white

Increase of 10€

+ ' u«ﬂ

No variation

0€

Figure 1.2: Example of a choice set

We initially considered two other attributes which were nally not included: the direction and
the height of the lights. The former plays a crucial role in the reduction of light pollution. If the
streetlamp is badly oriented, light can be emitted towards the sky, thus creating a halo of light.
Knowing the social acceptability of the direction of lights would have been interesting. However,
in France, the ministerial decree of December the 27th 2018 already states that the proportion of
light emitted by streetlamps above the horizontal must be strictly less than 1%. The levels of this
attribute should have complied with the decree, which would have made the di erence between
levels insigni cant. The height of lamps also plays an important role in limiting light trespass
and the impact of light pollution (Pauwels et al. 2021). According to Heinrich (2018), the height
is often too high compared to what is needed. Higher lighting increases the likelihood of illumi-

nating an area that does not need to be illuminated, for example at the edges of roads or streets

10. For the sake of clarity in interpreting the results, we reverse the coding from that of INSEE (the variable "Com-
munal density" thus increases with density). Besides, in the MMA, there are no municipalities classi ed as 4 by the
INSEE and only 8 respondents live in a municipality classi ed as 3, so we decided to group them with municipalities
classi ed as 2 ("intermediate density"). Regarding France, few respondents live in a municipality classi ed as 4 by
the INSEE, so for our simulation throughout France (section 4.1.2), we grouped them with municipalities classi ed
as 3 ("sparsely populated").
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Table 1.2: Description of attributes, levels and socioeconomic variables

Variable name | Description [ Level Coding
Attributes
Intensity reduction Reduction of light intensity, 75% 75
in percentage (%) 0% 0
Switch-o0 2: Switch-o from 1 if Switch-o 2,
la.m. to 5a.m. 0 if Switch-0 3
Lighting switch-o Time of lighting switch-o Switch-o 3: Switch-o from | 1 if Switch-o0 3,
11p.m. to 6a.m. 0 if Switch-o 2
No switch-o (Reference -1)
Colour Colour of the light Orange . 1if Orange
Neutral white (Reference -1)
e-30 -30
Variation in resident tax e-10 -10
Tax or other equivalent tax eo 0
e10 10
e30 30
Socioeconomic variables
Woman 1
Gender Gender Man 2
Other 3
19-30 years old 1
31-50 years old 2
Age Age 51-65 years old 3
More than 66 years old 4
Children Whether or not the_ No chil(_jren 0
respondent has children Has children 1

Communal density?

Communal density grid created

by the INSEE, which assigns to
each municipality a number between
1 and 4 (1: "densely populated",

4: "very sparsely populated")

Densely populated
Intermediate density
Sparsely populated
Very sparsely populated

1 (2in section 4.1.2)
0 (1in section 4.1.2)
(0in section 4.1.2)

Switch-o bro le Whether or not the municipality No lighting switch-o 0
P already switches o streetlights Lighting switch-o 1
Less than e 1400 0.7
- . . ) e 1400 to e 2000 1.7
Income Individual's net income (in thousands) 2000 to e 3000 o5
More than e 3000 35
Other variable
ASC Reference situation Fictive situation 1 or 2 0
Status quo 1
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(Rivier 2020). However, this attribute cannot be subject to many changes as it is regulated to 4 to
6 meters for pedestrian ways in France. Moreover, following the focus groups, we consider that
people do not di erentiate between these heights, and that this attribute would not have impacted
their choices much.

One of the aims of this study is to guide public decision which explains why our attributes were
determined in collaboration with decision makers, in order to be realistic and feasible. We are
aware that lighting's social acceptability is not only a technical matter and includes aesthetic and
sensorial perception of individuals. Although the chosen attributes are of a technical nature, some
of them (colour, light intensity..) have direct aesthetic/sensorial consequences that respondents
may take into account when making their choices. Moreover, as a complement to the choice
experiment, aesthetic and sensorial considerations were explored in follow-up questions on the
role of stargazing, the perception of light with dense vegetation or the feeling of safety (see the
guestionnaire in the Supplementary materials for more details).

In the choice sets, we included a status quo alternative which corresponds to a reference sit-
uation with no lighting changes: no reduction in light intensity, no lighting switch-o , neutral
white light and no variation in the resident tax (Figure 1.2, last column). We did not choose an
individual status quo ("I prefer to keep my current situation"), with which the individual would
refer to her own situation, because we believe that many people do not know precisely the lighting
parameters of their street, especially the colour and intensity of the light. We believe that peo-
ple who live in municipalities that have already changed their lighting regime (for example with
lighting switch-o s) can still easily take the no-change situation as a reference.

The discrete choice experiment is presented as a role-playing. First, respondents are asked
which transport they use to travel at night, between walking and cycling/scootering, as accept-
ability may di er depending on the type of transport. For example, a pedestrian might fear an
attack, while a cyclist might fear a fall because of a lack of visibility. Respondents are told to
imagine themselves walking (or biking/other) at night in a residential area, in the current period

(summer)L.

11. The season can play an important role in respondents' choices because, in France, the times of sunset and
sunrise vary radically. The type of neighbourhood is also important: a survey conducted by the Paris Region Institute
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2.2.2 Experimental design

The purpose of the experimental design is to de ne the alternatives and the choice sets that are
presented to respondents. Since we have 4 attributes, each with 2 to 5 levels, the full facto-
rial design is equal to 60 combinations, which is a too heavy cognitive burden for respondents.
Therefore, we choose the most relevant combinations in order to obtain as much information as
possible on respondents' preferences while limiting the number of choice sets. We rst used the
SAS software to determine the optimal number of choice sets that can be shown to respondents.
We found a number of 6 or 9 choice sets. This is in line with what is advised in the Ngene user
manual, which states that the number of choice sets should be greatefthaith K being

the number of attributes (4 here) and J being the number of non-status quo alternatives (2 here),
i.e., 4 in our case. Following pretests indicating that the cognitive load was acceptable, we chose
to display 9 choice sets without blocking. We used the Ngene software to obtain a statistically
optimal subset of combinations based on a Bayesian D-optimal e cient design (see experimental
design techniques in Louviere et al. 2000). The exact code used for the experimental design as

well as the 9 choice sets are available upon request.

2.3 Presentation of the survey and data collection

The DCE was circulated as an online survey from July 16th to September 10th 2021. The survey
was public and open to the entire French population, but we favoured circulation to the MMA.
We used several channels to optimise our chances of obtaining a signi cant and representative
sample, including social networks, associations and town halls.

The survey lasts around 15 minutes and contains severalypafFisst, the respondents are
informed of the consequences of light pollution on several areas (biodiversity, health, energy),
and about the possible means to change outdoor lighting to limit light pollution. We chose to pro-

vide this information because we assume that a municipality wishing to modify its public lighting

shows that the acceptability of a change in the lighting regime varies greatly according to where one lives (Cornet
and Touzain 2021). People living in city centres that are bustling at night seem more reluctant to switch o lights
than those living in residential areas.

12. The survey is available in the supplementary material.
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would launch an information campaign on the consequences of light pollution. Furthermore, re-
spondents are not forced to read the text. The software that we used for the survey, LimeSurvey,
provides the time spent by each respondent on each section of the survey. Therefore, we used the
time spent on the information section as a proxy of the respondents' level of information on light
pollution, in order to estimate the impact of this information on the social acceptability of lighting
regimes. Second, respondents are presented with questions about their socioeconomic character-
istics (e.g., gender, age, income, children, socioprofessional category). Then, the 9 choice sets are
presented. They are displayed in arandom order to avoid that a possible decrease in concentration
always a ects the same choice sets (the last ones). After the choice experiment, respondents are
presented with questions to identify protest responses. Finally, in the last part, they are asked
about their use of the public space at night (e.g., frequency of outings, night work), their aesthetic
perception of light and their sensitivity to environmental issues. These questions help to under-
stand the respondent's preferences, but they are not compulsory, so they come at the end to avoid

losing answers if the respondents nd the questionnaire too long.

3 Results

3.1 Sample characteristics

We collected 1; 703 complete answers out of 2; 991 answers in total. Among the complete an-
swers, 1; 134 were from the MMA (66:6%). We included 35 answers of respondents who did not
entirely complete the survey but who stopped after the choice experiment. We excluded some
inappropriate answers: protest answeamnd low-quality answers. We used three criteria which,
when simultaneously veri ed, identify protest answers or rejection of the survey: (i) respondents
who systematically choose the status quo; (ii) those who answered "No" to the question "Regard-

less of the context, are you in favour of a change in the lighting regime?"; and (iii) those who spent

13. According to Strazzera et al. (2003), excluding protest answers may induce some selection bias as the discarded
respondents may have WTPs that are very di erent from the average. These authors propose statistical methodologies
to include these protest answers in the estimates in contingent valuation. However, to our knowledge these do not
apply to DCEs and the state of the art in the DCE literature recommends to exclude protest answers (Louviere et
al. 2000; Mariel et al. 2021).
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less than 140 seconds on the choice experiment. The last criterion is based on the assumption
that less than 140 seconds con rms a disinterest in the survey as it is too short to answer consci-
entiously the DCE (Borger 2016). To avoid low-quality answers, we also excluded respondents
who spent less than 60 seconds on the choices whatever their other answers, as this very short
time cannot be compatible with the cognitive burden of the questionnaire. Finally, we excluded
people younger than 18 years old. Following these criteria, we excluded 21 responses from the
nal sample; respondents from the MMA are reduced to 1;134 + 35 21 = 1;148 respondents.
Figure 1.3 depicts the number of respondents per municipality of the MMA. It is proportional to
the population of the municipalities, with minor exceptions. See Table 1.6 and section 4.1.1 for

an extensive discussion on the sample's representativeness and associated robustness checks.

Population Number of respondents
[ 1018 - 4000 ° 1-5
[J4000-7809 O 5-17

[ 7809 - 11465
I 11465 - 22202
I 22202 - 293410 O 39-86

Q 86 - 389

Figure 1.3: Number of respondents per municipality in the MMA

17 -39
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3.2 Econometric analysis
3.2.1 Choice of the model

We used a latent class model to analyse our data. The principles and details of the econometric
speci cations are presented in section 3.2.2. The latent class model was preferred to the random
parameter logit (RPL}}, also known as mixed logit, because we observed strong heterogeneity
in preferences and potential distinct classes of respondents for some attributes. While the RPL
allows us to obtain the mean and distribution of the parameters accounting for preference hetero-
geneity, the latent class model is better at explaining heterogeneity due to classes of respondents.
From a policy support perspective, it is particularly interesting to characterise these di erences
in preferences and identify these classes.

We used e ects coding instead of dummy coding for the categorical variables (lighting switch-
o and colour)'®: lighting switch-o from 1 a.m. to 5 a.m. and from 11 p.m. to 6 p.m. are coded
as -1 if the level of the alternative is "no lighting switch-o ", and the orange colour is coded as
-1 if the level of the alternative is "neutral white" (Table 1.2).

We used the STATA command Iclogit, created by Paci co and Yoo (2013), to compute the
latent class model. First, we found the number of classes of our model using the AIC and BIC
criteria as well as the predictive quality of the model, which led us to opt for a two-class model

(see Table 1.3§. The estimation with two latent classes is presented in Table 1.4.

3.2.2 Econometric speci cation

Similarly to the RPL model, the latent class model has two main advantages compared to the
Conditional Logit : (i) it allows for heterogeneity - in other words, it assumes that parameters

(i.e. 's) can vary from one individual to another - which is useful to take into account individual

14. The results of the RPL model are available from the authors upon request.

15. With dummy coding, the e ect of the levels characterising the status quo is captured by the constant term. The
use of e ects coding, therefore, makes it possible to interpret the utility of the status quo as such, and not to confound
the coe cients when the levels of the attributes of the alternatives intersect with the levels of the ASC variable (Bech
and Gyrd-Hansen 2005; Mariel et al. 2021).

16. Although the model with two classes has the largest AIC and BIC, its predictive quality is much higher than
that of the others.
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Table 1.3: Information criteria and model selection

Number of classes
2 classes 3classes 4 classes 5 classes

Log-Likelihood -7774.8 -7412.1 -7256.2 -7160.7
AIC 15575.5 14864.2 14566.5 14389.5
BIC 15641.1 14965.1 14702.7 14561.0
Predictive quality (%) 99.1 92.8 89.9 88.2

speci cities and (ii) it frees from the 11A (Dahlberg and Eklof 2003; Brownstone and Train 1999).
However, contrary to the RPL model, the latent class model frees from making assumption on the
distribution of preferences among the population. Instead, it allows for unobserved preference
heterogeneity with membership in latent classes of preferences. It relies on the assumption that
the population is divided in Q subgroups (or classes). Individuals in a given class are assumed to
have homogeneous preferences, but these preferences di er from individuals belonging to other
classes (Paci co and Yoo 2013). The probability that individual n chooses alternative i in the
choice situation t given that he belongs to class q is :

exp(X i o)

P(yn =ijclass=Qq) =P q() = P
" i i exp(X3) q

For a given class q, individual n's contribution to the likelihood would be :

Y ¥ A
I:)njq = (Pntjq )ynjt
t=1 j=1
where y;; is a binary variable equal to 1 if agent n chooses alternative j in scenario t, and equal
to O otherwise.
Class assignment is unknown. Greene and Hensher (2003) pothdHprior probability that
individual n belongs to class q :

exp(2°
Hug = P P(z q)

;0=1::Q; =0
a1 ©XP(Z o)

where z is a set of observable agent-speci c characteristics which impact class membership, like
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socioeconomic characteristics, angdare class membership model parameters. The likelihood

for individual n is :

x
Pn = anPan
q=1
The log-likelihood for the sample is :
X x
n=1 q=1

Individual-speci c estimate
After estimating 4, we can obtain, for each individual, the probability that he/she belongs to
class q given her answers to the choice sets. The posterior membership probability is estimated

as follows :

In uence of auxiliary variables on class membership
The latent class model identi es homogeneous groups in terms of individuals' preferences for the
di erent attributes that make up a good. It can be assumed that certain socioeconomic variables
in uence the membership of individuals in these groups. To nd out this in uence, we regress
the posterior probabilitH:qji on A auxiliary variables:

HY.
|09(1¢A_) = Xyttt aXp
gin

Willingness to pay
The willingness to pay (resp. to accept) for a unit change in an attribute is the marginal rate of
substitution between this attribute and the monetary attribute (Chéze et al. 2020). It estimates the
amount of money that an individual is ready ot pay (resp. to accept) in compensation of (resp. in

exchange for) a change in an unit of an attribute, so that her utility stays unchanged. The WTP
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(resp. to accept) is estimated as follows:

WTPR = X«

tax

where x, is the estimated coe cient for the considered attributg &nd x,ax is the estimated
coe cient for the monetary attribute. As we use e ect coding, the estimation of WTP for cate-

gorical variables (colour and lighting switch-o ) is slightly di erent:

2
WTPR = =X

tax

3.2.3 Class membership analysis

We tested the class membership with several variables: gender, age, whether the respondent has
children, communal density, switch-o pro le of the municipality, income and main mean of
transport. We identi ed two distinct groups of respondents. As shown in Table 1.4, class 2 in-
cludes many more respondents than class 1 (80% compared to 20%). The probability of belonging
to class 1 compared to class 2 increases when the individual lives in a very dense municipality
rather than a municipality of intermediate density (i.e., individuals living in periurban areas are
more likely to belong to class 2 than those living in urban areas). Another signi cant membership
coe cient is the one associated with Biking: people who cycle rather than walk at night are more
likely to belong to class 2 than class 1. The other membership variables are not signi cant. To
summarise, the typical pro le of class 1 respondent is a person that lives in dense municipality
like urban area and that walk rather than cycle at night. On the contrary, people in class 2 are

more likely to be periurban inhabitants that cycle more than class 1.

3.2.4 Class preference analysis

In both classes, respondents' utility decreases when the resident tax increases, which is unsurpris-
ing and consistent with the mixed logit results. Apart from this monetary attribute, class 1 and
class 2's respondents have quite di erent preferences. The coe cients associated with Intensity

reduction are both signi cant, but of opposite signs. Respondents belonging to class 2 prefer a
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Table 1.4: Latent class model results

Dependent variable:

Choice
Class 1 Class 2
Coecient  Coe cient
(S.E) (S.E)
Attributes
Intensity reduction -0.006*** 0.008***
(0.001) (0.000)
Switch-o0 2 -0.146* 0.282***
(0.076) (0.034)
Switch-o0 3 -1.312%** 0.163***
(0.097) (0.035)
Colour 0.045 0.076*
(0.060) (0.042)
Tax -0.034%** -0.052***
(0.003) (0.006)
ASC -0.361** -2.321 %+
(0.147) (0.172)
Membership
Gender2 -0.036 Ref.
(0.168)
Gender3 1.261 Ref.
(1.430)
Age 0.174 Ref.
(0.109)
Communal density 0.386** Ref.
(0.188)
Switch-o prole 0.057 Ref.
(0.271)
Children 0.083 Ref.
(0.170)
Time introduction -0.000 Ref.
(0.000)
Income 0.053 Ref.
(0.100)
Biking -1.048*** Ref.
(0.255)
Constant -2.192%** Ref.
(0.433)
N (obs.) 30672
N (ind.) 1136
Log Likelihood -7694
AIC 15432
CAIC 15565
BIC 15615
Preditive quality 99%
Class membership (%) 19.7 80.3
Note: p<0.1; p<0.05; p<0.01

62



reduction of light intensity, while class 1's utility decreases when reducing light intensity. The
coe cients for Switch-o 2 and Switch-o 3 are signi cantly positive for class 2: they value light-

ing switch-o both from 1 a.m. to 5 a.m. and from 11 p.m. to 6 a.m., with a preference for the
former indicated by its larger coe cient. On the contrary, respondents belonging to class 1 are
opposed to lighting switch-o from 1 a.m. to 5 a.m. and even more strongly opposed from 11
p.m. to 6 a.m. Respondents in class 2 have a weakly signi cant preference for an orange-coloured
light, whereas this attribute is insigni cant for class 1.

Overall, these results allow us to identify two di erent preference pro les. Respondents in
class 2 (hereinafter, "the pro-change" in public lighting) are in favour of all the presented changes:
reduction of light intensity, modi cation of the colour of the light to orange, and lighting switch-

o from 1 a.m. to5a.m. as well as from 11 p.m. to 6 a.m. On the contrary, respondents in class
1 (hereinafter, "the anti-change" in public lighting) are indi erent to a change in light colour and
opposed to the three other presented changes.

These results show that the pro-change (class 2) seem more sensitive to light pollution and/or
less prone to safety problems; they are thus more willing to change street lighting (which is con-

rmed by their strongly signi cant negative ASC coe cient). This is consistent with the fact that
people living in periurban areas (more likely to belong to class 2) are less prone to safety and
crime problems as they often travel by car/bike and go less outside at night. Moreover, people
travelling by bike are more likely to belong to pro-change (class 2) than people walking. They
might have a higher feeling of safety when travelling at night, because they are less prone to
attacks than people travelling by foat

In both cases, the ASC coe cient is negative and signi cant, indicating that respondents in
both classes are reluctant to stay in the reference situation and are willing to change street lighting.
This shows that class 1's respondents (the anti-change) are also ready to change lighting; they
might be sensitive to the issues raised by light pollution or energy consumption, but they are also
sensitive to safety problems. They are willing to change but only under certain conditions and

not in the way that we propose. The ASC coe cient is much larger for the pro-change (class 2),

17. However, this variable may also capture the fact that people using a bicycle are more sensitive to environmental
issues and are therefore more willing to make e orts to combat light pollution.
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almost 6 times higher than the anti-change (class 1), which means that respondents in this class

are much more willing to change street lighting.

3.2.5 Descriptive statistics on class membership

We estimated the posterior membership probability, i.e., the probability of an individual belonging

to a class knowing her answers to the choice experiment (see A, more graphs are available in the
supplementary material). This allows us to make descriptive statistics on certain answers to the
survey, to better understand respondents' preferences. As these questions are optional, we did not
add them to the regressions to avoid losing too much data.

We observe that the anti-change (class 1) are more likely to use public space and streets at
night (78.5% travel at night in class 1 compared to 70.6% in class 2). They also work more often
at night (46.3% in class 1 compared to 34.5% in class 2). This obviously explains their reluctance
to turn o street lighting compared to the pro-change (class 2).

Both classes are also di erent with regards to their sensitivity to environmental issues. 66.3%
of the pro-change (class 2) say that they care very much about environmental issues, while this
share represents 38.3% for the anti-change (class 1). These results are consistent with the greater
willingness of respondents in class 2 to reduce light pollution.

Light trespass also seems to be a factor explaining di erences in preferences: 69.7% of the
pro-change (class 2) report to be bothered by light trespass in their home, compared to only 39.0%
for the anti-change (class 1).

Finally, our results show the importance of the feeling of safety in the social acceptability of
public lighting changes. People belonging to the anti-change (class 1) have a lower feeling of
safety than the pro-change as 66.3% agree that they live in an area where there are safety risks

due to inadequate lighting, against 24.6% in class 2.

3.2.6 WTP estimates

Using the formulas given in section 3.2.2 and the coe cients found in Table 1.4, we estimated an

average WTP by attribute and by class, only for signi cant coe cients (see Table 1.5).
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The pro-change (class 2) are ready to pay an additional e 0.15 of annual resident tax for each
extra percentage of reduction in light intensity. This WTP is negative for respondents of class 1
(anti-change): they need to receive e 0.16 for each extra percentage of reduction in light intensity.
As aresult, the pro-change (class 2) are, on average, willing to pay e 11.25 per year to reduce light
intensity by 75% and the anti-change need to receive, on average, e 12 per year for the same 75%
reduction. The large WTPs for lighting switch-o show that this attribute is a dominant criterion
for our respondents' decisions. The pro-change (class 2) are ready to pay almost e 11 annually to
turn o streetlights from 1 a.m. to 5 a.m. and e 6.3 to switch them o from 11 p.m. to 6 a.m. On
the contrary, the anti-change (class 1) need to receive e 76.73 annually to accept lighting switch-
o from 11 p.m. to 6 a.m., but only e 8.58 to accept it from 1la.m. to 5 a.m. Individuals in class
2 (the pro-change) are ready to pay e 2.92 to change the colour of the light from white to orange.
Finally, the pro-change need to receive, on average, e 90 per year to agree to stay in the reference

situation (no change in public lighting) while the anti-change need to receive e 21.

Table 1.5: Average WTP estimates for the latent class model

Average WTP estimates (e
Class 1 Class 2
Intensity reduction -0.167 0.157
Switch-o 2 -8.58 10.91
Switch-o0 3 -76.95 6.30
Colour Not signi cant 2.92
ASC -21.16 -89.78

4 Discussion

4.1 Robustness checks

We conducted various robustness tests of our results. In this section, we present the most impor-
tant ones: the sample selection bias and the comparison with France. The other tests that have
been conducted are related to the in uence of the physical characteristics of the street (narrow

street / large street), and to partial answers. They are available in the supplementary material.
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4.1.1 Sample selection bias

As shown in Table 1.6, the sample over-represents some categories of the MMA population.
Globally, the survey reached more women, managers and professions requiring higher educa-
tional levels. The latter are found to be one of the most sensitive categories of the population to
environmental issues (Dron 2011). Thus, they are more likely to be willing to answer a survey on
this issue and self-select themselves. As for women, this survey was circulated internally at the
MMA, whose employees are mostly women. On the contrary, some categories of the population
were much more di cult to reach. This is the case with blue-collar workers and individuals older
than 66 years old. An obvious disadvantage of online surveys is the potential exclusion of people
with limited computer skills or limited access to the internet. According to the French National
Institute of Statistics and Economic Studies (INSEE), in France in 2019, 77% of the population
had access to the internet, which varies with the age of the population: over 90% of the 15-29
years old, while only 52% of people aged 60 years old and over. It is thus more di cult to reach
the 66+ age group with an online survey. In general, it is highly likely that the people who opened
and answered the survey are more sensitive to the environment than the rest of the population.
To check the extent of this bias, we compared the answers to the question "In general, are you
concerned about environmental protection?" in our survey with the results of a study carried out
by the CGDD? on the opinion of French citizens on the environment in which respondents are
asked to rate their level of sensitivity to the environment on a scale of 1-7. The average for 2019 is
5.16/7. To compare this gure with our results, we coded the answers to our question "In general,
are you concerned about environmental protection?" as follows: "Not at all" = 1, "Not too much"
= 2, "Yes, but not more than other topics" = 3, "Yes, a lot" = 4. We found an average of 3.57/4,
which corresponds to an average of 6.25 out of 7. This con rms the fact that our sample has a
slightly higher sensitivity to the environment than the general population. Therefore, we must be
careful when interpreting the results and take this bias into account.

In order to obtain a representative sample of the MMA's population, we used the raking ratio

method to adjust the sample, with the package "Icarus" in R (Rebecq 2016). More precisely,

18. The Commissariat Général au Développement Durable is a department of the French Ministry of Ecological
Transition.

66



Table 1.6: Sociodemographic comparison of the samples before and after calibration

Variable Share in the samplel Share in the population Saﬂtaéfrgcg:ﬁ)f;?;ﬁle
(MMA respondents) of MMA (2018) . .
(raking ratio)
Gender
Female 64.0% 53% 53.1%
Male 35.8% 47% 46.9%
Other 0.2% - -
Age
19-30y.0. 10.1% 27.9% 27.7%
31-50y.0. 56.8% 32.3% 32.9%
51-65y.0. 27.8% 19.9% 20.5%
More than 66 y.o. 5.2% 19.9% 19.0%
Socio-professional category
Farmer 0.1% 0.1% 0.3%
Craftsmen, traders, entrepreneurs 3.2% 3.7% 4.4%
Managers and higher-educational professians 37.0% 12.6% 14.0%
Intermediate professions 13.2% 15.9% 16.7%
Employees 34.6% 15.1% 16.4%
Workers 0.7% 7.8% 5.0%
Pensioners 7.9% 20.9% 21.4%
Others without professional activity 3.3% 24.1% 21.8%

we used the penalised calibration method to facilitate the convergence of the procedure. We
adjusted the sample according to three variables: gender, age and socio-professional‘ategory
The new characteristics of the sample (after assigning the new weights) are presented in Table
1.6, last column. Weighting regressions is not an obvious issue. To nd out whether weighting
was a good idea, we relied on the article by Davezies and D'Haultfoeuille (2009). Based on this
article, we chose to check the robustness of our regressions by weighting them. The results of the
weighted latent class model are presented in Table 1.7.

When we compare the results of the weighted and unweighted latent class models, we see that
some results are slightly di erent. Although preferences in class 2 (pro-change) are very similar,
they change slightly in class 1 (anti-change). Respondents in this class seem to no longer care
about light intensity reduction, as shown by the insigni cant coe cient. The coe cient associ-
ated with the ASC, which was weakly signi cant, becomes insigni cant, showing that individuals
in class 1 are undecided on whether they globally want to change the lighting regime or not. These
results do not modify the conclusions obtained in the unweighted regression and only strengthen

the idea that respondents in class 1 (anti-change) are more hesitant about changing public lighting

19. We remove the gender category "Other" from the sample because this gender category is not available in French
national statistics.
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Table 1.7: Weighted latent class model

Dependent variable:

Choice
Class 1 Class 2
Coecient  Coe cient
(S.E) (S.E)
Attributes
Intensity -0.001 0.007***
(0.002) (0.001)
Switch-o0 2 -0.235 0.260***
(0.146) (0.069)
Switch-0 3 -1.116%** 0.170**
(0.182) (0.079)
Colour 0.134 0.099
(0.110) (0.093)
Tax -0.030%*** -0.052***
(0.006) (0.013)
ASC 0.172 -2.352%**
(0.276) (0.338)
Membership
Gender Ref. -0.186
(0.231)
Age Ref. -0.314**
(0.130)
Communal density Ref. 0.303
(0.270)
Switch-o pro le Ref. 0.303
(0.394)
Children Ref. 0.073
(0.262)
Time introduction Ref. 0.000
(0.000)
Income Ref. -0.000
(0.000)
Bike Ref. 1.285%**
(0.350)
Constant Ref. 2.834***
(0.577)
N (obs.) 30,618
N (ind.) 1134
Log Likelihood -3188415
AlC 6376872
CAIC 6377047
BIC 6376998
Predictive quality 99.2%
Class membership (%) 19.8 80.2
Note: p<0.1; p<0.05; p<0.01
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than the others.

Regarding variables that in uence membership, the communal density becomes insigni cant
while age becomes signi cantly negative, indicating that older respondents are more likely to
belong to class 1 (the anti-change). This is consistent with the fact that older people may be more

sensitive to safety and visibility concerns associated to light reduction.

4.1.2 Comparison with France

We have so far focused on the answers of MMA residents. This region has its own particular
characteristics, and it would be interesting to study whether the results are similar throughout
France. Thus, we computed our model using the answers of respondents who do not live in the
MMA 29, The characteristics of this sample and the comparison with the characteristics of the
French population are presented in 1.B.1. Similar to the MMA sample, the national sample over-
represents some categories of the French population, particularly the 19- to 30- and 31- to 50
years old categories, as well as managers. On the contrary, categories of people who are more
than 66 years old and workers are under-represented.

The results of the regression on the national sample are presented in Table 1.B.2. We did not
include the Switch-o pro le (pro le of the municipality) variable in these regressions because
we do not have this information for all the municipalities in France. Even if we observe the same
polarization in two classes, we observe slight di erences between both regressions regarding the
anti-change (class 1)'s preferences. They are still strongly opposed to lighting switch-o from 11
p.m. to 6 a.m., but become in favour of light intensity reduction and of lighting switch-o from 1
a.m. to 5 a.m. The variables that in uence membership are also di erent. The variable Gender2
becomes signi cant, with a positive sign, which means that men are more likely to belong to
class 2 (the pro-change), and therefore to be in favour of lighting switch-o from 11 p.m. to
6 a.m. Women may feel more sensitive to security issues compared to men. The variable Age
also becomes signi cantly positive, meaning that older people are more likely to be in favour of

lighting switch-o from 11 p.m. to 6 a.m. than younger people. This is consistent with the results

20. As explained in Table 1.2, we grouped here the municipalities "sparsely populated" and "very sparsely popu-
lated"
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found by Lyytimaki and Rinne (2013), but not with those in the MMA weighted sample, nor with
Mitchell et al. (2017), who nd that people over 65 years old are less likely to be willing to pay

for a dark sky, which means that they are less likely to want lestighivo main e ects explain

these opposite results. On the one hand, older people are less likely to use public space at these
hours and to need lighting - which is consistent with the results that we nd in the French sample.
On the other hand, they may feel more vulnerable vis-a-vis a potential attack or visibility and
thus have a higher sense of insecurity when walking down a street, which may be exacerbated
by lighting switch-o . In this model, with the French sample, the former e ect prevails over the

latter, while the opposite is observed for the model with the MMA sample.

4.2 Understanding the reluctance of the population

It is crucial to understand why citizens may be reluctant to change public lighting. In our survey,
we included an open question on the disadvantages of such changes. We analysed the answers to
this question by classifying them into categories according to the main arguments of the answer.
Although imprecise, this analysis gives a rst idea of the main reasons for the potential reluc-
tance of respondents to change lighting regimes and allows to explore the sensorial perception of
respondents. Out of the 1,146 respondents in our sample, 349 answered this optional question.
Sixty-one of them stated that they did not see any drawback to making changes in street light-
ing. The vast majority of the respondents mentioned problems of safety (186) or a decrease in
the feeling of safety (70). Fifty-eight pointed out that they feared an increase in crime (assaults
and burglaries), and 37 feared road safety issues. Twenty-one mention women in their answer,
suggesting that they were more prone to being concerned about security problems. This argu-
ment supports our interpretation above of the interaction coe cient between gender and lighting
switch-o from 11 p.m. to 6 a.m. Other arguments were mentioned to a lesser extent, such as the
reduction in visibility and the fear of falls or the cost of the policies. Informational campaigns on

the consequences of changes in public lighting, particularly on safety, could therefore be useful in

21. Age is an important factor to consider as older people are often more likely to vote than younger ones, so their
opinion can have more weight in public policy decisions. Note that Willis et al. (2005) also examine the role of age
in the willingness to pay for reduced light pollution and nd it to be statistically insigni cant.
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order to reassure the population, in addition to implementing the necessary measures to prevent

an increase in crime.

4.3 Policy recommendations

Based on our results, we can draw recommendations for decision-makers. The most acceptable
measure seems to be a change of the colour of the light from white/blue to orange. Switching o
streetlights from 1 a.m. to 5 a.m. also seems to be rather easy to implement at least in periurban
areas, and even in more urban areas, as the WTA of the anti-change for lighting switch-o from

1 a.m. to 5a.m. is very low. However, the reduction of light intensity and the lighting switch-

o from 11 pm to 6 am is very divisive. These measures should target the municipalities where
acceptability is likely to be the greatest, for example, periurban areas in the MMA, according to
our results. Based on the socioeconomic characteristics of the municipalities, it would be possible
to design spatially targeted public policies that are both acceptable for the residents and where
light mitigation is particularly needed for biodiversity.

Municipalities can also try to improve social acceptability. This can take the form of com-
munication campaigns. The results from our survey to the question, "Why are you in favour of
changing public lighting?" (Figure 1.4) indicate that respondents are particularly sensitive to the
arguments of energy savings and biodiversity preservation. The impacts on health and on star
gazing seem to matter less. Municipalities can inform their citizens about the e ects of the re-
duction of light pollution for these di erent aspects, including providing information on the costs
and bene ts involved. We saw that a large percentage of citizens are even willing to contribute to

the nancial cost that the change entails.

5 Conclusion

5.1 Summary

Our study investigates inhabitants' preferences regarding a public lighting shift to combat the

harmful e ects of light pollution. We use a discret choice experiment to measure the relative
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Figure 1.4: Why are you in favour of changing public lighting?

weight of di erent characteristics of public lighting - light intensity, lighting switch-o, and
colour - thatin uence the population's willingness to accept a change. We analyse the results with
a latent class model. Our results indicate that, in general, respondents are willing to change public
lighting. However, preferences for the di erent characteristics of street lighting are heterogeneous
among the surveyed population. We identify two main groups of individuals. Respondents in the
majority class (class 2, the "pro-change™) have strong preferences for substantial changes in pub-
lic lighting. They are in favour of orange-coloured light compared to white light. They are also

in favour of lighting switch-o from 1 a.m. to 5 a.m. and from 11 p.m. to 6 a.m. compared to

no lighting switch-o , as shown by the large associated WTPs (respectively e 11 and € 6.3 per
year). On the contrary, individuals who belong to the minority class (class 1, the "anti-change"),
although unsatis ed with the no change situation, are in average indi erent to the colour of the
light, rather reluctant to switch lights o from 1 a.m. to 5 a.m. and very reluctant to switch them

o from 11 p.m. to 6 a.m., as their negative WTP (e -76.95) for this latter attribute shows. A vast
majority of respondents (80%) are included in the pro-change class (class 2), which is rather reas-

suring about the possibility of implementing measures to mitigate light pollution. The inclusion

72



of socioeconomic variables in our models permits identifying the characteristics of individuals
that in uence their decisions and that can explain the heterogeneity of the results. In the case of
respondents from the Montpellier metropolitan area, we nd that the density of the municipality
is an important factor of social acceptability: the denser the municipality, the less willing inhab-
itants are to accept lighting switch-o . This may be due to the fact that the population in denser

areas is more prone to be outside at night and to move about by foot.

5.2 Limits

Our study su ers from one main limitation - the hypothetical bias. This drawback is very common
in the DCE literature. In our case, it is di cult to know whether respondents can really imagine
what it is like to walk down a street without lights, or with the lights dimmed. Street lighting is
part of our daily lives and habits, so it is probably impossible to imagine all the consequences
that lighting switch-o would have on our habits. We have tried to limit the hypothetical bias
as much as possible by describing in detail the context and the considered changes and by using
concrete pictures and gures. In future research, it would be interesting and useful to simulate
in the real-life the light change and let the population experience it - for example through night
walks (Challéat and Lapostolle 2018) - before making their choices, although it might be di cult
to obtain a large sample of respondents for these eld experiments. The cognitive bias, which
is also common in the DCE literature, is rather limited in our case, as we limited the number of

attributes to 4 with few levels.

5.3 Further research

Further research is needed in this eld. First, we lack information and gures on the socioeco-
nomic consequences of changes in public lighting, like the consequences on safety. Moreover, to
our knowledge, there is no study that conducts a complete cost-bene t analysis of the modi cation
of public lighting. This article, and particularly the associated WTP estimates, is a rst step to-
wards such analysis. The residents' preferences are indeed an important argument for (or against)

the implementation of such policies that must be considered by mayors when they determine their
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actions on public lighting. In general, economic analyses related to light pollution are still very
rare. Most economic analyses linked to light pollution seek to understand the factors that explain
the spatial distribution of light pollution (Gallaway et al. 2010, 2013; Olsen et al. 2014). However,
the authors of these articles do not attempt to make practical recommendations for limiting light
pollution (Gallaway et al. 2010). Recently, Sordello et al. (2022) published a plea for the devel-
opment of "dark infrastructures" in which they propose a 4-step method for local authorities to
preserve or restore ecological continuities, taking into account the harmful e ect of arti cial light
at night. Several articles, such as Olsen et al. (2014) and Pothukuchi (2021) stress the need for
further research on the subject to design policies for light pollution planning and management.
In particular, more interactions with local residents are needed to de ne the relevant attributes
a ecting the social acceptability of public lighting.

On a more methodological aspect, another scope for further research would be to explore
the adequate statistical models to incorporate in the DCE estimates the protest answers and/ or
nonresponses to the choice sets, in order to avoid selection bias. These methods have already been
developed for contingent valuations, for example by Strazzera et al. (2003) or Brox et al. (2003),

and would also be useful for DCEs.
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Appendix

A Descriptive statistics on class membership

In general, are you concerned about

ight?
Do you travel at night? environmental protection?

Do you feel that you live in an area where
there are safety risks due to inadequate
lighting?

Are you bothered by light trespass in your
home?

Figure 1.A.1: Descriptive statistics, di erentiated by class
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B National sample (France)

Table 1.B.1: Socio-economic comparison of the total sample and the population

Variable \ Share in the sampl¢ Share in total population (2018)
Gender
Female 44.7% 52%
Male 54.3% 48%
Other 1.1% -
Age
19 30y.o. 31.6% 17.5%
31 50vy.0. 49.2% 32.7%
51 65y.o0. 16.9% 24.6%
More than 66 y.o. 2.3% 25.2%
Socio-professional category
Farmer 1.6% 0.8%
Craftmen, trader, entrepreneur 3.0% 3.5%
Managers and higher-educational professions 52.0% 9.5%
Intermediate professions 7.3% 14.1%
Employees 14.3% 16.1%
Workers 0.4% 12.1%
Pensioners 3.8% 26.9%
Others without professional activity 17.6% 17.0%
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Table 1.B.2: Latent class model results - France

Dependent variable:

Choice
Class 1 Class 2
Coecient  Coe cient
(S.E) (S.E)
Attributes
Intensity reduction 0.004** 0.013***
(0.002) (0.001)
Switch-o0 2 0.307*** 0.330***
(0.072) (0.061)
Switch-0 3 -1.401%** 0.780***
(0.101) (0.071)
Colour 0.236*** 0.254***
(0.080) (0.073)
Tax -0.049%** -0.036***
(0.010) (0.010)
ASC -1.430%** -1.986***
(0.243) (0.298)
Membership
Gender2 Ref. 0.926***
(0.221)
Gender3 Ref. -0.023
(0.860)
Age Ref. 0.450%**
(0.189)
Communal density Ref. -0.190
(0.130)
Children Ref. -0.289
(0.276)
Time introduction Ref. -0.000
(0.000)
Income Ref. 0.168
(0.135)
Biking Ref. 0.106
(0.259)
Constant Ref. -0.584
(0.673)
N (obs.) 15363
N (ind.) 569
Log Likelihood -3395
AlC 6831
CAIC 6943
BIC 6992
Preditive quality 97.5%
Class membership (%) 25.5 74.5
Note: p<0.1; p<0.05; p<0.01
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C Link to supplementary material

The supplementary material for this chapter can be found at this link.
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Chapter 2

Mapping preferences derived from a choice experiment. a com-

parison of two methods

This chapter is a joint work with Léa Tardieu (INRAE, TETIS), Romain Crastes dit Sourd (Uni-
versity of Leeds) and Maia David (AgroParisTech, PSAE).

Abstract. In recent decades, discrete choice experiments (DCESs) have proven useful for guid-
ing policy-making decisions, particularly regarding the expression of individual preferences for
various policy options. However, when considering spatial planning policies, the usefulness of
results such as averaged individual or group preferences may prove limited for decision-makers,
since the spatial heterogeneity of preferences is strong in most cases. This paper therefore pro-
poses two methods for mapping, at a small spatial scale, preferences derived from a DCE. Both
methods assess the in uence of socio-demographic and spatial variables on the preferences to
predict willingness to pay at a small scale. Monte Carlo simulations are used to determine the
method which best performs under simulated conditions. The methods are then compared em-
pirically in the case of light pollution mitigation policies in the Montpellier Metropolitan Area
(France). We conclude that, when applicable, the one-step method is the most t for the purpose,

although the two-step method shows practical aspects that can be of interest for applied research.

1. This research was funded by the OFB (O ce Francais de la Biodiversité), the MMM (Montpellier Méditer-
rannée Métropole), the Occitanie region, INRAE's ECOSOCIO department, the doctoral school ABIES, and Paris-
Saclay Applied Economics. We thank all the people with whom we were able to discuss and who provided useful
feedback and suggestions that led to signi cantimprovements in the manuscript: Hugo Molina, Yannick Guyonvarch,
Nicolas Astier, Tobias Borger and Raja Chakir.
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1 Introduction

Discrete choice experiments (DCEsye useful tools for informing policies in the eld of envi-
ronmental and agricultural economics. The method can o er valuable insights into populations'
preferences regarding environmental conservation or agricultural practices and disentangle the
role of various attributes of a considered policy. Consequently, the use of DCEs for environmen-
tal and agricultural decision-making has increased considerably, evidenced by numerous recent
publications on the topic (Rakotonarivo et al. 2016; Mariel et al. 2021; Meginnis et al. 2021).

DCE results are usually presented as global preferences among a population (Meyerho and
Liebe 2009; Chéze et al. 2020; Beaudet et al. 2022; Ta et al. 2022; Frings et al. 2023).This can
limit their usefulness for spatial planning policies when preferences are strongly heterogeneous
in space. Some econometric models used in DCEs, such as random parameter logit (RPL) and
latent class models, account for the heterogeneity of preferences among the population and their
socio-demographic determinants, but do not speci cally examine the heterogeneity of preferences
in space. Mapping preferences for a certain environmental good, or for a certain agricultural
practice, can be very useful to guide and spatially prioritise public action (Mitchell 1999; Bateman
et al. 2013; Requia et al. 2016) as it can indicate the area in which the proposed action is the
most acceptable and/or the most bene cial to the population of interest (e.g. local citizens or
farmers). Bateman et al. (2013) (p.47) argue that the variation between spatial environments
"makes it unlikely that any single policy will be optimal everywhere (...) which suggests, instead,
that a move toward a spatially di erentiated, targeted approach to decision-making will almost
inevitably be better". In light of this, as local DCEs are not always implementable, this study is
concerned with identifying methods that detail and map preferences derived from a global DCE
at a small spatial scale, highlighting the spatial heterogeneity of preferences.

In the DCE literature, the "spatial" feature of preferences can refer to various concepts that
require clari cation. Firstly, it can refer to preferences regarding the location of the proposed

policy, taking into account the location per se or relative to the individual's place of residence.

2. The DCE method assesses individual preferences based on choice sets including alternatives that di er in their
attributes (see Hoyos (2010) and Mariel et al. (2021) for a detailed description).
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This can be studied at the data collection stage by including a geographical attribute in the DCE
desigr or at the data treatment stage by examining how the distance to the environmental action
impacts preferences (Glenk et al. 2020). Secondly, and more generally for policies to be imple-
mented throughout a territory, the spatial characteristics of preferences can refer to the way in
which preferences are in uenced by spatial variables (i.e. characteristics of the neighbourhood
in which the individual lives, such as the population density, the ratio of natural areas or the rate
of crime); or the e ect of socio-demographic variables which are non-uniformly distributed in
space (e.g. income, education, age). Our work is in line with the latter approach, used in order to
map preferences at a small spatial scale.

A simple approach to map preferences extracted from a general DCE in a territory (e.g.
metropolitan area) at a ner spatial scale (e.g. municipality/neighbourhood) would be to directly
estimate the parameters of preferences for each spatial unit of interest (municipality/neighbourhood).
However, the survey responses obtained from a small spatial unit may be insu cient and/or
not representative of the local population. Therefore, one may need to extrapolate the global
willingness-to-pay (WTP) obtained from the DCE to each small spatial unit. Di erent options
exist in the literature to achieve this purpose (Appendix, Figure 2.A.1). In this paper, we are
speci cally interested in two methods which we propose to extend in order to map preferences
through predictiorfs

The rst method, referred to as the "one-step method", consists in using a RPL model with
interactions between the DCE attributes and spatial or socio-demographic variables (Sagebiel et
al. 2017; Danley et al. 2021). Itis then possible to predict WTPs for each small spatial unit by us-
ing the obtained interaction coe cients in a function applied to the socio-demographic statistics
of the considered spatial unit. Sagebiel et al. (2017) apply a similar approach in relation to af-

forestation policies in Germany, though they do not consider the in uence of socio-demographic

3. For example, one of the attributes included in the choice sets may be the distance or time to reach a considered
non-market good (Luisetti etal. 2011; Abiltrup et al. 2020; Ta et al. 2022) or a qualitative spatial attribute - such as the
name of a natural site - indicating the location of the environmental preservation (Schaafsma et al. 2012; Jgrgensen
et al. 2013; Lizin et al. 2016; De Valck et al. 2017). Also, a few DCEs include geographical maps in the choice
sets (Johnston et al. 2002; Horne et al. 2005; Brouwer et al. 2010; Martin-Ortega et al. 2012; Badura et al. 2020;
Bougherara et al. 2022).

4. For a detailed explanation of why alternative methods are not used in this paper, refer to Appendix A, Figure
2.A.1.
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and spatial variables in order to predict the local WTRdsing a similar method, De Valck et
al. (2017) predict a general "site quality score" using the DCE attributes. They do not however
account for socio-demographic or spatial variables either.

The second method is referred to as the "two-step method". First, the individual WTPs are
estimated using an RPL model with no interaction, the results of which are then regressed on
socio-demographic and spatial variables (Johnston et al. 2002; Scarpa and Thiene 2005; Campbell
et al. 2008; Campbell et al. 2009; Abildtrup et al. 2013; Yao et al. 2014; Johnston et al. 2015;
Czajkowski et al. 2017). Itis then possible to predict the local WTPs using the resultant regression
as a prediction function which is applied to the socio-demographic statistics for the spatial unit
of interest.

Both methods are widely used in the DCE literature to analyse the in uence of socio- demo-
graphic variables on preferences but, to our knowledge, the nal mapping step we propose has not
been used before. The one-step method has been used more frequently than the two-step method,
though the latter can be advantageous in some respects. Glenk et al. (2020) argue that using the
two-step approach makes it possible to include a larger number of variables without loosing de-
grees of freedom. In cases where model convergence is impeded by numerous socio-demographic
variables which are crucial to analysis, the two-step method may be useful. In addition, Yao et
al. (2014) suggest that, in many studies using the one-step approach, socio-demographic factors
do not seem to have a signi cant impact on peoples' preferences, whereas the two-step approach
may elucidate the e ect of these variables (Scarpa and Thiene 2005). Glenk et al. (2020) how-
ever emphasise that all conclusions drawn in second-step models rely on the precision of the
estimated individual-level parameters, which in turn hinges on the correct speci cation of the
rst-step model.

The contribution of this article is twofold. Firstly, we propose two methods of predicting

and mapping preferences derived from a DCE at a small spatial scale. We refer to these as the

5. In Sagebiel et al. (2017), the respondent's current share of forest in his/her neighbourhood, determined through
GIS data on the respondent's place of residence, is incorporated in the utility function of the respondent, which
implies that the WTP for a orestation is a function of the current forest share of the respondent. The authors are then
able to predict the WTP for a orestation in each German county, using the WTP function and the share of forest of
the considered county.

90



one-step and two-step methods (Sectich Zo our knowledge, these methods are the rst to
incorporate socio-demographic variables to spatially detail and map preferences obtained from a
DCE. They present several advantages: i) They can be applied to DCEs carried out at di erent
geographical scales, ranging from metropolitan, county, and electoral divisions, to national or
continental scales; ii) They do not necessarily require precise geographical coordinates of the
respondents' place of residence. Secondly, we compare these two methods to establish e ective
protocols and guidelines for mapping the results of DCEs. To our knowledge, our work is the
rst to propose such a comparison. To that end, we conduct Monte Carlo simulations on a model
with a simple data generating process (Section 3) in order to compare the methods in a simulated
setting. We then compare the performances of the methods empirically based on a case study
on light pollution mitigation policies in the Montpellier Metropolitan Area (Beaudet et al. 2022)
(Section 4). This enables us to confront the results of the Monte Carlo analysis with those of a
real case study and to compare the performance of the methods in a scenario with a large number
of control variables. Re ecting on our results, we address the strengths and weaknesses of each
method, provide guidelines for prospective applications, and assess how contextual limitations

and data availability may a ect their performance (Section 5).

2 Mapping preferences derived from a discrete choice experi-

ment

2.1 Estimating individual preferences from a choice experiment survey

In both the simulation and empirical cases, we use a RPL model to estimate individual prefer-
ences. In order to avoid unrealistic distributions of WTPs, the estimation is performed in WTP-

spacé (Train and Weeks 2005; Mariel et al. 2021). In a standard RPL setting in WTP-space, the

6. More precisely, the two methods that we compare are extensions of the one-step and the two-step methods
existing in the literature, extended in order to map preferences. For simplicity, we refer to both the original method
and its extension by the same name.

7. In preference-space models, WTPs are estimated as the ratio between two coe cients, with the cost coe cient
as the denominator. However, because of its log-normal distribution, the cost coe cient can take values close to zero.
In this case, there is a risk that the WTP becomes extremely high, implying an unrealistic distribution of WTPs. The

91



utility U that respondent i derives from alternative j in the choice set t is modelled as follows:
Uijt = ,(mWT Pi%(jt + pricejt) + i

where ; is a coe cient that captures price sensitivity for respondent i, mW;Ti$a vector of
preference coe cients (except for the sensitivity for the price), that can directly be interpreted
as marginal WTP (mMWTP) estimates (Mariel et al. 202}),isxa vector of attributes' levels for
alternative j in choice sett, prigeis the value of the monetary attribute for alternative j in choice
sett, and j; is the error term.

In a RPL, the coe cients MW TR and ; are allowed to vary randomly across respondents,
in order to take into account preference heterogeneity (Train 2009). We assume that ndV T P

normally distributed:
MWTPy = ¢+ i

where mW TR is the marginal WTP for individual i for the non-monetary attribute k,and
kx are respectively the mean and the standard deviation of this coe cignis a set of normal

draws N (0; 1). The monetary attribute is assumed to follow a negative log-normal distribution:

i = exp( price + price iprice)

where ,ice and price are respectively the mean and standard deviation of the monetary coe -

cient. iyice IS also a set of normal draws N (0; 1).

2.2 Eliciting the in uence of socio-demographic and spatial variables on

individuals' preferences: the one-step vs two-step method

The RPL allows for the elicitation of the in uence of socio-demographic and spatial characteris-

tics in two di erent ways, which we refer to as the one-step and two-step methods.

WTP-space avoids this issue because the distribution of the WTP is modelled directly without using a ratio.
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2.2.1 The one-step method

The RPL allows for interactions between each attribute and socio-demographic or spatial vari-
ables. For example, if we want to interact each attribute k with m control variables, we assume

that mW T By is distributed as follows:

MWTPy = ¢+ « ikt «Zi (2.1)

where Z isam 1 vector containing m socio-demographic or spatial variables, and 1 m
vector containing the coe cients associated with the interactions between attribute k and the vari-
ablesincluded in Z The way in which socio-demographic and spatial variables a ect preferences

for the various attributes is therefore directly included into the model.

2.2.2 The two-step method

The RPL model also allows to determine individual-speci ¢ posterior distributions of the mWTPs
for each attribute. More precisely, it allows to compute each individual's mMWTP conditional
distribution, based on the observed choices they made, by using the Bayes' formula (Revelt and

Train 2000; Train 2009). The conditional distribution for individual i is given by:

P(YijX;mWTP)g(mWTP;j)
P(YijX; )

h(mMWTPRijY;; X; ) =

where Y denotes individual i's sequence of chosen alternatives, X denotes all elemeptsanck
denotes the parameters of mWTP's distribution in the population. Thereforg®, (MW TP;)

is the probability of the person's sequence of choices conditional on the value of MWV TR} )

is the (unconditional) distribution of mW T;h the entire population, and P{(X; ) is the prob-

ability of the individual's sequence of choices. h(mW il'R; X; ) can be interpreted as all the

possible values (i.e. the distribution) of mW TP for individual i, given the attributes and their

levels, the sequence of choices and the parameters of MW TP's distribution in the population

(Revelt and Train 2000; Train 2009; Sarrias 2020). The individual-speci c coe cients are deter-

mined by averaging all potential values of W TiBr each individual, denoted asW T P;. Due
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to the absence of a closed-form solutiondfoW/ T P;, this average must be approximated through
simulation. This is accomplished by drawing samples of mW Tr&ém the population density
function g(mMW TRj ) (Sarrias 2020).

The in uence of the socio-demographic and spatial variables are determined in a second step,
by estimating the regression ofW T P; for an attribute on all the control variables. Therefore,

we estimate:
mWTPi = ot 1Zi (22)

where g isthe interceptand; al m vector that contains the coe cients associated with the

variables included in Z

2.3 Prediction of WTPs for each small spatial unit and preferences map-
ping

We further predict the mWTPs for each spatial unit of interest with the two aforementioned meth-

ods. This is done in several steps. First, we derive the prediction function for the average mWTP

of each attribute. For the one-step method, taking equation (2.1), the prediction function of the

mWTP of individual i for attribute k would be:

mw T pPred (Zi)=c« + bZ

ik;one step

where g and R are respectively the estimates gfand .
For the two-step method, the results of the second-step regression provide the coe cients
of the control variables for each attribute. Taking equation (2.2), the prediction function of the

mWTP of individual i for attribute k would be:

mW T PR, step (Zi) =Co+C1Z (2.3)

where ¢ and ¢, are respectively the estimates gfand ;.
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In both cases, we end up with a function that depends on the socio-demographic and spatial
variables. Second, we apply these functions to the socio-demographic and spatial statistics of each
spatial unit. More precisely, we replace continuous variables by their average over the population
of the considered spatial unit, and we replace categorical variables by the proportion of people in
each categofy Thus, we obtain the predicted mWTP for each attribute and each spatial unit.

The statistics of each spatial unit (prediction data) can be obtained from di erent data sources,
such as the general census. This means that one needs to select spatial units for which data on the

population's socio-demographic composition and spatial characteristics is available.

3 Simulation-based comparison of the two methods

We use Monte Carlo simulations to compare the one-step and two-step methods. The Monte
Carlo simulations are based on a ctitious dataset on which both methods are tested. The dataset
consists of a series of choices, made by individuals on choice sets, based on preferences with
predetermined parameters. This makes it possible to compare the results of each method with
the "true" preferences, which is not possible using a real case study in which we do not know the
true value of the preferences. Monte Carlo simulations have already been employed in several
studies to analyse the properties of econometric models used in the context of discrete choice
experiments (e.g. Sarrias 2020; Budzi«ski and Czajkowski 2021, 2022). Although Monte Carlo
simulation relies heavily on assumptions about the data-generating process, which can limit the
generalizability of its results, it remains a valuable tool for providing insights into the statistical

properties of models and assessing their ability to accurately recover true parameter values.

3.1 Baseline framework

We simulate a ctitious population of 500,000 individuals, spread over nine di erent spatial units

(i.e. neighbourhoods). Each neighbourhood has the same surface area, but the inhabitants are not

8. To be more speci c, since there is a reference category for this type of variable, we calculate a weighted average
based on the percentage of individuals in each category. For example, if within a spatial unit there are 55% of men
and 45% of women, the reference variable is "woman", and we nd a coe cient of 8 associated with this variable,
then the contribution of this variable to the average mW T P of the spatial unit would be 0:55 8+0:45 (8) = 0:8
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Table 2.1: Socio-demographic and spatial characteristics of the population used for the data
generating process of the Monte Carlo simulations

Population density Distribution of

(thousand hab/km?) income (in thousand e)
Zone 1 1.758 N (2;0:4)
Zone 2 0.879 N (1:5;0:2)
Zone 3 0.440 N (1:6;0:2)
Zone 4 0.440 N (1:8;0:3)
Zone 5 4.395 N (2;0:2)
Zone 6 0.352 N (2:5;0:4)
Zone 7 0.264 N (1:9;0:2)
Zone 8 0.176 N (2:2;0:1)
Zone 9 0.088 N (2:4;0:2)

evenly distributed throughout each neighbourhood. This results in neighbourhoods with various
population densities. We simulate a socio-demographic variable which is unevenly distributed
among spatial units. The socio-demographic variable we choose is the individuals' income, as
this variable tends to vary considerably both within and between geographic ré@iensicome

tends to di er between individuals living in the same spatial unit, and the distribution of income is
di erent for each spatial unit). The population density and distribution of income in each spatial
unit are summarised in Table 2.1. For each iteration, we randomly draw 1000 individuals from
our ctitious population to represent a sample of respondents.

We assume that each respondent makes ten choices. As is commonly found in DCEs, each
choice is made from a set of three alternatives. Alternatives are de ned by two attributes, includ-
ing a cost attribute, which both follow a uniform distribution U (0; 2). This very simple framework
allows us to derive individuals' preferences towards a single non-monetary attribute, which sim-
pli es the comparison of the two methods. Respondents are expected to choose the alternative

that yields the highest utility. Utility of respondent i when choosing alternative j in the choice

9. For example, in metropolitan France, the median standard of living recorded by EPCI ("Public intercommunal
cooperation establishments”, administrative groups in which municipalities share powers) varies from 16850 per
year to e38140 per year (https://www.insee.fr/fr/statistiques/6436484?sommaire=6036904+#consulter).
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Table 2.2: True values of the parameters used in the Data Generating Process of the Monte
Carlo simulations

Attribute 10 3 5
Cost -1 1

settis de ned as follows:

Uijt = i(mWT P;Attribute it T COStJ‘t )+ iit

We assume that the error terpn follows a standard extreme value distribution. As previously,
the parameters mW T;Rand ; are allowed to vary randomly. The parameter mW Tdlows a

normal distribution. ; follows a standard negative log-normal distribution:

i;cost — eXp( cost T cost i;cost)

We assume that preferences depend on socio-demographic and spatial variables. Conse-
guently, we need to incorporate these variables into the de nition of m\\y €fsuring that it
is correlated with the preferences for the attribute. Since our research question concerns spatial
analysis, we choose a socio-demographic variable not only speci c to each individual, but also not
uniformly distributed across the nine spatial units. This ensures that the predicted mWTPs di er

from zone to zone. The income variable is included in the de nition of mW,Ta3 follows:

mWTP, = + i + Income;

The mean and the standard deviation of the mW foPthe attribute are denoted by and
respectively. is the interaction parameter associated with the "income" variable. The values of
the parameters used in the data generating process are summarised in Table 2.2.

Simulations are replicated 100 times. For each replication, the parameters are estimated us-
ing both the one-step and two-step methods. In the baseline framework, the parameter of interest

derived from the one-step approach is expected to be consistent, as this method aligns fully with
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the data-generating process. However, it is worth investigating whether the two-step approach,
which o ers signi cant computational advantages, achieves an acceptable level of performance
(Budzi«ski and Czajkowski 2021). We compare the methods in two stages. First, we compare
the parameters of interest, estimated using the models, with the true values used to generate the
data. In the case of the one-step method, the parameters of interest are the coe cients associated
with the attribute (awribute @Nd awribute ), @nd the interaction between the attribute and the con-

trol variable, income (). In the case of the two-step method, the parameters of interest are the
coe cients of the second-step regression: the interceg),(and the coe cient associated with

the control variable (;). At this stage, we compute the following statistics averaged over the S

samples that converge:

~ Sample mean of the estimated parameters:

~ Sample mean of the estimated standard deviation of the parameters (for random coe cient

in the one-step method):

_ 1 X
b= < b

s=1

" Mean absolute percentage error (MAPE):

" Mean absolute error (MAE):
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MAE = éxs Y
s=1
where is the true value of , , gor 1, and bs is the estimated value of , , gor 1in
simulation s.

We then determine the true mWTP of each spatial unit z (mW)Taeécording to its socio-
demographic and spatial composition (see above). These preferences are compared with those
predicted by the two methods. The coe cient used for the prediction is the sample mean of the
estimated parameters over the S samples that converge. For the one-step method, the predicted
mW TP for the spatial unit z is as follows: mMWTHPY = b+ Hncome ,, and for the two-
step method, the predicted mW TP for the spatial unit z is mWTFP= Co + Cilncome,,
where Income is the average simulated income in spatial unit z. We calculate the mean absolute
percentage errors (MAPE) and the mean absolute errors (MAE) of each method over the 9 spatial

units:

" Mean absolute percentage error (MAPE):

1X mWTP, mWTP pred
MAPE = = Z z

9 ., mW TP,
" Mean absolute error (MAE):
11X .
MAE = 5 imMWTP, mWTP Predj
z=1

We use the R package Apollo, created by Hess and Palma (2019), as it is exible and cus-

tomisable.
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3.2 Extensions

As previously discussed, the one-step method is anticipated to perform better in the baseline
framework due to its alignment with the data-generating process. However, itis crucial to examine
its behavior under various scenarios that may impact the e ciency of the methods, particularly
when the parameter estimates are inconsistent with the data-generating process. To evaluate the

robustness of each method's performance under di ering conditions, we propose three extensions.

3.2.1 \Variation of the sample size and the number of choice sets

First, we assess the robustness of the one-step and the two-step methods in relation to the sample
size N and the number of choice sets T. We choose N = f100; 500; 1000g, and, following Revelt
and Train (2000) and Sarrias (2020), we choose T = f5; 10; 20; 50g.

The chosen values for N correspond to standard sample sizes used in DCE'&tiRkgard-
ing the values of T, 20 or 50 choice sets may seem excessively numerous and therefore unrealistic.
A few papers suggest that no more than 4 to 6 choice sets should be used in order to avoid ex-
cessive cognitive fatigue. However, the ndings of other studies do not broadly support this idea;
it seems that the number of choice sets respondents can bear actually surpasses commonly held
assumptions. Presenting a large number of choice sets is therefore a realistic option to consider
(Mariel etal. 2021). Inthis setting, the parameter of interest obtained through the one-step method
remains consistent. However, it is valuable to investigate how the parameters estimated by both
methods, particularly the two-step method, behave as N and T increase. Notably, Sarrias (2020)
demonstrates that the bias in individual-speci ¢ estimates decreases as the number of choice sets

increases.

10. For example, many DCEs involving farmers only have about a hundred respondents, re ecting the di culty
of collecting responses from this demographic (e.g. Jaeck and Lifran (2014) and Cheze et al. (2020)). According
to Mariel et al. (2021), "300-500 respondents might be su cient to obtain valid estimates for stated preferences”,
and "In order to represent a country's population in terms of socio-demographics, a sample size of around 1000
respondents should be su cient and this number does not depend on the size of the country.”
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3.2.2 Omitted variable

Second, we aim to evaluate the robustness of both methods in the event that a variable is omitted.
It is common for certain variables to be overlooked or unobserved despite their in uence on in-
dividuals' preferences. This is true of spatial and socio-demographic variables, which can a ect
the prediction of local MWTPs but which are not observed. For instance, in Beaudet et al. (2022),
studying the social acceptability of light pollution reduction, the crime rate in a neighbourhood
might a ect preferences whereas this statistic is not available at a ne geographicscale.

We therefore simulate new preference data for the theoretical population, assuming that pref-
erences toward the attribute are in uenced by another spatial variable, the population density,
which we deliberately omit when using the one-step and the two-step methods. We assume that

the omitted variable, the population density, varies between spatial units:

mMWTP, = + i + Income + Population density

where the variable Population density is simulated as displayed in Table 2.1, and where we assume
that = 10.
In this case, the parameter estimated using the one-step method, similar to that obtained

through the two-step method, is inconsistent.

3.2.3 Heteroskedasticity

Finally, we assess the robustness of the models in the case of heteroskedasticity. In some cases,
the variance of preferences is not identical for all individuals; it may be in uenced by socio-
demographic or spatial variables. For example, high income individuals may have very hetero-
geneous preferences regarding an environmental issue (e.g. the use of cars in core city centres),

whereas low-income individuals may have more homogenous preferences on tHis issue

11. In France for example, the Ministry of the Interior only provides public statistical data on crime at the municipal
level. Given the spatial variation of crime rates within certain municipalities, it seems risky to use data at such a
coarse scale.

12. As was the case in a recent referendum on increasing parking fees for very spacious cars in the core centre of
Paris.
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Table 2.3: Simulation results

Attribute

Income

True value

b T

MAPE

MAE

True value

b

MAPE

MAE

S

One-step 10

Two-step 10

10.7 16

[10.2;11.3] [1.0;2.2]
19.8

[19.4;20.2]

22.4%
[18.8% ; 25.9%]
98.0%
[94.0% ; 102.0%]

22
[1.9;2.6]
9.8
[9.4;10.2]

5

5

13
[4.6;5.1]
0.12
[0.09; 0.16]

21.8%
[18.8% ; 24.7%]
97.6%
[96.9% ; 98.2%]

11
[0.9;1.2]
49
[4.8;4.9]

100

100

Note : The results are averaged over the number of samples S for which the RPL converges. 95% con dence intervals are shown in square

brackets.

In this instance, we assume that the respondents’ income impacts the variance of their prefer-

ences for the attribute. More precisely, we assume that:

mMWTP, = +eXp( Extensionincome) i

where eqensions = 1. We thereby assume that the preferences of the more a uent are more
heterogeneous than the less a uent, as illustrated in Appendix, Figure 2.B.1.
In this case, the parameter estimated using the one-step method, similar to that obtained

through the two-step method, is also inconsistent.

3.3 Results of the simulation-based comparison
3.3.1 Baseline framework

We rst analyse the results for the baseline framework, i.e. for T = 10 and N = 1000. Table
2.3 presents the results for the coe cients associated with the attribute and the income variable,
averaged over 8. These results indicate that the one-step method performs well; the average of
the estimated coe cients for the attribute is 10.7 which is fairly close to the true value (10). For
the coe cient associated with income, an average of 4.82 was given. This is very close to the
true value (5).

By contrast, the two-step method performs quite poorly. The average intercept value is 19.8
which is much higher than the true value of 10. The associated mean average percentage error
(MAPE) is 98% which is far greater than that of the one-step method (22%). The coe cient for

income is 0.12; much lower than its true value of 5.

13. The results for the parameters are available in the Supplementary Material.
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Table 2.4: MAPE and MAE for the mWTP predictions

MAPE MAE
One-step 1.8% 0.35
[1.4% ;2.2%] [0.29; 0.41]
6.4% 1.27

Two-step [2.6% ; 10.3%] [0.53;2.01]

Note : The results are averaged over the 9 spatial units. 95% con dence intervals are shown in square brackets.

We now examine the mWTP predictions for each spatial unit. Table 2.4 presents the MAPE
and MAE. Both errors are signi cantly lower for spatial predictions compared to the coe cients.
However, the one-step method still outperforms the two-step method, achieving a MAPE of 1.8%,
which is more than three times lower than that of the two-step method (6.4%).

Considering prediction representation for each spatial unit (Figure 2.1), we observe that the
two-step method shows minimal variation across areas, while the one-step method's predictions
closely mirror true values. The low MAPE of the two-step method results from its predicted val-
ues being near the average mW TP (19.95), attributed to the signi cantly underestimated income
coe cient (0.12). This result suggests that the two-step method fails to capture the variance in
MWTPs that is in uenced by socio-demographic variables, as the second-step regression inade-
guately accounts for income's impact, yielding a near-zero income coe cient.

More generally, individual-speci ¢ posterior distributions from RPL models are criticized
for requiring numerous choice sets, which may not always be feasible. Moreover, Sarrias (2020)
highlights that misspeci ed preference distributions in the rst-step RPL model (which is the case

here) lead to inaccurate individual MWTPs.

3.3.2 Extensions

We now consider the results of the rst extension, i.e. varying N and T. Table 2.B.1 in the
Appendix displays the MAPE and MAE for the mWTP predictions for each (N; T)!fya@nd
the graph with the predictions for each spatial unit is depicted in Figure 2.B.2 in the Appendix.

For the one-step method, both MAPE and MAE decrease as T increases, regardless of N. For

14. The results for the parameters are available in the Supplementary Material.
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Figure 2.1: Average mWTP for the nine geographic zones

example, with N = 100, the MAPE decreases from 139% at T =5t04.1% at T = 50. In the
two-step method, the MAPE is much higher for T = 5 but stabilizes around 6.5% for T  10.
The one-step method continues to improve with increasing T, leading to a more pronounced
performance di erence between the methods as T and N increase.

The MAPE and MAE for the extensions "omitted variable" and "heteroskedasticity" are pre-
sented in Table 2.B.2 in the AppendfixIn the case of the omitted variable, there is no signi cant
di erence between the one-step and two-step metHodRegarding heteroskedasticity, the one-
step method performs signi cantly better than the two-step méthod

To sum up, in our Monte Carlo setting, the one-step method always performs better or at the
same level as the second-step method.

4 Empirical comparison of the two methods

We shall now present a case study on light pollution reduction policies to which we applied our
methods. We believe that the case study is complementary to Monte Carlo analysis, since our

Monte Carlo simulations only account for one socio-demographic variable whereas, in reality,

15. The results for the parameters, and the graphs with the predictions for each spatial units are available in the
Supplementary Material.

16. The results of the t-test are as follows: test statistic = 0.53, p-value of 60%.
17. The results of the t-test are: test statistic = -3.70, p-value of 0.3%.
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many variables generally in uence preferences.

4.1 Case study and dataset

We rely on data collected by Beaudet et al. (2022). Using a DCE, this case study assesses citizens'
willingness to accept public lighting changes in the Montpellier Metropolitan Area (MMA).

The MMA is a large, highly urbanised French metropolis with considerable levels of light
pollution (Beaudet et al. 2022). Light pollution from the MMA threatens the night sky of the
Cévennes National Park - designated an International Dark Sky Reserve in 2018 - given their
proximity to one another. Since 2021, the MMA has been developing a "Lighting Master Plan"
to curb energy consumption and mitigate light pollution in order to allay its harmful e ects on
wildlife and human health. This plan aims to reduce light intensity in numerous areas of the
metropolis and to deactivate nighttime lighting in many municipalities of the MMA including the
Montpellier city centre. Beaudet et al. (2022) investigated the general preferences for di erent
light pollution mitigation options across the entire population of the MMA. However, further anal-
ysis at a ner spatial resolution is warranted to enhance decision-making by better understanding
the needs of the population based on their speci ¢ locations.

Four attributes of the light pollution reduction plan were analysed in the DCE: (1) light in-
tensity reduction, (2) lighting switch-o , (3) colour of the light, and (4) residence tax; a nancial
attribute. The attributes and their levels, and other socio-demographic variables collected over
the course of the study, are summarised in Table 2.5. Three options of light pollution mitigation
policy were presented in 9 choice sets, including a status quo option representing the worst-case
scenario in terms of light pollution (no lighting switch-o , no reduction of light intensity, white
color, and no change in the resident tax).

An initial sample of 1148 responses was obtained. Unlike Beaudet et al. (2022), we remove
the two people from the sample group who indicated "other" for their gender as this category
is not included in the 2021 French census which we rely on to predict WTPs at a small spatial
scale. We include the variable "income" in the regressions, to which 12 respondents chose not to

answer. Consequently, the nal sample size is 1134. This nal sample is not totally representa-
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tive of the MMA population because it includes proportionally more women and individuals in
managerial and professional positions. We therefore use the raking ratio method to obtain a more

representative sample (Rebecq 2016; Beaudet et al. 2022).
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4.2 Econometric speci cation and predictions

Contrary to Beaudet et al. (2022) who used a latent class logit model, we use an RPL model
in WTP-space as it better suits the spatial purpose of our study (see section 2.1). We use 5000
sobol draws which we consider to be a reasonable number given the DCE*eSlimbases of
categorical variables with more than two levels (Lighting switch-o and the ASC) are determined
following Walker (2002)°.

Regarding the second-step regression of the two-step method, we check for spatial autocorre-
lation between individual WTPs to decide whether an adapted regression is required. The results
of the Lagrange multiplier tests indicate the absence of spatial dependence concerning individual
WTPs (see Supplementary Material for more details). Consequently, we conduct a simple linear
regression of individual WTPs on the socio-demographic and spatial variables.

The control variables used are the same for both methods and can be found in the 2021 French
Census at the level of a municipality or an IRIS ("llots Regroupés pour I'Information Statistique").
IRIS are the smallest, most detailed geographical statistical units available in France. Some of
the variables studied by Beaudet et al. (2022) do not meet our study criteria. The variables in
guestion are bike , a dummy variable used to indicate whether the individual usually travels by
bike rather than walking at night; and "time spent on the survey introduction”, which was used
in the initial DCE as a proxy to gauge how well-informed the respondents were on the subject
of light pollution. Data pertaining to these variables are unavailable at a ne spatial scale in the
Census or other spatial datasets and these variables are therefore excluded from our study.

Other spatial variables that are relevant to the studied policy could be reconstituted from var-

18. According to Czajkowski and Budzi«ski (2019), a minimum of 2000 draws is required for a setting of 5 at-
tributes, and 20 000 draws for a setting of 10 attributes. In our case, 4 attributes are considered, plus the ASCs
(Alternative Speci ¢ Constants, Table 2.5), with a total of 10 levels.

19. According to this author, the choice of base categorical variable (i.e. the choice regarding which alternative
to constrain) is not arbitrary, and one must choose the minimum variance alternative. To determine this value, we
compute an unconstrained model (i.e. with no base for our three-level categorical variables), and we choose the
alternatives with the lowest variance (Walker 2002). For the one-step model, our base levels are ASC1 (the rst
column of the choice sets) and SwitchO 2 (Switch-o from 1 a.m. to 5 a.m). For the two-step model, our base
levels are ASC2 (the second column in the choice sets) and SwitchO 2 (Switch-o from 1 a.m. to 5 a.m). In
order to recover the value for SwitchO 2 in both models, which is of actual interest for model interpretation and
pOIiCy making, we CompUteSWitch—OZW.r.t NoSwitch-o = NoSwitch-o and Switch-0 3 w.r.t NoSwitch-o = NoSwitch-o +

switch-0 2- Standard errors for the new mean WTP estimates are computed using the Krinsky and Robb procedure
(Krinsky and Robb 1986, 1990)
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ious datasets for inclusion in the model. For instance, we include the variable "SUA" (Sensitive
Urban Area, Zone urbaine sensible - an urban area with signi cant socio-economic challenges,
targeted for government support), used as a proxy for feeling of insecurity - which can a ect
preferences regarding light pollution reduction measures. Indeed, an Inférgietisnisation
survey showed that the feeling of insecurity was more commonly expressed by residents of pri-
ority districts; the most sensitive urban aréa3he SUA variable corresponds to the percentage

of geographical surface area considered a priority district of the city.

For the one-step method, the control variables are interacted with the ASCs and with the
attribute Lighting switch-o , which levels are Switch-o from 1 a.m. to 5 a.m. (SwitchOff2)
and Switch-o from 11 p.m. to 6 a.m. (SwitchOff3). Besides the ASCs the most commonly
interacted variables in DCE studies the Lighting switch-o attribute was selected for interaction
because Beaudet et al. (2022) found that this variable distinguishes between preference classes
and elicits respondents' heterogeneity. As for the Monte Carlo simulations, we use the R package
Apollo, created by Hess and Palma (2019).

We predict mWTPs at the IRIS level using various sources of socio-demographic and spa-
tial data. More speci cally, we apply the function derived from the results of both methods to
the average socio-demographic characteristics at the IRIS level, for each IRIS. We rst consider
the socio-demographic composition of each IRIS, available in the most recent Census (2021)
provided by the INSEE (the National Institute of Statistics, France). The Census provides in-
formation such as gender ratio, the number of people in each age category, and the number of
households with children. The switch-o pro le of the municipality (i.e. whether the municipal-
ity has already applied lighting switch-o measures) by IRIS is provided by the MMA services.
The population density is calculated by dividing the population by the surface area of each IRIS.
Finally, we identify the perimeters of SUAs as de ned by the urban prioritisation policy intro-
duced in 2015, details of which have been made publicly available ofilifsy cross-referencing

the SUA perimeters with those of the IRIS, we are able to nd the percentage of each IRIS that

20. Interstats is the statistical service of the Ministry of Interior in France

21. https://mobile.interieur.gouv.fr/Interstats/Themes/Relations-avec-la- population/Sentiment-d-insecurite/
Rapport-d-enquete-CVS-2019- Sentiment-d-insecurite-et-preoccupation-securitaire

22. https://www.data.gouv.fr/fr/datasets/zones-urbaines-sensibles-zus/
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is considered an SUA.

4.3 Analysis of the socio-demographic and spatial determinants of WTPs

The results of the RPL for the one-step and two-step methods are presented in Tables 2.6 and
2.7 respectively. The results of the second-step regression of the two-step method are presented
in Table 2.8%. A detailed description of the results has been provided in the Supplementary
Material.

Regarding the coe cients of the attributes (shown respectively in the upper part of Table 2.6,
and in Table 2.7), we nd that the one-step and two-step methods elicit di erent signs for the
coe cient associated with ASC2. This may stem from the absence of interaction when using the
two-step method. With the exception of these parameters, the coe cients for both methods have
the same sign and are strongly signi cant. It should however be noted that the absolute values of
the coe cients associated with Switch-o are greater for the one-step method than for the two-
step method. This probably stems from interactions with socio-demographic variables, present
in the rst method, which capture some of the variance in preference for the attributes.

Let us now consider the in uence of the socio-demographic and spatial variables on prefer-
ences for the attributes SwitchO 2 and SwitchO 3 (shown respectively in the lower part of Table
2.6, and in Table 2.8). We test the interaction with several variables: gender, age, whether the
respondent has children, population density, income, switch-o pro le of the municipality, and
the share of the respondents' local area considered an SUA.

On the whole, the results of both methods are considerably similar, despite minor variations

of signi cance for the variables gender, children and income.

23. The standard errors from a simple OLS regression are incorrect in this case as it is necessary to account for
two additional sources of uncertainty and variation: (i) the estimation uncertainty inherent in the coe cients of
the RPL model, and (ii) the fact that the individual mMWTP values represent moments (speci cally, the mean) of
the conditional distribution of the random parameters. Consequently, we simulate the standard errors in the OLS
regression. A comprehensive description of the simulation procedure is provided in the Supplementary Material.
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Table 2.6: Results of the one-step method

Attribute WTP SD
Switch-0 2 44:1 48:0
(5.6) (6.2)
Switch-0 3 40:5 56:7
(8.4) (6.5)
Color 19:1 22:1
(6.1) (2.2)
Intensity 0:28 0:35
(0.07) (0.03)
ASC2 12:4 19:2
(5.0) (1.6)
ASC3 50:0 455
(5.7) (4.9)
Switch-o 2 Gender 9:4 -
(54
Switch-o 3 Gender -5.8 -
(6.3)
Switch-o 2 Age 6:1 -
(2.4)
Switch-o 3 Age 7:3 -
(4.1)
Switch-o 2 PopDensity 0:002 -
(0.001)
Switch-o 3 PopDensity 0:003 -
(0.001)
Switch-o 2 Children -3.4 -
(3.1)
Switch-o 3 Children 8:4 -
(4.6)
Switch-o 2 Income 0:004 -
(0.001)
Switch-o 3 Income 0.002 -
(0.002)
Switch-o 2 SwitchO Pro le 4.9 -
@.1)
Switch-o 3 SwitchO Pro le 19:5 -
(6.0)
Switch-0 2 SUA -28.1 -
(27.5)
Switch-o0 3 SUA 9.9 -
(23.4)
ASC2 Gender 74 -
(2.3)
ASC3 Gender 15:5 -
(4.1)
ASC2 Age 33 -
(1.1)
ASC3 Age 12:5 -
(3.8)
ASC2 PopDensity 0.0003 -
(0.0004)
ASC3 PopDensity 0:0006 -
(0.0003)
ASC2 Children 25 -
(2.4)
ASC3 Children 19:4 -
(2.2)
ASC2 Income 0.001 -
(0.001)
ASC3 Income 0:011 -
(0.002)
ASC2 SwitchO Pro le -3.2 -
(2.8)
ASC3 SwitchO Pro le 7.6 -
(5.9)
ASC2 SUA 21.3 -
(25.4)
ASC3 SUA 80:5 -
(30.8)
N (obs.) 10206
N (ind.) 1134
Log Likelihood -6664
AlC 13411
BIC 14438
Note: p<0.1; p<0.05; p<0.01
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Table 2.7: Results of the two-step method - First step regression

Attribute WTP SD

Switch-o0 2 25:6 47:0
(4.6) (5.0)

Switch-o 3 19:5 55:8
(4.4) (5.8)

Color 18:3 21:3
(3.4) (2.3)

Intensity 0:25 0:32
(0.04) (0.04)

ASC2 4:0 17:8
(2.1) (3.2)

ASC3 23:0 57:2
(3.3) (5.1)

N (obs.) 10206

N (ind.) 1134

Log Likelihood -6793

AlC 13614

BIC 13716

Note: p<0.1; p<0.05; p<0.01

Table 2.8: Results of the two-step method - Second-step regression

Switch-02  Switch-0 3

Intercept 36:39 29:29
(6.75) (6.77)
Gender 1.99 5:00
(1.90) (2.42)
Age 3:28 2:89
(1.23) (2.47)
PopDensity 0:0009 0:0013
(0.0003) (0.0003)
Children 0.89 3.13
(1.99) (2.49)
Income -0.0004 -0.0011
(0.0013) (0.0016)
Switch-o Pro le 2.81 6:47
(2.82) (3.54)
SUA -23.24 -27.39
(14.69) (18.28)
N (obs.) 1134
Note: p<0.1; p<0.05; p<0.01
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Table 2.9: Standard deviation of the predictions

Switch-o0 2 Switch-o0 3
lam.-5am. 11 p.m. 6 am.

One-step 16.27 21.96

Two-step 10.02 13.24

4.4 WTP predictions and preferences mapping

Prediction results for the two methods and the two attributes of interest (Switch-o 2 and Switch-
0 3) are depicted in Figure 2.2.

When comparing the predicted values of the one-step and two-step methods, we nd that
the two-step method generally predicts far less widespread values of mMWTP than the one-step
method. For example, regarding lighting switch-o from 11 p.m. to 6 a.m. SwitchO 3), the
one-step method predicts values that range between e122 and e47, while the two-step method's
predictions range between e73 and e27. Moreover, when compared with the one-step method,
the two-step method shows little variation in the prediction of mMWTPs between di erent IRIS.
This is consistent with the ndings of the Monte Carlo simulations (Figure 2.1), and con rmed
by the standard deviation of the predictions (Table 2.9) which are more than 1.5 times higher
when using the one-step method. As a result, the maps created using data obtained through the
one-step method show a greater level of variation between municipalities. However, this lack of
spatial heterogeneity with the two-step method is considerably less pronounced compared to the
Monte Carlo simulations and we observe similar general patterns with the two methods, with a

lower social acceptability in the center of Montpellier compared to the surrounding areas.

4.5 Analysis of the uncertainty of the predictions

In the Appendix, section C.1, we provide maps illustrating the widths of the prediction con dence
intervals, accompanied by a comprehensive explanation of the methodologies employed in their
calculation.

Generally, with a few speci ¢ exceptions, the con dence intervals for the one-step method

range between 20 and 40, while for the two-step method, they range between 20 and 30. Given
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Figure 2.2: Maps of the average marginal WTP in MMA, for both methods for SwitchO 2
(from 1 a.m. to 5 a.m) and SwitchO 3 (from 11 p.m. to 6 a.m)
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that the one-step method displays more widespread values, itis expected to have higher con dence
intervals.

To assess the reliability of our predictions from a public policy perspective, we map another
uncertainty indicator based on the sign consistency of the con dence interval limits. The prin-
ciple is as follows: if the upper and lower bounds of a con dence interval share the same sign
(e.q., both positive), the information provided (i.e., willingness to turn o public lighting) is reli-
able, making our prediction reliable for this IRIS. Conversely, if the bounds have di erent signs,
the information provided is unreliable. Therefore, we create and map an indicator with three
categories: (i) "Consistent-Sign CI" IRIS, where the con dence interval limits share the same
sign, (ii) "Mixed-Sign CI" IRIS, where the con dence interval limits have di erent signs, and
(iii) "Mixed-Sign CI - Neutral" IRIS, where the con dence interval limits have di erent signs but
the mWTP prediction is between -5 and 5, indicating public indi erence to the policy change.
We present maps for this indicator with 95% and 90% con dence intervals (Figures 2.C.2 and
2.C.3 in Appendix), along with a table that enumerates the IRIS in each category (Table 2.C.1
in Appendix). The frequency of mixed-sign Cls is roughly equivalent between the one-step and
two-step methods, for both 90% and 95% con dence inter¥fals.

In sum, we do not observe great variations of uncertainty of the predictions between the two

methods, although the two-step method results in slightly smaller con dence intervals.

5 Discussion on the comparison of both methods

Our ndings - both in the Monte Carlo simulations and the case study - give support to the one-
step method over the two-step one, for several reasons.

Firstly, the results of the Monte Carlo simulations indicate that, in terms of MAPE, the one-
step method outperforms the two-step method. In all cases, either the MAPE of the one-step
method is lower than that of the two-step method, or the di erence is insigni cant. Therefore, the

simulation-based comparison favours the one-step method. Unlike the Monte Carlo simulations,

24. We observe a greater number of IRIS with consistent-sign Cls for the two-step method compared to the one-
step method, especially for SwitchO 3. However, when accounting for IRIS classi ed as 'neutral’, the frequency of
mixed-sign Cls is roughly equivalent between both methods.
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in the case study, it is not possible to compare the estimation results with the true values of
preferences, so the two methods cannot be compared on this criteria. There are however further
grounds to support the one-step method.

The most notable weakness of the two-step method is that it proves di cult to represent the
spatial heterogeneity of preferences. The results of the Monte Carlo and case study analyses
(Figures 2.1 and 2.2 respectively) indicate that the two-step method predicts much less variation
between spatial units in terms of the absolute value of preferences. The observed variation be-
tween the predicted mWTP is higher in the case study than in the Monte Carlo simulations, which
is probably due to the presence of multiple control variables in the case study, but it is still signif-
icantly lower than with the one-step method. Moreover, an alternative methodology was tested,
which consists in setting non-signi cant coe cients to zero rather than including all estimated
coe cients (see Appendix, Figure 2.C.4), resulting in a further reduced spatial heterogeneity with
the two-step method.

This is a serious limitation of the two-step method as making observations on the spatial het-
erogeneity of preferences can be critical to public decision-making. For example, when mapping
the average mWTP for SwitchO 3 (Figure 2.2, lower part), the two-step method predicts values
over e 5 for all but 33 IRIS vs. 54 for the one-step method, which could lead to lighting switch-

o sin more or less IRIS according to the method. In the city of Montpellier, certain IRIS exhibit

a negative or neutral average mWTP with the one-step method, while showing a positive average
mWTP with the two-step method. Figure 2.C.6 in the Appendix illustrates this result, catego-
rizing IRIS into three groups: those with a mMWTP exceeding e 5 (indicating support for turning

o the lights from 11 pm to 6 am), those with a mWTP between e -5 and e 5 (indicating indif-
ference to the policy change), and those with a mWTP below e -5 (indicating opposition to the
change). The graph distinctly highlights the di erences in policy implications drawn from each
method, with red dots representing IRIS predicted to fall into di erent categories by the two meth-
ods. Notably, there are 20 IRIS where the one-step method predicts a mMWTP between e -5 and
e 5 (indi erent) while the two-step method predicts a mWTP exceeding e 5 (in favour of lighting
switch-o0 ), and 13 IRIS where the one-step method predicts a mWTP below e 5 (against lighting

switch-o ) while the two-step method predicts a mMWTP between e -5 and e 5 (indi erent).
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In light of our ndings, we conclude that the one-step method is more likely to yield reliable
results than the two-step method for spatial decision-making. The two-step method is however
on par with the one-step method when it comes to preference ordering. Indeed, while the pre-
dicted mWTP values di er signi cantly between the one-step and two-step methods, they are
nearly identical in relative terms, as demonstrated by the near-linear alignment of points (see Ap-
pendix, Figures 2.C.5 and 2.C.6). In our case study, the Pearson coe cient between the predicted
values is 99.4% for the SwitchO 2 level, and 91.2% for the SwitchO 3 level for both methods.

It is therefore possible to identify, whatever the method used, priority areas for environmental

governance by considering the mW TP s in relation to each other, rather than in absolute terms.
This is particularly useful in contexts where the ordering of preferences matters more than formal
cost-bene t analysis data.

Researchers may prefer the two-step approach because it is more time-e cient and o ers
greater exibility regarding the inclusion of control variables under time constr&inihis is
particularly relevant in the context of DCEs used for spatial decision-making where a larger num-
ber of covariates can be considered in the analysis, going well beyond socio-demographic data,
such as distance from main light pollution sources, as well as other factors that relate to natural
amenities and the built environment. However, this observation must be tempered when account-
ing for all sources of uncertainty and accurately estimating the standard errors in the second-stage
regression (see section 4.3 footnote 23) a process that is time-consuming and frequently over-
looked by researchers.

In addition, considering the uncertainty of the results is crucial to compare the two methods.
In section 4.5, we demonstrate that the predictions of WTP for SwitchO 3 are not interpretable
within a 90% con dence interval for 22 out of 160 IRIS in the two-step case and 25 IRIS in the
one-step case. This aspect must be integrated into the decision-making process and should not

be disregarded when spatializing preferences.

25. When using 16 processor cores, we observe that the one-step method takes between 10% and 15% more time
to run the simulations than the two-step method (Appendix, Figure 2.B.3). Moreover, the computation time of the
one-step method signi cantly increases with the number of estimated parameters, i.e. the number of control variables
included. In the case of the two-step method, the estimation duration only marginally increases with the number of
parameters as it involves a simple linear regression. For instance, in our case study, we nd that with 16 cores, the
two-step method takes 60 minutes to run, while the one-step method takes 241 minutes.
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6 Conclusion

When considering policies that impact an environmental good or agricultural practices, prefer-
ence mapping can be extremely useful to correctly guide public decision-making when prefer-
ences are spatially heterogeneous. Our study investigates two methods for mapping preferences
derived from a discrete choice experiment (DCE) at a small spatial scale. The methods proposed,
namely the one-step and two-step methods, can be used to predict the WTP of each small
spatial unit by assessing the in uence of socio-demographic and spatial variables on the general
preferences of the population. To the best of our knowledge, there is presently no application in
the DCE literature for mapping preferences at a ne geographic scale using socio-demographic
variables®. To compare the methods, we rstconduct Monte Carlo simulations. We then compare
the methods empirically, using data from a DCE that gathered preference data on policies for mit-
igating light pollution, implemented in the Montpellier Metropolitan Area (Beaudet et al. 2022).
We predict the WTPs for various lighting policies at the IRIS level using data from both the DCE
data and the 2021 Census.

The results of the Monte Carlo simulations show that the one-step method performs better
than the two-step method both in terms of parameter estimation and of spatial representation
of the results. The two-step method yields predictions with less variation between spatial units
than the one-step method. This is particularly problematic when it comes to spatially deciding
policy implementation. Regarding the results of the case study, we nd that the two-step method
predicts less widespread values of WTPs than the one-step method. The one-step method yields
more varied predictions with fewer negative or close-to-zero values. This is consistent with the
results of the Monte Carlo simulations.

The results lead us to favour the one-step method over the two-step whenever possible. How-
ever, some practical aspects of the two-step method are advantageous to applied research, par-
ticularly its short computation time under certain conditions and consequent exibility regarding

the inclusion of numerous socio-demographic variables. In cases where the two-step method is

26. Without necessarily aiming to map preferences, there is a lack of studies comparing the two methods in terms
of eliciting the in uence of socio-economic variables on preferences, to our knowledge. This article also contributes
to the literature in this regard.
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the only possible practical approach, we recommend that results are interpreted with caution, and
that predicted WTPs are analysed in relation to one another, rather than in absolute terms.

Our study su ers several limitations. Regarding the Monte Carlo simulations, the outcomes
may vary with the assumptions regarding the data-generating process (e.g. assumptions about
preferences and parameter values). Nonetheless, since the true parameter values generally remain
unknown, alternative means for comparing the two methods are scarce. To our knowledge, our
study is the rst that compares methods for mapping preferences derived from a DCE. Further
studies will be necessary to progress in this eld of research. Ideally, our results could be validated
through further investigation involving various theoretical scenarios and case studies. This could

be done using open source databases of DCE studies.
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Appendix

A Dierent possibilities to map WTPs from a DCE

Figure 2.A.1: Di erent possibilities to map WTPs from a DCE

In this paper, we focus on comparing two methods: the "one-step method" and the "two-step
method." Other methods are possible but not used in this paper (see Figure 2.A.1), for di erent
reasons.

The use of a RPL model at the spatial unit level is not feasible due to the lack of su cient or
representative samples for each small spatial unit of interest.

When estimating an RPL model without interactions and deriving individual posterior distri-
butions, three alternative methods for mapping preferences at a small spatial scale are available
but are not utilized in this study for the following reasons. First, averaging individual posterior
estimates by spatial unit faces the same issue of sample representativeness as estimating an RPL
model at the spatial unit level. Second, the kriging method is a spatial interpolation technique
that predicts the value of a quantity at a given location based on measurements from nearby

points. This approach assumes that spatial autocorrelation exists, where closer WTPs contribute
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more signi cantly to the prediction than those farther away (Rahman and Bohara 2023; Danley et
al. 2021; Campbell et al. 2009; Czajkowski et al. 2017). However, kriging becomes less relevant
in cases involving small territories of interest, such as neighborhoods, where precise geographical
coordinates of individuals' residences are unavailable, and only aggregate data at the municipality
level is accessible. A third alternative is the empirical best linear unbiased prediction (EBLUP),
a method commonly used in "small area estimation" (Feuillet 2018). While widely employed
by national statistical institutes, EBLUP poses challenges in our context, as it requires auxiliary
variables such as socio-demographic and spatial characteristics of the spatial units to align
geographically with the survey data. Unfortunately, obtaining detailed geo-localized data from
discrete choice experiments (DCES) is often di cult. In many cases, including our, DCE data

only provide the respondents' municipality of residence, with no further granularity.
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B Results on the simulation-based comparison

Figure 2.B.1: Distribution of the preferences for the attribute in the Monte Carlo simulations -
Extension "heteroscedasticity"

Figure 2.B.2: Average mW TP for the nine geographic zones - Monte Carlo Extension
"Variation N/T"
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Figure 2.B.3: Extended runtime of the one-step method compared to two-step method (Monte
Carlo simulations)
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Table 2.B.1: MAPE and MAE for the predictions - Extension "Variation N/T"

N T MAPE MAE
100 5 One-step 139% 27.92
[129% ; 149%] [24.14;31.71]
Two-step 124% 24.5
10 [110% ; 138%] [23.31; 25.68]
One-step 6.5% 1.35
[3.2% ; 9.8%] [0.58; 2.11]
Two-step 7.0% 1.37
[3.3% ; 10.8%)] [0.7;2.03]
20 One-step 6.0% 1.25
[2.9% ; 9.1%] [0.55; 1.96]
Two-step 7.5% 1.45
[3.4% ; 11.6%)] [0.75; 2.15]
50 One-step 4.1% 0.82
[1.8% ; 6.4%)] [0.35;1.29]
Two-step 6.0% 1.2
[2.5% ; 9.5%] [0.5;1.89]
500 5 One-step 7.3% 1.44
[7.0% ; 7.5%] [1.39;1.5]
Two-step 8.9% 1.86
[4.4% ; 13.4%)] [0.83; 2.9]
10 One-step 1.4% 0.29
[0.9% ; 1.9%] [0.18;0.41]
Two-step 6.3% 1.26
[2.5% ; 10.1%)] [0.51; 2]
20 One-step 5.0% 1.01
[4.2% ; 5.7%] [0.8;1.21]
Two-step 7.6% 1.46
[3.5% ; 11.7%] [0.75;2.16]
50 One-step 0.6% 0.12
[0.3% ; 0.8%] [0.06; 0.17]
Two-step 6.3% 1.27
[2.8% ; 9.8%] [0.53; 2]
1000 5 One-step 10.8% 2.15
[10.3%;11.4%] [2.11;2.19]
Two-step 11.3% 2.12
[4.7% ; 17.8%)] [0.98; 3.26]
10 One-step 1.8% 0.35
[1.4% ; 2.2%)] [0.29;0.41]
Two-step 6.4% 1.27
[2.6% ; 10.3%)] [0.53; 2.01]
20 One-step 6.6% 1.31
[6.3% ; 6.9%] [1.29; 1.34]
Two-step 8.2% 1.57
[3.5% ; 12.9%)] [0.77;2.37]
50 One-step 1.6% 0.32
[1.3% ; 1.9%] [0.28; 0.36]
Two-step 6.3% 1.24
[2.5% ; 10.1%)] [0.51;1.97]

Note : The results are averaged over 9 spatial units. 95% con dence intervals are shown in square brackets.
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Table 2.B.2: MAPE and MAE for the predictions - Extension "Omitted variable" and
"Heteroskedasticity”

Extension MAPE MAE
Omitted variable  One-step 81.9% 20.86
[49.9% ; 114.0%)] [14.86 ;26.85]
Two-step 78.4% 20.05
[53.6% ; 103.3%)] [16.33;23.78]
Heteroskedasticity One-step 21.4% 2.14
[10.6% ; 32.1%] [1.08; 3.21]
Two-step 43.1% 4.33

[33.8%;52.5%] [3.42:5.24]

Note : The results are averaged over 9 spatial units. 95% con dence intervals are shown in square brackets.
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C Results on the empirical comparison

C.1 Uncertainty of the predicted values

For each method, attribute, and IRIS, we compute the 95% con dence interval of the predicted
average mWTP. We employ distinct methodologies for this purpose in the one-step and the two-

step approaches:

"~ For the one-step approach, we use the Krinsky and Robb (1986)'s procedure. We rst ex-
tract the parameter estimates and their variance-covariance matrix. We generate 1000 draws
from a multivariate normal distribution described by these two elements. For each draw,
we compute the predicted WTPs for both variables (SwitchO 2 and SwitchO 3). In the
end, we obtain 1000 predictions for each IRIS and each variable. We calculate the standard

deviations for each parameter an specify this as the standard error of the predictions.

For the two-step method, we use the variance-covariance matrix of the predictions. Let
X represent the matrix of regression coe cients, and A denote the matrix containing the
socio-demographic and spatial characteristics of each IRIS. To calculate the prediction, we
compute the product of these matrices, AX. Let be the covariance matrix of X. To
calculate , we take into account all the sources of uncertainty, as described in section
4.33 and in the Supplementary Material The variance of the predictions is obtained by
calculating the covariance matrix of the prediction, cov(AX; AX) = A A. The diagonal
elements of this matrix provide the variances of the predictions for each IRIS, which allows

us to determine the standard errors and subsequently calculate the con dence intervals.

The nal maps are depicted in Figure 2.C.1.

C.2 Comparison of the predicted values

27. We calculate the covariance of the matrix containing the coe cients from the 1000000 OLS regressions, see
Supplementary Materials.
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Table 2.C.1: Categorization of IRIS Based on Con dence Interval Sign Consistency

Switch-o0 2 Switch-0 3
Consistent-Sign Mixed-Sign Mixed-Sign | Consistent-Sign Mixed-Sign Mixed-Sign
Cl ClI - Neutral Cl Cl ClI - Neutral Cl
One-step 140 3 17 95 27 38
0
95% Cl Two-step 145 3 12 107 19 34
One-step 143 3 14 108 27 25
0
90% Cl Two-step 148 3 9 119 19 22

Table 2.C.2: Standard deviation of the predictions (setting non-signi cant coe cients to zero)

Switch-o Switch-o
lam.-5am. 11 p.m. 6 a.m.
One-step 11.64 22.63
Two-step 6.41 9.42
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Con dence interval width for the prediction ~ Con dence interval width for the prediction
of WTP for SwitchO 2 (one-step) of WTP for SwitchO 2 (two-step)

Con dence interval width for the prediction Con dence interval width for the prediction
of WTP for SwitchO 3 (one-step) of WTP for SwitchO 3 (two-step)
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Figure 2.C.1: Maps of the 95%-level con dence intervals width for each prediction



95%-level con dence interval sign 95%-level con dence interval sign
consistency for the prediction of WTP for consistency for the prediction of WTP for
SwitchO 2 (one-step) SwitchO 2 (two-step)

95%-level con dence interval sign 95%-level con dence interval sign
consistency for the prediction of WTP for consistency width for the prediction of WTP
SwitchO 3 (one-step) for SwitchO 3. (two-step)
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Figure 2.C.2: 95%-level con dence interval sign consistency for mWTP predictions



90%-level con dence interval sign 90%-level con dence interval sign
consistency for the prediction of WTP for consistency for the prediction of WTP for
SwitchO 2 (one-step) SwitchO 2 (two-step)

90%-level con dence interval sign 90%-level con dence interval sign
consistency for the prediction of WTP for consistency width for the prediction of WTP
SwitchO 3 (one-step) for SwitchO 3. (two-step)
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Figure 2.C.3: 90%-level con dence interval sign consistency for mWTP predictions



WTP for SwitchO 2 (one-step) WTP for SwitchO 2 (two-step)

WTP for SwitchO 3 (one-step) WTP for SwitchO 3 (two-step)

Figure 2.C.4: Maps of the average marginal WTP in MMA, for both methods and SwitchO 2
(from 1 a.m. to 5 a.m) and SwitchO 3 ff&m 11 p.m. to 6 a.m), setting non-signi cant
coe cients to zero



Figure 2.C.5: Case study: comparison of the predicted values for SwitchO 2

Figure 2.C.6: Case study: comparison of the predicted values for SwitchO 3
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D Link to supplementary material

The supplementary material for this chapter can be found at this link.
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Chapter 3

Planning sustainable urban lighting for biodiversity and society

This chapter is a joint work with Léa Tardieu (INRAE, TETIS), Sarah Potin (La TeleScop), Julie
Chaurand (La TeleScop), Léa Mariton (CESCO, MNHN), Vincent Delbar (La TeleScop) and
Maia David (AgroParisTech, PSAE), published in Nature Cities (2025).

Abstract. Urban planners continuously face the challenge of reducing arti cial lighting to pro-
tect biodiversity while ensuring urban residents comfort and safety at night. Striking this balance
is crucial for supporting urban residents broadly, yet it remains insu ciently explored in current
research. Here, we integrate remote sensing and ecological modelling to assess species' require-
ments around light pollution reduction with socio-economic modelling to evaluate human resi-
dents' acceptance of various street-lighting adjustments, aiming to identify the optimal lighting
compromises for Montpellier, France, a mid-sized European city. We show that, depending on
the spatial context, both trade-o s and synergies can emerge when implementing light pollution
mitigation measures. By integrating results into an RShiny application, we enabled urban plan-
ners to prioritize actions for each streetlight. Our ndings underscore the importance of tailoring
lighting policies to the speci c environmental and social context rather than adopting a universal

'one-size- ts-all' approach.

1. The authors are grateful to the many academic colleagues for their fruitful advice and comments on early
versions of the study, in particular Jennifer Amsallem, Mathieu Chailloux, Antoine Sensier, Aurélien Besnard, Raja
Chakir, Samuel Challéat, Anne-Charlotte Vaissiére, Alexandre Pery, and Romain Crastes dit Sourd. We also thank
Maxime Lenormand for his help and support on the R Shiny application development and storage. We thank the
naturalists at the LPO, OPIE, Groupe Chiroptére du Languedoc Roussillon, the experts and citizens who have agreed
to take part of the focus groups or the survey. We also thank the MMA elected o cials and municipal technical
sta whose participation in the research has made this work possible. In relation to this work, L.T., S.P.,, J.C,,
V.D received support from the Occitanie Region in the READYNQOV Project POLLUM (7576-24001770 TETIS).
Finally, we would like to thank the three reviewers for their careful reading and constructive comments, which led to
signi cant improvements in the manuscript.
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1 Introduction

Light pollution has increased signi cantly in recent years. In 2016, Falchi et al. (2016) found that
83% of the world's population and 99% of Europeans and Americans live under light-polluted
skies, and this pressure continues to grow at an alarming rate (Kyba et al. 2017; Sanchez de
Miguel et al. 2021; Kyba et al. 2023). This rapid growth is attributable to the proliferation of
arti cial lighting sources driven by urban expansion and changes in the spectral output of lights
(such as increased emission of blue light), even if e orts in correcting the average angle of light
emissions have been observed (reducing light directed towards the horizon and the sky). This is
compounded by the rebound e ect of switching to LED (light-emitting diode) technology, which
allows more lighting to be provided for the same cost, resulting in the brightening of streetlights
and/or the multiplication of new streetlights (Tsao et al. 2010).

Arti cial lights at night (ALAN) have diverse harmful e ects that are now well demonstrated
by the scienti c community. It is rst and foremost a problem for biodiversity. Light pollution
produces light domes visible in the night sky near cities, brightening the sky over wide areas
and extending into otherwise dark areas, such as surrounding natural spaces (Kocifaj et al. 2023).
By masking the natural dark-light cycles, ALANs disrupt a wide range of taxa, both nocturnal and
diurnal. The e ects of light pollution on biodiversity have been documented from the individual
scale (e.g., changes in the physiology and reproductive, foraging and orientation behaviour of
species), to the community scale (e.g., impacts on competitive and predatory interactions), and
even to the ecosystem scale (Bittel 2017; Holker et al. 2010; Hirt et al. 2023). Light pollution
also a ects the ability of species to move at the landscape scale. For instance, attraction can
trap insects near light sources, thereby depleting dark areas within a landscape from some insect
species ( vacuum cleaner e ect, Eisenbeis et al. 2006) whereas repulsion from light sources
can lead some species to abandon or avoid spaces essential to ful | their life cycle (e.g. shel-
ters, stopovers, foraging areas, etc.) (Rydell et al. 2017) while reducing their dispersion ability,
in particular through barrier e ects (Degen et al. 2024). Therefore, light pollution can lead to a
reduction in ecological connectivity within a landscape for many species (Korpach et al. 2022;

Laforge etal. 2019), which can hinder the viability of (meta)populations. Light pollution may thus
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be an important factor in the decline of local or global populations (Owens et al. 2020). Second, it
poses a public health problem as light pollution interferes with circadian rhythms and melatonin
production in humans, subsequently impacting sleep patterns, wakefulness, eating habits and
metabolism (Wang et al. 2023). Third, light pollution signi cantly hinders astronomical observa-
tions, leading to a projected reduction in naked-eye average star visibility from 250 stars today to a
mere 100 stars in 18 years (Kyba et al. 2023), when in a city like Milan (Italy) there are about 200
visible stars and about 2000 in a pristine location (Cinzano and Falchi 2020). This deteriorates
scienti ¢ observations (Weso2owski 2023) and the cultural relationship between individuals and
the night (Stone 2018). Finally, lighting contributes to excessive energy consumption and CO
emissions. Arti cial light energy consumption is around 2 900 TWh, corresponding to 16,5% of
the world's annual electricity production and around 5% of CO2 emissions (Zissis et al. 2021),
making it a sector that cannot be overlooked in the pursuit of Paris Agreement commitments.

There is consequently a pressing need to implement strong mitigation measures in cities in
order to diminish light pollution and consider the overlooked half of the story i.e. the nocturnal
dimension of life (Irwin 2018). The restoration of darkscapes is possible, and can be reason-
ably achieved, even in big cities (Bara et al. 2021). However, it entails political will to promote
awareness of the detrimental impacts of ALAN on health, culture and the environment (Falchi
and Bara 2023) and a better recognition of the depletion of the services provided by nocturnal
ecosystems (Lyytimaki 2013). It also involves a paradigm shift in urban planning to move towards
more sustainable lighting systems.

Strong policies are thus still needed to reduce and mitigate light pollution (e.g. by setting lim-
its on light pollution as in the case of air pollution). In some cases, national legislation prescribes
measures (e.g. adjusting public street lighting to illuminate target areas directly and reduce light
spill), while other measures are left to the discretion of local elected o cials. The practitioner's
toolbox to mitigate light pollution is varied, including switch-o , which is the most extreme op-
tion, as well as changing light colours and intensity. It also includes the establishment of certi ca-
tions like "International Dark Sky Places or Starlight Certi cations . However, certi ed areas
mostly pertain to parks and protected areas, where it is relatively straightforward to achieve win-

win situations when reducing ALAN (e.qg., the substantial bene ts of Dark Sky tourism, Mitchell
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and Gallaway 2019).

The urban and suburban context presents a particular challenge as the conservation needs
related to ALAN reduction may con ict with human uses of lights. Some policy approaches,
currently favoured by practitioners in France, emphasise biological needs and rely heavily on
existing blue-green infrastructure (Sordello et al. 2022). However, mitigation measures can be
received both positively and negatively by residents (Beaudet et al. 2022) and resistance (or the
perception of resistance) to change is often the greatest barrier to implementation for local elected
o cials (Beaudet et al. 2022). Even in the case of measures that may go unnoticed by residents
(Green et al. 2015), the pursuit of procedural justice advocates for the development of lighting
plans that take into account people's preferences for street lighting. Yet, very few studies address
the social aspects of sustainable lighting (Lyytimaki and Rinne 2013; Beaudet et al. 2022; Willis
et al. 2005; Mitchell et al. 2017; Silver and Hickey 2020; Zielinska-Dabkowska 2022; Bara and
Falchi 2023; Bebronne et al. 2024). The December 2023 edition of the Science for Environment
Policy report (Directorate-General for Environment 2023) exempli es this oversight with little
coverage of social considerations and ndings from social science research on light pollution.

The consideration of biodiversity and society in sustainable lighting inevitably requires spatial
information to locate where the need for compromises are concentrated. On the biodiversity
side, a growing body of research focuses on the spatial delineation of areas where species have a
pronounced need for ALAN reduction, or where light reduction has the most signi cantimpact on
restoring connectivity (Laforge et al. 2019). However, to our knowledge, there has been no prior
attempt to map citizens' reception of the light pollution mitigation measures, nor the crossover
with biodiversity needs.

In this study, we develop a spatial analysis of species' requirements for ALAN reduction
and the residents' acceptability to changes in night-time street lighting in the mid-size European
metropolis of the Montpellier Metropolitan Area (MMA), South of France. The MMA holds 31
municipalities, 507 526 inhabitants, and has the France's highest demographic growth (1.8% an-
nually). The light pollution emitted by the MMA is particularly problematic due to its proximity to
the Cévennes National Park, one of the six parks in France which received the International Dark

Sky Reserve label. To address this issue, the MMA has been developing since 2021 a "Lighting
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Master Plan" aiming at reducing the light intensity and planning part-night lighting switch-o s
in various areas of the metropolis, including the city centre.

Methodologically, we bring di erent contributions to the literature. First, we use very high
spatial resolution multi-spectral satellite imagery, i.e. Jilin 1, to delineate two facets of light
pollution: (1) the level of upward light emissions and (2) the visibility for di erent species of
light peaks detected by satellite imagery. Second, we predict the landscape connectivity with
and without light pollution for six di erent groups of species by collaborating with local experts
to draw upon their knowledge, species inventories and land cover metrics. Third, we map cit-
izens' preferences from the results of an extensive discrete choice experiment carried out with
1148 citizens of the MMA. We nally cross biodiversity needs and citizens' acceptability of light
pollution measures, enabling us to map mutually bene cial actions on public streetlights in the
metropolis and more problematic situations. The results are integrated in an RShiny application
SustainLight helping decision makers and citizens to easily explore, for each public streetlight
of the city, its contribution to light pollution, its impact on biodiversity, while appreciating the
social acceptability of di erent light pollution mitigation measures. These maps show that miti-
gation measures can be implemented immediately in areas where social acceptability is high and
ecological stakes are important or when low social acceptability is observed but the biodiversity
needs are less important (win-win situations), whereas trade-o s will have to be found in other
situations. This rea rms that, to be e cient to preserve biodiversity from light pollution and
to be socially accepted, sustainable lighting policies have to account for both biodiversity and

society.

2 Results

2.1 Lightpollution in the Montpellier Metropolitan area (MMA) according

to two indicators

Figure 3.1 represents the land use and land cover of the MMA and Figure 3.2 the results on

the two indicators of light pollution (see section 4, all maps are made with QGIS v.3.34). The
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rst indicator represents the level of upward light emissions, based on a Brightness indicator
(unitless). Emissions can be low (Brightness 25), medium (25 < Brightness 50) and high
(Brightness > 50). The second indicator represents an estimated number of light peaks in sight
within a 500 meters radius for an observer placed at a 6 metres height (it is therefore important to
note that a zero value does not necessarily mean that no lights are visible). Not surprisingly, when
comparing the two indicators, we can see that the highest levels of light pollution represented by

the two indicators are globally concentrated in urban areas and industrial-commercial areas and

the lowest levels are in natural and semi-natural areas.

Figure 3.1: Land use and land cover in the Montpellier Metropolitan Area - MMA (source:
OCS MMA, 2021)

Note: Data from Montpellier Méditerranée Métropole
https://data.montpellier3m.fr/dataset/evolution-de-loccupation-du-sol-de-montpellier-mediterranee-metropole

(2021).
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Figure 3.2: Results for light pollution indicators.

Note: a: Level of upward emissions between low (Brightness 25), medium (25 < Brightness 50) and high
(Brightness > 50). b: Estimated number of light peaks in sight within a 500-m radius for an observer placed at 6 m.

2.2 Baseline ecological stakes and impacts on connectivity involved by light

pollution regarding six groups of species

The baseline ecological stakes (without light pollution) for six groups of species and the loss
of landscape connectivity involved by light pollution are presented in Figure 3.3, as well as the
allocation of this indicator to each speci ¢ public streetlight.

We distinguish two types of baseline ecological stakes: (1) the areas that are important for the

survival of a species in a given landscape are referred to as areas with high ecological stakes
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Figure 3.3: Estimated baseline ecological stakes and landscape connectivity loss due to light
pollution for six groups of species.

Note: a,b: Ecological score in the whole Montpellier Metropolitan Area (a) and a zoom around the Mosson River
(b). c: lllustration showing how a priority level is allocated to each public streetlight in the area around the Mosson
River.

148



as opposed to areas with moderate ecological stakes . Areas with high ecological stakes include
the species' reservoirs (i.e. areas in which species can complete all or part of their life cycle and
where natural habitats can ensure them to maintain a su cient population size) and the main
corridors (i.e. areas where the dispersion between the reservoirs is considered to be the highest).
Whereas areas with moderate ecological stakes contain secondary corridors.

A baseline connectivity modelling is made in order to isolate the e ect of light pollution from
other e ects a ecting species (e.g., land use and land cover). The impact of light pollution on
landscape connectivity is based on two tools (BioDispersal v1.3 and Graphab v2.8) and a col-
laboration with local experts (see Figure 3.B.1 in section 4). In situ inventories were undertaken
with naturalists to calibrate the model (see Figure 3.B.1).

The result shows that even if light pollution is concentrated in urban areas, it has an impact on
habitats of high ecological interest for many species. According to our modelling, among roughly
42,000 public streetlights in the suburbs of the city of Montpellier, 49% are located within areas
with high ecological stakes and provoke a strong loss of connectivity. Montpellier has 10,000
additional public streetlights, with 37% located in areas of high ecological stakes, signi cantly
impacting connectivity. Most of these points a ect patches of high ecological interest for one or
two species, mainly consisting of riverbanks, parks and gardens. The most important one is the
riverbank of the Mosson River (zoom in Figure 3.3). Light pollution in this area has a signi cant
impact on landscape connectivity, which means that public streetlights should be targeted in pri-
ority for biodiversity. As this example shows, these maps allow us to identify priority areas for

action to conserve biodiversity.

2.3 Citizens' acceptability of light pollution mitigation measures

Social acceptability of lighting changes is derived from willingness to pay/ willingness to accept
changes (i.e. the monetary measure of the social acceptability), assessed with a random parameter
logit applied to a discrete choice experiment dataset conducted over 1148 citizens of the MMA
(see Table 3.3 of section 4 to see the attributes of the experiment). Social acceptability scores

are presented in Table 3.1. We assume that a positive score translates into a positive reception of
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light mitigation measures whereas the negative reception is interpreted from a negative score. A

score close to zero or insigni cant is interpreted as indi erence to light changes.

Table 3.1: Social acceptability estimates computed with an RPL

Attribute Coe cient p-value SD p-value
Switch-o 1 5am 44:1  (5.6) 0.000 48:0 (6.2) 0.000
Switch-o 23pm 6am 405 (8.4) 0.000 56:7 (6.5) 0.000
Switch to orange colour 19:1 (6.1) 0.002 22:1  (2.2) 0.000
Intensity reduction (75%) 20:9 (4.88) 0.000 26:.01 (2.49) 0.000
Fictive alt. 2 12:4 (5.0) 0.012 19:2 (1.6) 0.000
Status quo 50:0 (5.7) 0.000 455 (4.9) 0.000
Switch-o 1 5am Gender 9:4 (5.4) 0.083
Switch-o 23pm 6am Gender 5:8 (6.3) 0.360
Switch-o 1 5am Age 6:1 (2.4) 0.012
Switch-o 23pm 6am Age 7:3(4.1) 0.076
Switch-o 1 5am PopDensity 0:002 (0.001) 0.004
Switch-o 23pm 6am PopDensity 0:003 (0.001) 0.000
Switch-o 1 5am Children 3:14(3.1) 0.275
Switch-o 23pm 6am Children 8:4 (4.6) 0.071
Switch-o 1 5am Income 4:1 (1.4) 0.004
Switch-o 23pm 6am Income 2:0(2.4) 0.418
Switch-o 1 5am Switch-o Pro le 4:9 (4.1) 0.229
Switch-o 23pm 6am Switch-o Pro le 19:5 (6.0) 0.001
Switch-o 1 5am SUA 28:1(27.5) 0.308
Switch-o 23pm 6am SUA 9:9 (23.4) 0.671
Fictive alt. 2 Gender 74 (2.3) 0.001
Status quo Gender 155 (4.1) 0.000
Fictive alt. 2 Age 33 (1.1) 0.003
Status quo Age 12:5 (3.8) 0.001
Fictive alt. 2 PopDensity 0:0003 (0.0004) 0.388
Status quo PopDensity 0:0006 (0.0003) 0.046
Fictive alt. 2 Children 2:5(2.4) 0.285
Status quo Children 19:4  (2.2) 0.000
Fictive alt. 2 Income 0:9(1.4) 0.508
Status quo Income 10:9 (2.1) 0.000
Fictive alt. 2 Switch-o Pro le 3:2(2.8) 0.244
Status quo Switch-o Pro le 7:6 (5.9) 0.198
Fictive alt. 2 SUA 21:3(25.4) 0.403
Status quo SUA 80:5 (30.8) 0.009
N (obs.) 10206
N (ind.) 1134
Log Likelihood -6664
AIC 13411
BIC 14438
Notes: p-values from two-sided t-testp < 0:05, p < 0:01, p <0:001. Standard

errors in parentheses. Results should be read as follows: On average, citizens are willing to
pay 44 ¢ per year per household to switch from a situation of no switch-o to a switch-o

from1la.m. to5am

On average, respondents are willing to accept public lighting switch-o from 1 a.m. to 5
a.m., and they also express strong support for the longer period from 11 p.m. to 6 a.m., though
to a slightly lesser extent. However, as the standard deviation (column SD ) is signi cant and

important, the acceptability is highly heterogeneous among citizens. This con rms a previous
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published study (Beaudet et al. 2022), which clearly identi ed two groups of citizens (the pro-
changes and the anti-changes), whose membership is mainly determined by socio-demographic
characteristics. Respondents seem positive to light intensity reduction. They are also very positive
about the replacement of white lights with orange ones. Further, the large (in absolute term) and
negative score found for the Status quo indicates that the respondents are reluctant to stay in the
current situation and that they are globally willing to change street lighting.

Regarding the interaction terms with socio-demographic variables, we nd few interesting
e ects. First, Population density has a negative and signi cant e ect on lighting switch-o re-
ception for both switch-o periods variables. This suggests that people living in dense areas are
less willing to switch o public lighting than people living in areas of medium density (suburbs).
The interaction between Income and Switch-o 1-5am is signi cantly positive, indicating that
richer people are more willing to switch-o public lighting. They are also more prone to see
changes rather than staying in the status quo as indicated by the interaction Income Status quo.
However, as the interaction is not signi cant with Switch-o 23pm-6am, this income e ect does
not hold when extending the switch-o period. Finally, the coe cient of the Switch-o pro le
crossed with Switch-o 23pm-6am is signi cantly positive, indicating that respondents living in
a municipality that has already implemented lighting switch-o are more likely to support more
extensive light pollution mitigation measures.

The interactions between neighbourhoods categorised as sensitive urban areas (SUA) and
switch-o variables are not signi cant. However, the interaction between SUA and Status quo is
strongly signi cant and positive: people who live in neighbourhoods that are predominantly clas-
si ed as sensitive regarding security are less willing to see changes in public lighting. We then
map the social acceptability scores (Figure 3.4) by applying the coe cients obtained in Table 3.1
to IRIS census data. IRIS are the most detailed geographical statistics available in France from
the general population census (llots Regroupés pour I'Information Statistique in French), with a
targeted size of 2000 inhabitants, representing more or less a district in dense cities. Because
intensity reduction and colour changes are widely accepted or not cleaving, we did not represent
the maps for these two measures. A more positive reception is found for switch-o 1-5 a.m.

(map (a)) than for switch-o from 11 p.m. to 6 a.m. (map (b)). Indeed, we nd a favourable
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response in 149 IRIS out of 160 for the rst measure, when itis found in 106 for the second. Only
a few neighbourhoods have a negative or close-to-zero reception of the 1-5 a.m. switch-o , cor-
responding to highly populated and more unprivileged neighbourhoods (e.g., in the north-west of
the city, the "Mosson" neighbourhood). A much more heterogeneous map is observed for lighting
switch-o from 11 p.m. to 6 a.m. Most of the towns surrounding the city of Montpellier display

a lower, but still positive reception of the measure, when 50% of the Montpellier neighbourhoods
show negative or close-to-zero acceptability scores. The acceptability scores maps thus allow to

identify the areas where light pollution measures may be more or less accepted.

Figure 3.4: Acceptability score maps for two light pollution mitigation measures in the
Montpellier Metropolitan Area.
Note: a,b: Acceptability scores for switch-o from 1 a.m. to 5 a.m. (a) and 11 p.m. to 6 a.m. (b).

2.4 Locating win-win and trade-o situations between biodiversity and so-
ciety

Biodiversity needs and citizens' acceptability of light pollution measures are crossed in a bivari-
ate map represented in Figure 3.5 by using four classes for each of the aspects, resulting in 16

colours. Because this map may be di cult to read at the public streetlights level, we developed an
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RShiny application (https://sustainlight.sk8.inrae.fr/) to enable decision makers to zoom-in and
know the exact ecological score and citizen acceptability score for each public streetlight of the
metropolis. The application also allows decision makers to explore the speci c results in the var-
ious application tabs for one of the two light pollution indicators, ALAN reduction needs for a
particular species or citizens' acceptability of di erent measures. The application was presented
twice at meetings with MMA lighting and environment representatives in order to choose the best
design according to their expectations for the lighting plan (November, 2023 and January, 2024)
and to a broader international community of practitioners in June, 2024 (i.e., LUCI association,
the international network of cities on urban lighting).

Figure 3.5 represents the interaction between the measure switch-o from 11 p.mto6a.m.,
which is the most polarising measure among citizens, and the loss of landscape connectivity for
areas with high and moderate ecological stakes. When crossing the ALAN reduction needs for
biodiversity and citizens' acceptability scores to mitigation measures, we see that both win-win
and con icting situations appear. Win-win situations are observable in almost all Montpellier city
suburbs showing that ambitious light pollution measures can be implemented there. This should
reassure some mayors reluctant to shift toward sustainable lighting systems. The trade-o situa-
tions mainly appear in the North-East of Montpellier City and in some important patches of the
city centre of Montpellier. The North-East area holds the most sensitive neighbourhoods of the
city and the Mosson riparian zone which is important for many species (Figure 3.3). In these ar-
eas, other mitigation measures such as light colour change, reduction of light intensity, and public
street lighting adjustments should certainly be preferred in the rstinstance. Going further would
probably require awareness-raising on adverse e ects of light pollution and public consultation
to engage people with the light pollution issue. As this example of the MMA shows, integrat-
ing ecological and societal scores into bivariate maps provides urban planners with synthesized
and valuable insights into where action on public street lights is both e ective and socially ac-
cepted, and can thus be prioritized. Conversely, it also highlights public streetlights where further

re ection is needed to develop more acceptable measures.
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Figure 3.5: Bivariate maps for the measure switch-o from 11 p.m. to 6 a.m. for public
streetlights.

Note: a,b: Scores for high ecological stakes (a) and moderate ecological stakes (b). c: Bivariate legend of the two
maps (details can be seen at https://sustainlight.sk8.inrae.fr/).
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3 Discussion

This paper emphasizes the need to integrate ecological and societal perspectives into urban sus-
tainable lighting policies and advocates for a spatial approach at the public streetlight level to make
this integration practical for urban planners. Using a case study in the MMA, it demonstrates that
aligning biodiversity conservation with public preference is possible. The approach categorises
public streetlights into eight groups based on their urgency for light pollution reduction due to bio-
diversity concerns, while social acceptability scores help identify where lighting adjustments are
likely to be well-received or resisted by residents. This provides planners with actionable tools to
re ne their lighting masterplans, balancing ecological needs and public concerns. The empirical

analysis shows both win-win and trade-o situations which can be summarised as follows:

~ Certain areas, of high importance for biodiversity, can bene t from quick light pollution

reductions with local support;

In urban core areas with moderate ecological stakes, planners could focus on mitigation
measures that seem more easily received than extensive switch-o (e.g., colour change,
intensity reduction, shielding of lights). These measures can help prevent light pollution
from spreading to other areas and prove to be e ective for local biodiversity (Dietenberger
etal. 2024), whereas reduced switch-o only in the dead of night could have limited bene ts
(Azam et al. 2015);

In high-stake ecological zones with strong public resistance to measures, planners still
have options for the change towards more biodiversity-friendly lighting (Dietenberger et
al. 2024). They can opt for the above-mentioned other mitigation measures, alongside pub-
lic consultations to raise awareness about light pollution adverse e ects. While the needs of
biodiversity cannot be changed, informing the general public (and local elected o cials),
including by locating where compromises are needed and by sharing them, can be a game

changer.

The approach developed in this study serves as a decision-support tool to guide the design of

urban lighting master plans; however, it cannot substitute for ex-post evaluations that assess the
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actual e ectiveness of light pollution reduction measures in achieving biodiversity conservation
goals. Such evaluations are crucial to provide transferable insights for other metropolitan areas.
Additionally, ex-post assessments could be extended to evaluate the impact of various light mit-
igation strategies on public safety (Steinbach et al. 2015; Trop et al. 2023) which is often a key
concern hindering implementation (e.g. by using di erence-in-di erences analysis). Finally, ex-
ploring the gap between our hypothetical experiment and actual public attitudes toward lighting
changes would be highly valuable. This could be achieved, for instance, by organizing nighttime
walks (Challéat and Lapostolle 2018) to observe preferences. Such an approach would provide
deeper insights into public perceptions and enhance the validity of our ndings.

While our results may not be directly transferable beyond the MMA, the socio-ecological
approach remains valuable for other regions. The open-source tools (LightPollutiontoolbox,
BioDispersal, and Graphab) can be applied anywhere, with input data and parameters adapted to
local speci csin collaboration with experts. The consultation process with local actors, including
naturalist associations and policymakers, should be widely adopted. Our socioeconomic analy-
sis models citizens' acceptability based on socio-demographic variables. It can be transferred
to similar urban areas but requires parameter adjustments in di erent contexts. More broadly,
the integration of ecological and societal results synthesized in bivariate maps represents a novel
and useful approach that should be replicated across multiple geographical areas to assist urban
planners. Our RShiny application is easily replicable and o ers two key bene ts. Locally, MMA
planners use it to identify critical lighting points and facilitate discussions with elected o cials
(ultimately holding the authority). More broadly, it highlights the need to integrate ecological and
social factors in light pollution management while allowing the exibility to explore each aspect
independently at a high spatial resolution.

In conclusion, our case study demonstrates the interest of adopting a socio-ecological ap-
proach in sustainable lighting policies. It shows that the application of a one-size- ts-all policy
cannot e ectively meet the needs of biodiversity for ALAN reduction and citizen's preferences,

and that inaction seems equally unacceptable.
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4 Material and Methods

4.1 Measuring and mapping light pollution in the MMA from satellite re-

mote sensing

Light pollution is estimated from satellite remote sensing, by using very high-resolution RGB im-
ages acquired from the Jilin-1 satellite (CGsatellite) (1m resolution) of the Montpellier Metropoli-
tan Area in the year 2022 on cloud-free nights (20 images, 3 nights between August and October
2022). After some image pre-processing treatments (noise reduction and georeferencing- see ap-
pendix), two light pollution indicators are calculated. Both indicators are reproducible by using
the LightPollutionToolbox QGIS Python plug-in.

The rstindicator is the level of upward emissions of each light source detected in the metropo-
lis. We rst calculate grayscale brightness as a proxy of the total radiance (Brightness) using the

red, green and blue bands as follows (Sanchez de Miguel et al. 2019; Cheng et al. 2020):

Brightness = 0:2989BandR + 0:5870 BandG + 0:1140 BandB

Where BandR, BandG and BandB are respectively the red, green and blue radiance values
in W=nr=sr=m and associated weights using the formula from ITU's BT.601 standard (https:
[lwww.itu.int/rec/R-REC-BT.601-7-201103-I/en). This enables us to obtain an output image
with a single band containing brightness values at a resolution of 1m from which we then extract
light peaks in the area and their associated brightness values. The extraction is adjusted by a
brightness threshold and minimum distance between light sources. We also deleted isolated pixels
in order to remove the remaining noise in the image. We nally classi ed the value of our indicator
into three levels of upward radiation: low (Brightness 25), medium (25 < Brightness 50) and
high (Brightness > 50).

The second indicator is the estimated number of light peaks in a 500m radius for di erent

species, representing the spill light emitted by a light source for an observer placed at a given
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height (Ranzoni et al. 2019). This indicator takes into account the number of public and private
light sources based on light peak extraction for an observer placed at 6 metres. It accounts for
the landscape topography by using a digital elevation model (IGN - RGE alti, 2022), on which
we added buildings and vegetation (IGN - BD TOPO, 2022). This indicator does not take into
account the light intensity of the lamps (it is assumed that all the light peaks detected are visible
in the absence of view blockage). In the absence of height information which is required for this
algorithm, a value of 6 meters is also used for all light peaks, as a conservative estimation (i.e.
higher sources are visible from a greater distance). It can be noted that this indicator is used for

groups of insects and bats, in agreement with the naturalist organisations we worked with.

4.2 Measuring and mapping the impact of light pollution on landscape con-

nectivity for six groups of species

The second part of our study deals with the impact of light pollution on landscape connectivity
for di erent nocturnal and crepuscular groups of species. The work has been conducted with
three local naturalist associations specialised in birds, amphibians, bats and insects with whom
we chose priority species or groups of species to study in the area: The O ce for Insects and their
Environment (OPIE in French), the Languedoc-Roussillon Bat Group (GCLR) and the League
for the Protection of Birds (LPO). We collaborated with three representatives at the OPIE, two at

the LPO and two at the GCLR. The species groups selected are:

"~ the insects that depend on wetland habitats (i.e. local list of Heterocerans: Lasiocam-
poidea, Bombycoidea, Drepanoidea, Geometroidea, Noctuoidea, Hepialoidea, Cossoidea,
Tyridoidea) because they are habitats of interest in the metropolis, and the Lampyridae
family (e.g., reies and glowworms) which are symbolic species whose reproduction is

known to be a ected by light pollution (Kalinkat et al. 2021; Van den Broeck et al. 2021);

"~ two groups of bats mainly composed of narrow-space-foraging species known to be partic-

ularly sensitive to light pollution (Rhinolophus sp and Myotis sp) (Voigt et al. 2021);
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" agroup of amphibian species (Pelodytes sp, Pelobates sp, Epidalea calamita) as light pollu-
tion have been shown to impact the physiology and behaviours of anurans species (Touzot
et al. 2020);

~ the European Nightjar (Caprimulgus europaeus), a crepuscular bird likely to be particularly
sensitive to continuity disruptions as it needs multiple habitats to forage and breed, and

whose behaviours are altered by ALAN (Evens et al. 2023).

Despite their interest, no plant species nor any diurnal species have been selected for this
project due to a lack of data and knowledge at the local level.

A summary of the methodological work ow is shown in Figure 3.B.1. We rst identify habi-
tat permeability (depending on the types of land-use and land cover), dispersal capacity for each
group of species (determined by expert knowledge and bibliography) and model ecological con-
tinuities using the BioDispersal Qgis Python plug-in and the Graphab software V2.8. Having a
detailed habitat map is essential, so we used the Land-use-Land cover (LULC, OCS MMA, 2021)
completed by the ne shrub and herbaceous vegetation and tree alignments provided by the MMA
(2019), elementary wetlands provided by the regional directorate for the environment planning
and housing (DREAL - 2017) and the Lez watershed (2013), as well as more detailed spatial in-
formation on forests, hedges, streams, water surfaces, roads, railroads (IGN - BD TOPO, 2022),
and meadows and cultivated areas (IGN - RPG 2020).

4.2.1 Biodiversity reservoirs identi cation

Local naturalist experts rst identi ed biodiversity reservoirs for each group of species, by se-
lecting the habitats types known to be favourable to the target species group. Biodiversity reser-
voirs are areas where species can carry out all or part of their life cycle (food, reproduction, rest)
and where natural habitats can ensure their functioning, in particular by being of su cient size.
Given that the distribution of a species in a landscape does not depend solely on the presence of
favourable habitats, we recognise that this approach has limitations to identify biodiversity reser-
voirs. We attempted to correct this by including, where available, presence data for the target

species groups. Some patches are added as reservoirs if the species is e ectively present. This
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addition is very important for groups like amphibians, as some waterholes are not recorded on the
land-use maps but are of great interest for the reproduction of this group of species. Inventories
data used (with precise location only) were either collected through the national natural heritage
inventory information system produced by the national institute in France (the SINP INPN), or
collected by the local naturalist structures. For bats, we considered that the biodiversity reser-
voirs corresponded to the roosts of the target species. The GCLR has an extensive knowledge
of these roosts in the study area and, thanks to their monitoring dataset, we were able to use the
roost localisations directly without having to use habitat suitability as a proxy for the localisation

of biodiversity reservoirs. The potential reservoirs selected by the naturalist experts per group of
species and the inventory sources used to complete the selection are described in Table 3.B.1 of

the Appendix.

4.2.2 Connectivity analysis

The connectivity analysis (i.e. the de nition of species corridors) is de ned with a least cost
process modelling (Watts et al. 2010). This process de nes landscape resistance maps based on
the landscape resistance to movement between reservoirs. Itis made rstwithout considering light
pollution, by considering only landscape variables (e.g., distance from buildings, topography,
etc.), and further by considering the speci c impact of light pollution. The landscape resistance
coe cients for each group of species are de ned by the local naturalist experts specialised in
each taxa. The dispersion maps created with BioDispersal are then produced and validated by the
experts.

Then resistance coe cients are negatively weighted according to light pollution indicators to
create dispersion maps accounting for the e ect of light pollution. As light can impact both the
reservoirs and the movements of species, di erent weightings have been de ned by the local ex-
perts for each group of species, as summarised in Table 3.B.2 of the appendix. In situ inventories
have been made by the naturalist associations in order to check the calibration of the model on

two sites of the MMA suitable for all the species (see Appendix Section B).
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4.2.3 Global score regarding biodiversity need of ALAN reduction

We then compute an overall score (Table 3.2) in order to be able to prioritise light pollution

mitigation measures for biodiversity, taking into account:

1. The degree of ecological stakes of the area in the absence of light pollution: the area has a
high level of ecological stakes when itincludes all reservoirs and main corridors (i.e. where
the dispersion is considered with the naturalists as the highest). To re ne the identi cation
of main corridors, we employed Graphab software, which applies graph theory to assess
the relative importance of each corridor. This evaluation was based on two key metrics:
(i) the predicted intensity of individual ow across each corridor, and (ii) the overall loss
of connectivity in the ecological network if a given corridor was removed48. Moderate

ecological stakes concern secondary corridors.

2. The connectivity loss due to light pollution: Connectivity loss is determined by the vari-
ation of dispersion due to light pollution. When the variation is equal to zero, no loss is
considered. A moderate loss is considered when the variation is positive but below the
median loss observed in the entire territory. A high loss is considered when the variation

is over this median loss.

3. The number of groups of species a ected by this loss (classi ed in two categories: 1-2 and

3-6 species groups).

All habitats una ected by light pollution are excluded from further analysis, as no measures
are required in these areas, except for preventing any new light installations.

Subsequently, each public streetlight (sourced from the public lighting database) is assigned
a score, corresponding to the highest value observed within a 100-metre radius around the point.
Finally, public streetlights are grouped in eight categories ranging from the most urgent to the

less urgent action on light pollution for biodiversity conservation.
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Table 3.2: Scores computed to prioritize light-pollution-mitigation measures according to the
ecological stakes, connectivity loss due to light pollution and number of species impacted.

Ecological stakes  Potential loss of Number of impacted Score
without light connectivity due to species
pollution light pollution
Strong loss 3 to 6 species groups
Hiah 1 to 2 species groups
g Moderate loss 3 to 6 species groups
1 to 2 species groups _
Strong loss 3 to 6 species groups

1 to 2 species groups
Moderate loss 3 to 6 species group
1 to 2 species groups

Moderate

4.3 Measuring and mapping citizens' acceptability towards more sustain-

able lighting systems

To quantify and map the social acceptability of lighting changes, we rely on two previous stud-
ies. The rstis the original survey on citizens' preferences based on a discrete choice experiment
(DCE) (Beaudet et al. 2022), while the second builds on this work by o ering a methodologi-
cal re ection on best practices for mapping these preferences (Beaudet et al. 2025). ADCE is a
survey-based method commonly applied in environmental economics to evaluate environmental
policies and estimate the non-market value associated with changes in the quantity or quality of
environmental goods. Respondents are asked to choose between several ctitious alternatives of
the environmental good under study, that di er by their attributes. The alternatives are displayed
in choice sets . In each choice set, three alternatives are proposed: two of them are ctitious
alternatives generally associated with an improvement of the environmental good, while the third
alternative is a reference situation which is generally the current situation (the status quo) associ-
ated with no cost (see an example of DCE choice set in Appendix Section C).

In the DCE conducted in 2021, 1,148 citizens of the MMA have been surveyed on their ac-

ceptability of changes in public lighting, including intensity reduction, switch-o during spe-
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ci ¢ nighttime periods (1 a.m.5 a.m. or 11 p.m. 6 a.m.), and colour change (white/blue to
yellow/orange) (Beaudet et al. 2022). Unlike typical DCEs, the study integrated a negative to
positive tax variation as a monetary attribute to assess citizens' acceptability of light pollution
reduction measures. This bidirectional cost design enabled respondents to express whether the
changes were desirable, avoiding preconceived outcomes. While e orts were made to ensure cost
realism for credibility and consequentiality i.e., that respondents believed their answers could
in uence policy the amounts were hypothetical, serving only to gauge preferences. In reality,
policies to reduce light pollution can result in either signi cant savings or costs (e.g. setting-up
or management costs). Nine choice sets were presented to respondents including two ctitious
alternatives of public lighting improvements, and a status quo alternative representing the worst-
case scenario in terms of light pollution (no lighting switch-o , no reduction of light intensity,
white colour, no change in the resident tax).

We used a random parameter logit (RPL) model on the dataset produced by the above men-
tioned survey, including interactions between the mitigation measures and spatial or socio-demograph
variables (R version v4.4.0 and the Apollo package v0.3.2). The obtained interactions are then
used in a function applied to the socio-demographic statistics of each spatial unit of interest,
predicting the social reception for the considered measure at a small spatial scale (Beaudet et
al. 2025). The variables used are described in Table 3.3. The statistics on the socio-demographic
variables for each spatial unit was obtained from the general census on the socio-demographic
composition of each geographical area (IRIS). The interactions were computed on the two lev-
els of the attribute lighting switch-o, i.e. Switch-o from 1 a.m. to 5 a.m. (Switch-o 1-5am)
and Switch-o from 11 p.m. to 6 a.m. (Switch-o 23pm-6am), as this attribute was shown to
be the most divisive (Beaudet et al. 2022). Interactions were also explored with the alternative
speci ¢ constants associated to the ctive alternatives (Fictive alt. 2) and Status quo variables,
as is common in the economic literature. The alternative-speci ¢ constants capture the variation
in choices that is not explained by the attributes. For example, a negative coe cient in the status
guo variable gives an indication of the acceptability of moving from the status quo situation to
an alternative situation regardless of the speci c attribute of the alternative option, helping us to

assess the overall acceptability of change. The maps of the acceptability scores for the lights'
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switch-o measures resulting from this process are shown in Figure 3.4.
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4.4 Construction of the bivariate maps combining the ecological scores and

the societal scores

Once the ecological and acceptability scores have been obtained as described previously, we gen-
erate bivariate maps to synthesize these scores. We produce separate maps for areas with high and
moderate ecological stakes. In each case, we use the four categories of ecological scores shown
in Figure 3.3. Additionally, we de ne four categories for the acceptability scores: very opposed
(acceptability score < -5), little concerned (acceptability score between -5 and 5), favourable (ac-
ceptability score between 5 and 30) and very favourable (acceptability score > 30). These four
categories for both ecological and acceptability scores are then combined into 16 categories, as

illustrated in Figure 3.5, which are subsequently mapped for the MMA (Figure 3.5).

4.5 Limitations

This work has a number of limitations, mostly due to its highly multidisciplinary nature and the
fact that it is based on modelling. The rst limitation is inherent to the estimation of light pol-
lution from satellite imagery. The angle at which some images are taken, the spectral sensitivity
of the sensors combined with the height of buildings and the narrow width of some streets (par-
ticularly in city centres), can result in some street lights not being detected or extraneous noises.
In addition, brightness levels may be increased when a lamp illuminates the facade of a building,
leading to a potential overestimation of this variable. Satellites, moreover, underestimate or do
not detect fast rising light pollution sources such as LED monitors displayed for advertising (and
all other vertical lighted surfaces). Finally, our two indicators rely on upward light emissions,
but light pollution is likely to be higher in reality due to other forms of pollution, mainly sky-
glow and irradiance from other angles. For instance, they do not account for light emitted almost
horizontally (e.g. for the enhancement of some buildings or LED monitors for video advertise-
ments) (Falchi and Bara 2023), although these emissions should be considered when assessing
ecological light pollution as most animals are exposed to them. However, the only way to quantify
horizontal emissions would be to use data from in-situ sensors, which, unlike satellites, cannot

cover an entire metropolis with the same kind of spatial resolution.

166



Second, mapping ecological stakes for spatial planning encounters ecological limitations de-
pending on spatial, temporal, taxonomical and functional scales and because of the general lack
of knowledge needed to feed modelling methods for each type of species. This leads to more or
less arbitrary choices, reducing con dence in the maps, which should be seen as tools to prioritise
action more than exact results on the impact of light pollution on each species. We tried to keep
this limit as low as possible by relying on the knowledge of local actors involved in biodiversity
preservation, a literature review and local inventories.

Finally, the third type of limitation corresponds to those of preference elicitation, and in par-
ticular to the di erent biases that the choice experiment may be subject to, as in any ex ante
analysis. Citizens may have been in uenced by a hypothetical bias or a warm glow e ect, which
may have led them to misestimate their reception of the measures. We tried to limit this bias
as much as possible by introducing illustrations and explanations in the questionnaire, control-
ling for incentive compatibility, consequentiality and by pre-testing the questionnaire. The aim
of this type of ex ante analysis is to nd out what people's preferences are at a given point in
time, given their knowledge and perceptions at that time. Knowing the current state of public
preferences about a policy remains useful for decision-makers, even if that opinion is not rational
or well-founded, because it is this that can act as a brake on the adoption of policies for change.
Moreover, we believe that the bias is limited, as a recent comprehensive survey conducted in
France (https://observatoire.enedis.fr/barometre) con rms the results obtained here, with a large

majority of French citizens in favour of part-night lighting (70%) and 30% against.
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Appendix

A Jilin-1 image preparation

The Jilin-1 images delivered by CGSatellite have a geometric precision of 200 m. A georeferenc-
ing process reduces these deviations to less than twenty metres in low land conditions (with little
relief). However, this discrepancy can be much greater on steep slopes.Image distortion caused by
the camera angle can also sometimes increase the residual deviation remaining after georeferenc-
ing. To improve geometric accuracy, we worked with Orfeo Tool Box's Geometry applications
"Generate RPC Sensor Model" and "Re ne Sensor Model" to improve the georeferencing method,
taking into account satellite position, image deformation and relief (image orthorecti cation).

The second pre-treatment is the noise reduction. In order to assess the di erent light pollution
indicators, peak radiance is extracted to assess the location of public and private light sources.
This extraction is also used to model the number of sources visible to an observer at any given
point in the territory. The extraction of radiance peaks has revealed noise that can be very strong
in some images. This noise appears as "false" light points in the indicators produced,distorting
the analysis. Our aim is therefore to eliminate this noise so as not to overestimate light pollution
in the indicators produced. Parasitic noise generally takes the form of small groups of pixels of a
single colour (signal captured only in a single red, green or blue band). A processing chain has

therefore been proposed to:

~ ldentify patches of "monochromatic” radiance characterised by a signal in a single colour
band ;

" Mask these noise spots in the image to be used as input for the indicator calculation

B Supplementary information for the ecological modelling

B.1 Methodological work ow for ecological modelling
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Figure 3.B.1: A summary of the process for identifying priority areas for ecological issues.

B.2 Reservoirs and light pollution impacts
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Table 3.B.1: Reservoirs selected by the naturalist groups and inventory sources used to

complete the selection

Species or group of species

Habitat considered as suitabldnventory source for the species
habitat for the (groups of) species

European Nightjar

Amphibians

Wetland insects

Lampyridae

Bats

Open forest, grasslands and steppg@B\P with precise locations + 50m
burnt areas, maquis and garriguesn the vicinity
sparse vegetation, forest cuttings,
forests without tree cover, moors of
more than 20 hectares

Grassland and steppe habitatSJNP + 15m in the vicinity
ponds, potholes and burnt areas

Wet meadows, marshes, reedbels,data (too incomplete)
salt meadows, riverbanks and ripar-
ian zones

Parks and gardens, meadows ah data (too incomplete)
riverbanks
Only known roosts Database of the GCLR & ad hoc in-
ventories
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Table 3.B.2: Assumptions made by experts for each group of species on the impact of light

pollution on dispersion and reservoirs.

Species or group of species

Impact of light pollution on dis- Impact of light pollution on reser-
persion VOIirs

European Nightjar

Amphibians

Wetland insects

Lampyridae

Bats

Weights increase with the level dmpact when there is a superposi-
brightness (level of upward emis-tion between the reservoir and high
sions), and decrease exponentiallgr medium level of upward emis-
with distance from sources. sions, surrounded by a bu er zone

with a radius of 200 m.

Due to a lack of data and studies dmpact when there is a superposi-
the subject, experts were not able ttion between the reservoir and high
predict the impact of light pollution or medium level of upward emis-
on dispersion (the modelling of am-sions, surrounded by a bu er zone
phibians is therefore an optimisticwith a radius of 200 m.
scenario).

Weights increase with the level dipact when there is a superposi-
brightness and the number of lightion between the reservoir and high
peaks detected (within a radius obr medium level of upward emis-
500 m in the absence of view block-sions, surrounded by a bu er zone
age). with a radius of 100m, or when

more than 10 light peaks are de-
tected within a radius of 500 m.

Weights increase with the level of
brightness and the number of light
peaks detected (within a radius of
500 m in the absence of view block-

age).

Weights increase with the level oNo impact, since the reservoirs are
brightness and the number of lighte ective reservoirs, i.e., they are

peaks detected (within a radius ofa priori una ected since they are

100 m for bats in the absence ofunctional.

view blockage).
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B.3 Naturalist inventories, method and sampling strategy

Naturalist inventories were carried out in parallel with the BioDispersal v1.3 model in order to
verify hypotheses on species dispersal by land-use-land-cover and the e ects of light pollution
on target species (groups).

Naturalist inventories depended on the taxonomic groups targeted:

~ For insects, an inventory campaign (2 nights) has been carried out by OPIE in autumn 2022
and July 2023.

For bats, inventories have been made to correct and validate BioDispersal v1.3 model pa-
rameters. Twenty recording stations were set up in June 2023, following the initial mod-
elling of bat movements using BioDispersal v1.3. These stations automatically collect the
echolocation calls and social calls of bats. Stations were positioned as a priority on potential

corridors modelled, where functionality had to be demonstrated.

For birds, a listening campaign was carried out in spring 2023 by the LPO in wetlands in
which there was a lack of data. It consisted of an inventory based on a Punctual Index
of Abundance protocol: xed points where the observer stays between 10 and 20 minutes
and notes all the individuals contacted by sight or by ear, within a radius of a few hundred

metres.

In conjunction with the naturalist inventories, two target sectors were de ned to validate the

hypothesis on light pollution by focusing on wetlands that were suitable for all the species studied:

" The Lez riparian zone (less surveyed than the Mosson riparian zone);

" The Méjean pond.

For each of these sectors, two survey zones have been de ned: one "with" light pollution
and one "without" light pollution. The level of light pollution is de ned on the basis of the light
pollution indicators "Brightness" and "Estimated number of light peaks in sight within a 500m

radius .
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C Presentation in the survey of the choice experiment andex-
ample of a choice set

In the initial survey published in Beaudet et al. (2022), the choice sets have been presented as
follows:

In what follows, we seek to nd out your preferences regarding the modi cation of street
lighting through a role-playing. This takes place at night, in a residential area, in the current
period (summer).

For the 9 displayed choice sets (example below), you must indicate your preferred alternative,
i.e. the street in which you would prefer to move as a pedestrian or cyclist / scooter (depending
on the means you use most often at night). One of the alternatives is a reference situation where
there is no reduction in light intensity or lighting switch-o , and where the colour of the light is
white. For each card, you can choose either an alternative to reduce light pollution ("Situation

1" and "Situation 2") or stay in the reference situation (last column).

Figure 3.C.1: Example of a choice set presented to citizens in the discrete choice experiment.
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Each alternative includes a variation in a local tax (council tax, household waste collection
tax, TV licence fee, etc.), in exchange for or as compensation for the proposed change in public
lighting. You are asked to take this into account when making your choice. This variation can be
positive or negative, as the result of the lighting modi cation is ambiguous: on the one hand, it
allows energy savings, but on the other hand, it is costly (equipment and installation costs, public
awareness, regulatory costs, etc.).

Nb: The full questionnaire is available in the supplementary information of Beaudet et al. (2022)
(https://doi.org/10.1016/j.ecolecon.2022.107527), at the following link: https://ars.els-cdn.com/
content/image/1-s2.0-S0921800922001896-mmcl.pdf.
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Chapter 4

|dentifying public lighting switch-o s from space: A breakpoint
detection approach using VIIRS DNB data

This chapter is a joint work with Sébastien Castets (Cerema) and Christopher Kyba (Ruhr Uni-

versitat, GFZ Helmholtz Centre for Geosciences).

Abstract. Public lighting switch-o measures have recently gained visibility and scope in some
European countries, including France. Although such initiatives were already underway in rural
areas, the 2022 energy crisis in conjunction with the war in Ukraine accelerated their adoption
across France. However, a rigorous evaluation of the implementation of the measure at the na-
tional level, or its variations over time, is currently impossible since there is no centralised infor-
mation on its adoption. This article presents a new methodology to detect and date public lighting
switch-o s in French municipalities, using VIIRS nighttime radiance satellite data, between 2012
and 2023. Speci cally, we apply an algorithm that detects breaks in radiance time series and then
use a random forest classi er to distinguish true switch-o s from other types of breaks (renova-
tion, intensity reduction). Using a cross-validation database containing the actual information for
496 municipalities, we obtain a classi cation accuracy of 88.6%. The resulting dataset covers
all French mainland municipalities with more than 1,500 inhabitants. We nd that 64.4% of mu-
nicipalities implemented lighting switch-o s during the study period, including 53.5% after July
2022, when electricity prices rose. This demonstrates that economic considerations played an
important role in motivating municipalities to adopt these measures. We also analyzed the char-
acteristics of municipalities adopting these policies, and found that less populous municipalities
with a left-wing government and that are close to dark sky reserves were more likely to switch-o

public lighting.

1. The authors are grateful to Aurélien Mure, Emma Bousquet, Emma Didelon, Maia David, and Léa Tardieu
for their input on the method, their review of earlier drafts, and their suggestions, which substantially improved this
work. We would thank the FNCCR for its support in collecting cross-validation database data.
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1 Introduction

European countries have recently faced a severe energy crisis in the wake of Russia’s invasion of
Ukraine (Zhou et al. 2024). While this shock may ultimately accelerate the continent's energy
transition (Kuzemko et al. 2022), an immediate consequence was a sharp rise in energy prices.
In response, the French government launched a national "energy sobriety” plan (French govern-
ment 2022), which aimed at "collectively reducing energy consumption”. Among the measures
promoted, local authorities were speci cally encouraged to implement actions such as switching
0 public lighting during certain hours to curb electricity demand.

Since then, public lighting switch-o policies, where lights are turned o during late-night
hours, have expanded in both scope and visibility across France. This policy is however not
new. Rather, it reinforces a pre-existing downward trend in nighttime light emissions (Aksaker
et al. 2020) due to public lighting switch-o policies, particularly in rural areas (Lapostolle and
and 2021).

For a mayor, the decision to turn o or maintain public lighting late at night involves balancing
several factors (Tardieu et al. 2025). On the one hand, leaving lights on can bene t individuals
using public spaces at night, and despite the fact that residents often do not notice late-night
switch-o s (Green et al. 2015), it may enhance some people's feeling of safety (Green et al. 2015;
Beaudet et al. 2022). Although empirical evidence linking darkness to crime or tra ¢ accidents
is inconclusive (Perkins et al. 2015; Doleac and Sanders 2015; Arvate et al. 2018; Chal n et
al. 2022; Welsh et al. 2022; Tompson et al. 2023; Marchant and Norman 2025), some mayors
justify leaving lights on the grounds of public safety. This rationale is often intertwined with
political considerations, as decision-makers may fear electoral backlash if residents perceive the
policy as compromising safety (Weaver 1986; Challéat and Lapostolle 2014).

On the other hand, public lighting signi cantly contributes to light pollution, which has well-
documented negative e ects on biodiversity (Bittel 2017; Holker et al. 2010; Irwin 2018; Hirt
et al. 2023; Jagerbrand and Spoelstra 2023) and the visibility of the night sky (Kyba et al. 2023;
Varela Perez 2023). It also accounts for a substantial share of municipal electricity consumption

and, by extension, CQOemissions (Zissis et al. 2021). Moreover, public lighting represents an
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important share of local authorities budgets (Ministry for the Ecological Transition 2024), making
it a priority target for cost-saving measures, especially during times of energy price volatility as
was the case in 2022.

Consequently, public lighting switch-o policies remain a highly sensitive and political topic.
Yet, there is still limited empirical evidence on their short- and long-term impacts across various
dimensions including possible impact on crime, on road safety, and on energy savings. Rigorous
evaluation of these policies is therefore essential, not only to build a solid scienti ¢ foundation for
decision-making, but also to ensure that public debate is guided by evidence rather than emotion.

Evaluating the e ects of such policies requires detailed information on which municipali-
ties implemented public lighting switch-o measures and the precise timing of these interven-
tions? However, obtaining this information from administrative sources presents several chal-
lenges. First, because the decision to introduce a lighting curfew is made at the municipal level
and no centralized database exists, gathering information from each of France's 34,935 municipal-
ities would be very di cult and time-consuming. Some public institution are trying to centralize
this administrative databut it largely remains ine ective for now, as participation is voluntary
and requires use of a standardized data format, with information that is not necessarily available
to local authorities. Second, data ownership often lies with the entity responsible for managing
the lighting infrastructure. However, public lighting management in France is highly fragmented
and varies considerably across territotj@ontributing to heterogeneity in data availability and
quality. Third, even for the entities responsible for managing public lighting, the exact date of
implementation of switch-o policies is often undocumented, as archival records are often in-
complete or not systematically maintained. In most cases, the available information is outdated
or inconsistent. These limitations result in poor data quality, not to mention that gathering such
data can result in a selection bias, as the municipalities for which information can be obtained

(typically those responding voluntarily) may not be representative of the broader population.

2. Access to this temporal information is particularly valuable for causal inference methods such as di erence-in-
di erences approaches (Callaway 2023).

3. See EclExt, a geographic database standard applicable to outdoor lighting points: https://syane.fr/wp-content/
uploads/2022/11/Standard_eclairage _exterieur_v0_4 20211118.pdf

4. Management responsibilities may be delegated to metropolitan authorities, or energy syndicates ("syndicats
d'énergie")
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In this paper, we build a comprehensive database of the dates at which public lighting began
switching o late at night across mainland France between 2012 and 2023, for municipalities
with more than 1,500 inhabitants. Our focus on France is motivated by the fact that switch-
0 policies are far more common there compared with the European context, as illustrated by
nighttime satellite imagery comparisons with neighboring countries from 2021 to 2023 (Levin
2025), and more broadly from 2014 to 2623

To identify lighting switch-o events, we use nighttime satellite imagery from the Visible
Infrared Imaging Radiometer Suite Day-Night Band (VIIRS DNB) (Miller et al. 2012) during
2012 2023. A break detection algorithm is applied to detect signi cant structural breaks in the
radiance time series at the municipal level. Our approach draws inspiration from the methodology
developed by Cerema (2024), which also employs break detection techniques to map municipali-
ties that have implemented public lighting switch-o late at night. However, our approach di ers
from theirs in several key aspects. First, we de ne a zone of interest within each municipality
based on the spatial distribution of residential buildings. This allows us to focus on areas where
public lighting is most relevant, and to exclude sources of radiance unrelated to public lighting
(such as industrial or commercial areas) which are probably included in Cerema (2024)'s method
through the use of a broader "light patch" based on all reliable pixels. Second, while Cerema
(2024)'s objective is to provide a static snapshot of lighting status, our method also aims at esti-
mating the precise date of policy implementation. Finally, rather than relying on a xed threshold
on the percentage decrease in radiance to di erentiate between lighting switch-o s and other
changes such as renovations (as in Cerema (2024)'s approach), we enhance our analysis by us-
ing a supervised classi cation model to distinguish true lighting switch-o s from other types of
radiance variation, and achieve a 88.6% classi cation accuracy.

Our method yields a national-scale dataset that can support subsequent public policy evalua-
tions. We nd that 64.4% of French municipalities with over 1,500 residents implemented public
lighting switch-o s between January 2012 and December 2023, 53.5% of which after July 2022.

5. https://darkskylab.com/la-france-championne-du-monde-de-la-baisse-de-I-eclairage/: With the exception of
Ukraine, due to the war, France has experienced the largest decline in nighttime radiance between 2014 and 2023.
Other countries such as the UK and Portugal also show noticeable reductions, though none as substantial as France,
Belgium, or the Netherlands.
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Finally, we analyze the sociodemographic and geographic characteristics of municipalities that
adopted switch-o s during the period compared to those that did not, in order to identify common
patterns and potential determinants of policy adoption.

The remainder of the article is as follows: Section 2 describes the radiance data that is used
in this study, the break detection method and the random forest algorithm that we use to identify
public-lighting switch-o s. Section 3 is an analysis of the results of the classi cation. Finally,

we discuss the method and results and o er conclusions in Section 4.

2 Material and methods: identifying public lighting switch-

0S

2.1 Scope of the analysis and detection challenges

This section outlines the scope of our analysis, focusing on geographical coverage, temporal win-
dow, and detection capabilities. Due to methological constraints of our break detection approach
and our data, we necessarily restrict the population of interest to a subset of municipalities, and

types of lighting switch-o s. Figure 4.1 provides an overview of the scope of the study.

Figure 4.1: Scope of the study.
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2.1.1 Geographic scope

The study focuses on municipalities with more than 1,500 inhabitants in mainland France, which
corresponds to 6,924 municipalities out of 34,806, and 81.2% of the total population of mainland

France. A map showing the locations of these municipalities is presented in Figure 4.2.

Figure 4.2: Municipalities included in the study.

Note: Municipalities included in the study are indicated in the shaded regions. Municipalities shaded with purple
are part of the cross-validation dataset. Grey areas represent municipalities in France with fewer than 1500
inhabitants.

The motivation behind this choice is twofold. First, in larger less populated areas, the sensi-
tivity of DNB combined with the natural presence of atmospheric airglow places a limit on the
ability to detect radiance above background, and therefore radiance changes (Coesfeld et al. 2020).
Placing a limit on population as opposed to on radiance avoids the possibility of introducing a
biased detection probability for more brightly lit communities. Second, we are mostly interested
in the dynamics of urban and periurban areas regarding public lighting switch-o decisions, as

these are areas where it is most relevant to analyse certain impacts of this policy (e.g. public
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safety or biodiversity in areas with relatively high initial levels of light pollution).

The choice to conduct the analysis at the municipal level is motivated by the fact that decisions
regarding lighting switch-o are made by the mayor and/or the municipal council. Even when
technical management is delegated to higher-level entities (such as metropolitan authorities or

energy syndicates), the nal decision in France remains with the municipality.

2.1.2 Temporal window

We use VIIRS DNB satellite imagery, which is available from January 2012 to 2023 (see Section
2.2). While digitized nighttime imagery from an earlier satellite is available, that instrument was
not designed for observing city lights, and su ers from very poor sensitivity and spatial resolution
(Miller et al. 2013; Levin et al. 2020). Furthermore, the overpass time of that satellite was before
midnight, meaning late night switch-o s would not be detectable. The scope of our analysis is
therefore limited to municipalities that experienced a lighting switch-o between 2012 and 2023:
early adopters are excluded from our detection. This matters because regions such as Brittany
have a long-standing practice of switching o public lighting overnight and, in some areas, have
likely never implemented late-night lighting (Observatoire de I'environnement en Bretagne 2014;
Cerema 2025).

To address this limitation, we propose a method to account for early adopters as much as
possible (see Section 2.5). This enables us to establish a lower and an upper bound for the number
of municipalities that switched o public lighting late at night in France, regardless of the period.
However, we consider this limitation to be minor, since, apart from Brittany, such cases are likely

con ned to small rural municipalities outside our target population (Cerema 2025).

2.1.3 Detection capabilities

The implementation of public lighting switch-o policies in France is highly heterogeneous, with
important variation in both spatial coverage and timing. Municipalities may choose to implement
switch-o s only in speci ¢ parts of their territory. Most of the time, they choose to switch-

o residential areas on the periphery, while keeping the city center lit. Some municipalities
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also adopt a phased approach, gradually expanding the switch-o area over time. In terms of
timing, municipalities have multiple options at their disposal. They may adjust lighting schedules
seasonally (e.g., implementing full-night switch-o s in summer but not in winter), or vary switch-
on and switch-o times over time. For example, a lot of municipalities that already switched-o
public lighting before the energy crisis of 2022 chose to extend switch-o timing. Additionally,
some municipalities di erentiate lighting schedules by day of the week, for example by extending
lighting hours on weekends.

VIIRS satellite imagery provides observations each night, captured after midnight. This tim-
ing enables us to detect public lighting switch-o as such policies, when implemented, are very
likely to be in e ect during this time of the night. Our method is likely to identify phased terri-
torial expansions in public lighting policies, since this would probably produce several breaks in
the radiance time series. However, having a single snapshot over the night prevents us from de-
tecting temporal adjustments in lighting schedules, such as shifts in switch-on or switch-o time.
Moreover, because our analysis relies on monthly aggregated data, it does not capture variations

in lighting practices that occur across di erent days of the week.

2.1.4 Challenges related to other lighting interventions

Local lighting policies vary widely and are not limited to switch-o s: they can also implement
dimming strategies or technology upgrades such as LED installations, which introduces variation
in radiance patterns. Therefore, our method must distinguish true lighting switch-o s from these
other public lighting interventions. While dimming and motion-based lighting systems can a ect
radiance patterns to a limited extent, the most signi cant challenge lies in the renovation of street
lighting with LED technology. Indeed, nighttime radiance data are captured by the VIIRS DNB
(see section 2.2), whose spectral response is roughly 500 900 nm. Many white LEDs have a
strong blue peak near 450 nm, so part of their emission falls outside the DNB's sensitivity. This
can result in to an underestimation of radiance where LED lighting is prevalent, which could

therefore lead to a downward variation in radiance patterns.
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2.2 Radiance data
2.2.1 VIIRS satellite images

The analysis relies on data from the Visible Infrared Imaging Radiometer Suite (VIIRS) aboard
the Suomi National Polar-orbiting Partnership (Suomi NPP) and NOAA-20 satellites, which has
been collecting daily observations since January 19, 2012. This satellite passes over France late
at night, at a local time between roughly 1:30-3:00 during standard time (winter), or 2:30-4:00
during daylight saving time (summer). On nights with an early overpass, a second observation
is taken roughly 90 minutes later, with this happening somewhat more frequently in the North of
France than in the South. The VIIRS sensor captures data across multiple spectral bands, ranging
from 412 nanometers to 12 micrometers, covering both the visible and infrared spectra. Of par-
ticular interest for this analysis is the Day/Night Band (DNB), a panchromatic band sensitive to
visible and re ected light between 500 and 900 nanometers, with su cient sensitivity to detect
light emissions from arti cial nighttime sources.

We use the products distributed as part of NASASs Black Marble suite, as these data are partic-
ularly well-suited for analyzing temporal dynamics in arti cial lighting (Roman et al. 2018). For
our study, we use the VNP46A3 product. This product provides monthly aggregates of nighttime
radiance on clear nights, with a correction for the additional radiance of the moon when it is out.
We analyze data from three VIIRS tiles (h17v04, h18v03, and h18v04), which together cover the
entire French mainland territory. We use the snow-free, all-angle versions of these tiles. Our
dataset spans from January 2012 to December 2023.

Although Black Marble data are available at a daily resolution, we opt for the monthly prod-
uct, as daily observations are often interrupted by cloud cover and subject to signi cant noise
due to changes in imaging angle and atmospheric e ects. The monthly aggregation provides a
more stable and reliable signal, while still 0 ering su cient temporal granularity to detect public

lighting switch-o events.
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2.2.2 Selection criteria for pixels

The VIIRS data have a native resolution of 742 meters (Miller et al. 2012). The Black Marble
product reprojects this onto an equal angle map with a spatial resolution of 15 arc-seconds. This
corresponds to approximately 320 meters (East-West) by 460 meters (North-South) at the latitude
of France. Each municipality therefore encompasses multiple pixels. To ensure that we only
keep relevant and reliable pixels, speci cally those associated with public lighting, we apply the
following procedure.

First, we retain only pixels agged as high quality based on the quality indicators provided in
the VNP46A3 product (Roman et al. 2018). Second, we de ne a zone of interest within each mu-
nicipality, focusing on areas where public lighting is likely to be present. To delineate these areas,
we use the BDTopo database. This is a high-resolution geospatial dataset produced by the French
National Institute of Geographic and Forest Information (IGN), which provides detailed building
footprints and land-use classi cations. We select buildings whose primary use is categorized as

residential , annex, or indeterminate and apply a 100-meter bu er around them to capture
adjacent streets where streetlights are installed. Only pixels located within these bu ered areas
are retained for analysis. This process excludes vegetated areas, as well as areas dominated by
industrial, commercial, or agricultural activities, which may emit light not related to public street
lighting (Team Nachtlichter 2025).

Once the relevant pixels are selected, we compute the average monthly radiance across these
pixels for each municipality, which results in a municipality-level time series of nighttime radi-
ance. In cases where monthly values are missing, we apply a backward Il imp@tatiensure

continuity in the time series and enable the application of the break detection algdrithms

6. Backward Il imputation lls missing values using the next available value in the time series

7. Among all municipalities in the sample, only a few exhibit extended periods of consecutive missing values: one
municipality has ve consecutive missing months, and nine have four. The maximum number of missing observations
for any single municipality is 38 out of the 143 monthly observations spanning from January 2012 to December 2023.
Despite these gaps, we do not exclude any municipality from the sample on the basis of missing data, as the time
series are su ciently complete for break detection after imputation.
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2.3 Break detection algorithms

This paper aims to detect public lighting switch-o s by identifying abrupt changes in nighttime
radiance time series. Since street lighting contributes signi cantly to the radiance observed in
space (Kyba et al. 2021; Gokus et al. 2023), its shutdown is expected to produce a noticeable
break in the signal, especially in smaller communities. To describe the methodology used in this
paper, we make use of the notations used by Truong et al. (2020), in which the authors present a
survey of algorithms for the detection of multiple change points in multivariate time series.

We consider a signal y = (3L, . In our case, this is a time series of nighttime radiance,
where the index t, which corresponds to the date, ranges from 1to T,ie.,,1 t T. We
de ne y,., as the subsequence of y between indices a and b, suchthat1l a<b T. Finally,
we denote by = fty;t5;:::g fl;:::;Tg a set of indices corresponding to potential change
points in the signal y.

In time series segmentation, the signal y is assumed to be piecewise stationary. That is, some
characteristics of the process, such as the mean or variance, remain constant within segments but
change at unknown time points¢t, < <t .. The objective of change point detection is to
estimate the indexeg.tIn our case, the number of changes i unknowr§. A municipality may
or may not implement a public lighting switch-o , may expand it to new areas over time, may
develop new activities that increase radiance, or may even reverse a previous switch-o policy.

Change point detection can be formally approached as a model selection task, where the ob-
jective is to identify the most suitable segmentation by minimizing an associated cost function
V (;y). The criterion function V (;y) is de ned as the sum of costs of all the segments that

de ne the segmentation: X

V( 1y) = C(ytk::tk+1 )
k

where c() denotes the cost associated with a segment, typically re ecting a measure of deviation
from stationarity or goodness-of- t.

Since we do not know K, nding the optimal segmentation amounts to solving the follow-

8. In contrast, Cerema (2024) assumes that the maximum number of breakpoints is known and xed at four. In
this paper, we choose to avoid this strong assumption and allow the number of changes to be unknown.
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ing discrete optimization problem:

minV () +pen()

where pen( ) is a penalty to avoid unnecessary breakpoints.

When the number of change points K is unknown, their detection relies on three main com-
ponents: the speci cation of a cost function c( ) to assess the homogeneity within each segment,
a search method, i.e. an optimization strategy to minimize the overall criterion V ( ;y), and a
constraint on the number of change points, which takes the form of a complexity penalty pen(:).
The choice of penalty directly in uences detection sensitivity: a low penalty may over t noise
by identifying too many changes, while a high penalty may overlook all but the most substantial
shifts, or detect none at all.

To detect structural breaks in the radiance time series, we test two segmentation cost functions:
the L2 cost (Page 1955; Sen and Srivastava 1975; Cherno and Zacks 1964; Lorden 1971) and
the RBF kernel cost (Harchaoui and Cappé 2007; Shawe-Taylor and Cristianini 2004).

The L2 cost assumes piecewise constant mean segments and is de ned as:

Xo
CLo(Ya:b) = jiye ¥y amii3
t=a+1
wherey,., denotes the empirical mean over the segment [a; b]. This costis particularly appropriate
when we expect lighting switch-o s to produce clear drops in radiance levels.

To account for the possibility that the assumptions of this parametric model is not adapted

to the data, we also implement the RBF kernel cost, which is a non-parametric cost-function,

de ned as:

1 X X
(b a)

Crer(Ya:n) = (b @) K(ys;yt) with K(ys;ye)=exp Ky s y (K

s=a+l t=a+l

where > 0 is the so-called bandwidth parameter.

For the search method, we opt for an exact approach that provides the optimal solution to
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the discrete optimization problem (Truong et al. 2020). Since the number of change points is
unknown, we use the PELT algorithm (Pruned Exact Linear Time) (Killick et al. 2012). Unlike
exhaustive search method, which become too slow for long time series, PELT improves compu-
tational e ciency by pruning suboptimal candidates while still guaranteeing the exact solution,
provided the penalty is linear.

Accordingly, we apply a linear penalty of the form:

pen() = j]

where > 0 is a smoothing parameter that controls the balance between model complexity and
t. To assess robustness, we test multiple values of ranging from 1 to 10 and evaluate which
setting provides the most meaningful results (see Section 2.4.3 on cross-validation).

To implement the segmentation algorithm, we use the ruptures Python package (Truong et
al. 2020). We set the minimum segment length to six months, based on the assumption that when
a municipality switches o public lighting, the policy remains in place for at least that duration.
We also set the jump parameter to 1, allowing the algorithm to evaluate potential breakpoints at

every time step.

2.4 Classi cation of the breaks

Once the algorithm has detected breaks in the radiance time series, the main challenge is to deter-
mine whether these breaks correspond to actual public lighting switch-o s or other policies like
installation of LED.

To classify breaks, Cerema (2024) applies a simple rule: if radiance drops by more than
2890, the event is labeled a switch-o ; otherwise, it's considered a LED renovation or dimming.
However, this xed threshold overlooks variations in local lighting contexts. In smaller munic-

ipalities, where public lighting dominates due to limited bright private sources, a switch-o is

9. This threshold was established by identifying municipalities known to have implemented lighting switch-o s
(based on online research) and measuring the associated decrease in radiance. The nal threshold was then set by
subtracting the standard deviation from the average observed decrease in these cases.
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likely to cause a sharp radiance decline (Kyba et al. 2021; Team Nachtlichter 2025). In larger mu-
nicipalities and especially urban areas, where bright private lighting is more prevalent, the same
measure might yield only a modest drop. Thus, a uniform threshold may not reliably identify true
switch-o s across all municipalities.

To overcome these limitations, we employ a random forest algorithm. This is a method that
builds on decision trees, which are used to predict a continuous or binary outcome (in our case,
whether a detected break corresponds to a lighting switch-o or another type of lighting change
is a binary outcome), based on a set of predictors. Decision trees consist in recursively splitting
the data based on rules that optimize predictive accuracy. They do not rely on an underlying
model ex-ante, but identify the most relevant predictors for the outcome of interest. Therefore,
they are particularly useful to capture nonlinear relationships and interactions between predictors
(Breiman etal. 2017). However, a single decision tree is prone to over tting and instability. Onthe
contrary, the random forest improves predictive accuracy and robustness by combining multiple
decision trees, each trained on a bootstrapped sample of the data. This resampling strategy ensures
that each tree learns from a slightly di erent dataset, thereby reducing over tting and enhancing
generalization performance (Breiman 2001). Moreover, random forests have been shown to out-
perform several standard classi ers like logistic regression, Naive Bayes, and k-nearest neighbors
(Hassan et al. 2018).

2.4.1 Selection of predictors

The rst step involves selecting a set of predictors, i.e. variables that are likely to help determine
whether a detected break in radiance corresponds to a public lighting switch-o . These predic-
tors are described in Table 4.1. We include population, population density and average absolute
radiance (using observations occurring before the rst detected break point) to account for fac-
tors that in uence a municipality's baseline radiance. The percentage reduction in radiance helps
di erentiate between sharp drops (more likely associated with lighting switch-o s) and smaller
declines (that could result from other policies, such as dimming). The slope coe cient of the

radiance trend captures how abrupt the change is: a sudden drop is more indicative of a switch-
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0, whereas a gradual decrease may re ect a renovation process, such as a transition to LED
lighting, which is more likely to be implemented progressively. The proportion of commercial
buildings is also included to account for the in uence of private lighting sources (e.g., shopfronts

or advertising), as explained in section 2.1.

Table 4.1: Description of predictor variables used in the classi cation model.

Predictor Description Source
Municipality's population Population in 2021. INSEE
Municipality's density INSEE's density grid classi es munici-INSEE

palities based on total population and how
residents are spatially distributed. The
grid ranges from level 1 (most dense) to
level 7 (least dense).

Average absolute radiance Average radiance computed using all flimee series
series observations occurring before the
rst detected break point.

Percentage reduction in radiance Drop in average radiance betweerTithe series
segment before the break and the segment
after.

Slope coe cient Local slope of smoothed radiance over Bime series

centered 5-month window. Itis computed
as the ordinary least squares slope of the
radiance on x = 1;:::; 5.

Proportion of commercial buildings Share of buildings primarily used BDTopo
commercial purposes, among all build-
ings in the municipality.

2.4.2 Cross-validation database

To train our classi cation model, we rely on a separate dataset in which public lighting switch-
o information is known for some municipality. This information comes from several sources,

including administrative data shared by regional natural parks (PNR), energy syndicates, and
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metropolitan authoritie¥) In total, our cross-validation (CV) dataset includes 496 municipali-
ties!! This allows us to label the breaks detected by our algorithm as either true switch-o s or
not, which enables us to train the random forest classi er. We classify a detected break as a true
public lighting switch-o if it meets either of the following conditions: (i) it occurs within a six-
month window before or after the o cial switch-o date reported in our CV dataset, to account

for potential discrepancies between the announced and actual implementation dates; or (ii) it falls
within the same calendar year as the reported date, which allows for cases where only the year of
switch-o is available. True switch-o are labelled as 1, the others are labelled as 0.

Figure 4.2 maps the municipalities included in the CV dataset, and Table 4.2 provides sum-
mary statistics comparing the characteristics of municipalities included in the CV dataset and
all municipalities of interest. We observe that municipalities in the CV dataset are not entirely
representative of the full sample. Higher density levels and higher population categories are over-
represented. This selection bias may a ect the generalizability of any supervised learning model
trained on this subset. To mitigate this issue, we attribute weights to the municipalities using
raking ratid?, that can be incorporated into the random forest classi cation algorithm (see Sec-
tion 2.4.3). The nal column of Table 4.2 reports the weighted means after calibration, which
closely align with the characteristics of the full sample, indicating that the reweighting procedure

is e ective.

2.4.3 Cross-validation and selection of the best model

We use cross-validation to identify the best-performing model and evaluate how well it predicts
public lighting switch-o s. Cross-validation allows us to compare di erent break detection mod-

els, as described in Section 2.3. We test di erent con gurations, including the choice of cost

10. These data were obtained either directly through our outreach e orts or via a partnership with the FNCCR.
The FNCCR (Fédération nationale des collectivités concédantes et régies) is a French public association that brings
together local authorities responsible for managing public utilities such as energy, water, and digital infrastructure.
Our partnership with the FNCCR enabled us to access centralized information on public lighting policies from their
member municipalities.

11. As explained in Section 2.1.2, our method can only detect switch-o s that occurred after January 2012. For
this reason, we excluded from the CV dataset any municipality known to have implemented lighting switch-o s prior
to 2012, in order to avoid biasing the results.

12. We perform raking ratio estimation on the variables density and population, with the icarus package.
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Table 4.2: Comparison of average characteristics between all municipalities and municipalities
included in the CV dataset

All municipalities Municipalities in CR dataset (after

CR dataset calibration)
Number of municipalities 6924 496 496
Average absolute radiance 10.1 (0.2) 12.9 (0.6) 9.6 (0.6)
Average proportion of commercial building 5.8% (0.1) 6.1% (0.2) 5.4% (0.2)
Average percentage reduction in radiance 46.2% (0.3) 40.0% (1.0) 43.9% (1.0)
Average slope coe cient -0.3(0.0) -0.3(0.0) -0.2 (0.0)
Density: 1 11.0% 18.5% 11.0%
Density: 2 7.6% 12.5% 7.6%
Density: 3 9.6% 11.2% 9.6%
Density: 4 19.9% 22.9% 19.9%
Density: 5 37.8% 27.1% 37.8%
Density: 6 13.4% 7.7% 13.4%
Density: 7 0.7% 0.2% 0.7%
Population: 1,500-3,499 55.2% 33.3% 55.2%
Population: 3,500-4,999 14.0% 15.0% 14.0%
Population: 5,000-9,999 16.8% 25.1% 16.8%
Population: 10,000-19,999 7.4% 13.7% 7.4%
Population: 20,000+ 6.6% 12.8% 6.6%

Note: Reported gures are means with standard errors in parentheses (continuous variables) and percentages
(categorical variables). The nal column reports weighted means (post-calibration).

function (either L2 or RBF) and smoothing parameter of the penalty (, ranging from 1 to 10).

For each con guration, we assess predictive performance of two approaches. The rstis the
random forest classi er described above. The second is a threshold-based rule that classi es
breaks based on a xed 28% decrease in radiance, as used by Cerema (2024). This comparison
allows us to evaluate whether the random forest provides a meaningful improvement over a simple
threshold-based decision.

We use several performance metrics to evaluate the predictive accuracy of our models. These
metrics rely on the classi cation outcomes: true positives (TP), where the model correctly identi-
es a switch-o event, true negatives (TN), where the model correctly identi es a non-switch-o
event, false positives (FP), where a non-switch-o event is incorrectly classi ed as a switch-o
event, and false negatives (FN), where a true switch-o event is classi ed as a non switch-o

event. From this, the performance metrics are the following :

~ "Accuracy" measures the overall proportion of correct classi cations (both positive and
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negative):
TP +TN

AcCUracy = 5 TN +EP +EN

"Sensitivity" measures the proportion of actual switch-o s that are correctly identi ed by

the model:
TP

SenSitiVity = m

"Speci city" measures the proportion of non-switch-o s correctly identi ed as such:

TN

SpeCi C|ty = w

"Youden score" is a single metric that summarizes the model's performance by balancing

sensitivity and speci city. It is de ned as:

Youden Score = Sensitivity + Speci city 1

It is important to consider all rst three metrics, as a high overall accuracy may mask imbal-

ances between sensitivity and speci city. For example, a model with a high accuracy may fail

to correctly detect rare events. The Youden score is particularly useful in this context, as it pro-

vides a summary measure of the model's ability to avoid both false positives and false negatives,

independent of the event prevalence.

The previous metrics are relevant at the level of individual breaks. However, the objective of

this study is to correctly identify switch-o and non-switch-o events at the municipality level.

To address this, we introduce an additional metric: municipality-level accuracy. A municipality

is considered correctly classi ed if all of its actual switch-o events and non-switch-o event are

correctly classi ed. On the contrary, a municipality is considered incorrectly classi ed if at least

one event is misclassi ed.

For each break detection model, we then apply the following steps:

1. Calculation of the predictors: since di erent break detection algorithms may identify di er-
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ent breakpoints, the predictors derived from the radiance time series (percentage reduction,

slope coe cient, etc.) are recalculated for each model.

2. Break labeling: each detected break is assigned a label (true switch-o or not) based on

our CV database.

3. Training of the random forest classi er: we train the model using the caret package in
R, with the ranger method for implementing random forests. The resampling strategy is
a repeated 10-fold cross-validation: the training dataset is randomly divided into 10 folds,
the model is trained on 9 folds and validated on the remaining one, and this procedure
is repeated 10 times. This strategy ensures robustness of the performance metrics as it
is averaged over multiple rounds. Plus, repeated cross-validation allows for tuning of the

model's hyperparameters. The ranger method allows the following to be tuned:
" mtry: number of variables to possibly split at in each node.

" splitrule: the criterion used to split each decision node.

" min.node.size: the minimum number of samples required to split a node.
We set the number of trees to 500.

4. Using the model with the optimal set of hyperparameters, we predict the switch-o status
for the whole CV dataset and compute our performance metrics (accuracy, sensitivity, and

speci city). We do the same for the 28% thresholds.

5. We calculate the accuracy at the municipality level for the two classi ers.

Figures 4.3 and 4.A.1 (in the appendix) present the performance of the models across the dif-
ferent evaluation metrics (described above) for various values of the penalty smoothing parameter
(from 1 to 10) and the two types of cost functions (L2 and RBF).

We observe that across both cost functions, the random forest classi er consistently achieves
higher or comparable performance relative to the threshold-based rule. For the RBF cost function,

accuracy at the municipal level ranges from 69.8% to 85.2% for the random forest, compared to
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Figure 4.3: Models Performance

Note: The graphs show model performance according to two metrics accuracy (purple) and Youden score (green)
for two classi cation methods (28% threshold and random forest), two cost functions (L2 and RBF), and varying
penalty values (from 1 to 10).

56.5% to 80.6% for the 28% threshold. The di erence is even more pronounced with the L2 cost
function. Comparing both cost functions for the random forest, we nd that the RBF yields the
best overall performance (maximum accuracy = 85.2% vs. 78.8% for the L2 cost).

The random forest with the RBF cost function achieves its highest performance at a penalty
value of 9. This con guration also yields a high Youden score (77.3%), indicating that both
sensitivity and speci city are well balanced. Indeed, as shown in Figure 4.A.1, this con guration
results in an accuracy of 88.6%, with sensitivity and speci city both close to 88%. For these
reasons, we select this con guration as our nal model.

To further understand the model's decision process, we analyse variable importance (see Fig-
ure 4.A.2 in Appendix) and nd that the percentage decrease in radiance is the most in uential
predictor. This supports Cerema (2024)'s recommendation to prioritize this indicator when only
one must be chosen. However, other variables such as the slope coe cient and the mean abso-

lute radiance before the change also contribute meaningfully to the model's performance, which
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con rms the relevance of using a random forest rather than a simple threshold.

To better understand the limitations of the model, we also conduct a descriptive comparison
between all municipalities in the sample and those that were incorrectly classi ed by the nal
model. As shown in Table 4.A.1 (Appendix), the model appears to perform less well for munic-
ipalities that are smaller and less densely populated. For instance, misclassi ed municipalities
are overrepresented in the lowest population category (40.3% vs. 29.7%) and in the least dense
areas, particularly in density levels 6 and 7. These patterns suggest that the model may be less

reliable in more rural environments.

2.5 Accounting for pre-2012 switch-o s

As discussed in Section 2.1.2, our use of VIIRS data from January 2012 to December 2023 limits
detection to municipalities thatimplemented public lighting switch-o s during this period. While
this is su cient for studying changes over time, it prevents us from estimating the total number
of municipalities that have adopted such policies, including early adopters prior to 2012.

To address this, we propose a complementary analysis to identify likely pre-2012 switch-o s.
For each municipality, we examine average night-time radiance before the rst detected break (if a
break is detected), or over the entire period (if no break is found). We then identify municipalities
with abnormally low radiance levels, relative to their density, as potential early adopters.

Speci cally, we compute the average and standard deviation of the logarithm of the absolute
radiance within each density category (from 1 to 7), using all the mainland French municipalities
(not only those with more than 1,500 habitants). Municipalities are agged as potential early

switch-o cases if their radiance falls below a threshold de ned as:
log(radiance) < 4 d

where 4 and 4 are the mean and standard deviation of log-radiance within density level d,
and is a sensitivity parameter varied from 2 to 3 in steps of 0.1.

To determine which value of performs best, we use our cross-validation dataset described
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in Section 2.4.2, this time including municipalities known to have switched o public lighting
before 2012. In this setting, municipalities with a con rmed pre-2012 switch-o are labelled as

1, and those without as 0. For each value of , we compute three performance metrics: accuracy,
sensitivity, and speci city. The results are shown in Table 4.B.1 (in Appendix).

The results show relatively high overall accuracy, reaching its maximum at = 2. However,
this masks an imbalance between false positives and false negatives. While speci city is con-
sistently high across all values, sensitivity remains low, with a maximum of only 28%. This
means the method performs poorly in identifying municipalities that had already switched o
public lighting before 2012: up to 72% of them are misclassi ed, at the best.

Despite this low sensitivity, we believe it is still valuable to keep this classi cation for further
analysis. Because speci city is very high, there is little risk of wrongly identifying municipalities
that had not yet switched o public lighting in 2012. This makes our selection reliable for identi-
fying early adopters, even if incomplete, and enables us to provide a lower bound for the number
of municipalities that switched o public lighting in France.

Since our main goal is to avoid misclassifying municipalities that had not switched o public
lighting before 2012, we focus on keeping a very high speci city. To be as safe as possible, we
choose the value of that gives a speci city of 100%, meaning no false positives. Among the
values that meet this condition, we select the one with the highest sensitivity, which is = 2:3.

We identify 123 municipalities that likely switched o public lighting before 2012, repre-
senting about 1.8% of all municipalities with more than 1,500 inhabitants. Figure 4.B.1 (in the
Appendix) shows their geographic distribution. Many of these early switch-o municipalities are
located in the west of France, particularly in Brittany. This gure of 123 provides a lower-bound
estimate of early adopters. If we assume that our CV dataset is representative of all municipalities
that had already implemented switch-o s, then these 123 cases may account for about 24% of the
total. Based on this, we estimate an upper bound of approximately 508 municipalities that may

have adopted the policy before 2012.
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3 Results

3.1 General patterns: timing and geographic distribution

Our results indicate that 4,457 of the 6,924 French municipalities with more than 1,500 inhabi-
tants implemented public lighting switch-o between 2012 and 2023, representing approximately
64.4% of the sample. This nding aligns with a study conducted by Enedis in November 2023,
which estimated that 80% of French municipalities had adopted public lighting switch-o , based
on a declarative survéy The explanation for this discrepancy is twofold: rst, we miss the
municipalities that switched o public lighting before 2012. Adding the municipalities that we
identi ed as early adopters, the share of municipalities that switched o public lighting increases
to between 65.8% (lower bound) to 71.4% (upper bound). Second, and most importantly, we
restrict our sample to municipalities with more than 1,500 inhabitants : it is likely that a higher
proportion of smaller, rural municipalities (i.e., those with fewer than 1,500 inhabitants) have im-
plemented such measures. This is what is found in the study conducted by Enedis, which showed
that 80% of municipalities with fewer than 2,000 inhabitants implemented these measures, com-
pared to 70% of those with 10,000 to 30,000 inhabitants, and 62% of municipalities with more
than 30,000 inhabitants.

Figure 4.4 displays the annual number of municipalities adopting public lighting switch-o ,
along with the cumulative total. Before 2022, the number of new adopters remained relatively
stable. However, the 2022 energy crisis marked a turning point, with a sharp increase: 2,386
additional municipalities, i.e. 53.5% of adopters, adopted switch-o measures after July 2022,
which corresponds to the launch of the national "energy sobriety” plan in France. This nding
con rms that economic considerations likely play an important role in the decision to switch o
public lighting.

A spatial pattern of adoption also appears to emerge. As shown in Figure 4.5, in major
metropolitan areas such as Paris, Lyon, and Marseille, few municipalities adopted switch-o poli-

cies. In contrast, in the Bordeaux metropolitan area, most municipalities did implement them. In

13. https://observatoire.enedis.fr/barometre: the study was based on a representative sample of 500 municipalities.
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Figure 4.4: Annual and cumulative number of municipalities implementing public lighting
switch-o measures

Note: Bars show the annual number of municipalities adopting public-lighting switch-o s; the line shows the
cumulative total.

the Cote dAzur region, many municipalities maintained public lighting throughout the period, a
pattern likely shaped by cultural or tourism-related factors. Finally, in Brittany, we nd that few
municipalities adopted the measure during the study period. This may be because many of them
had already implemented such policies before 2012, a pattern that would be consistent with our

ndings in Section 2.5.

3.2 Municipal factors associated with switch-o decision

In this section, we examine which municipal characteristics are associated with the decision to
switch o public lighting. We run logistic regressions using several variables, which are described
in Table 4.34.

Table 4.4 ( rst column) presents the results of a logistic regression estimating the probability
that a municipality adopted a public lighting switch-o policy between 2012 and 2023. This

allows us to analyze the municipal characteristics associated with this decision.

14. We omit municipal crime rates from the set of predictors due to concerns about simultaneity bias: lighting
policies may in uence crime rates, while crime levels could also a ect the decision to switch o public lighting,
which would probably make the coe cient hard to interpret.
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Figure 4.5: Geographic distribution of municipalities that implemented public lighting
switch-o measures during 2012-2023

Note: Municipalities included in the study are indicated in the shaded regions. Purple marks those with a detected
switch-o (2012 2023), and green marks those with no switch-o detected over the period. Grey areas represent
municipalities in France with fewer than 1500 inhabitants.
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Table 4.3: Description of predictor variables used in the regression model.

Predictor Description Source
Municipality's population Population in 2021. INSEE
Municipality's density INSEE's density grid classi es municipalities based otNSEE

total population and the spatial distribution of residents.
The grid ranges from level 1 (most dense) to level 7 (least
dense).

Tax potential (Jan 2024) Theoretical scal capacity of a municipality, based lottps://data.ofgl.fr
both its own local tax bases and state transfers. Re ects
potential revenue if national average tax rates were ap-
plied.

Political a liation Mayor's political a liation. If the switch-o occurred data.gouv.fr
before the 2020 municipal elections, the a liation is that
of the 2014-elected mayor. If it occurred after or if
no switch-o took place the 2020 mayor's a liation is
used.

Distance to Dark Sky Reserve Distance (in km) from each municipality's centroid3pinner et al. (2024)
the nearest certi ed French Dark Sky Reserve (DSR):
Pic du Midi, Cévennes, Alpes Azur Mercantour, Mille-
vaches, or Vercors. DSRs located abroad are excluded,
based on the assumption that French municipalities are
unlikely to be politically contrained or motivated by light
pollution mitigation policies related to reserves located
abroad.

First, larger municipalities (in terms of population) are signi cantly less likely to implement
switch-o measures. We nd that density is generally not statistically signi cant (except for cat-
egory 4), likely because its e ect is absorbed by correlated covariates like population size and
distance to a DSR (see below), which can be seen as proxy for rurality.

The tax potential, an indicator of a municipality's wealth, is negatively associated with the
probability of switching o public lighting. This suggests that poorer municipalities may face
greater budgetary constraints and are therefore more likely to adopt such measures as a means of
reducing public expenditure.

The political a liation of the municipal government also exhibits strong e ects. Munici-
palities governed by parties classi ed as far right, right, or center are signi cantly less likely to

implement switch-o s compared to those governed by the left (reference category).
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Finally, distance to the nearest International Dark Sky Reserve (DSR) is negatively associated
with adoption of switch-o policies, which is consistent with what Kyba and Coesfeld (2021)
nd. Municipalities located 10 50 km or more than 50 km from a DSR are signi cantly less
likely to have implemented the policy during the period than those within 0 10 km. This patternis
consistent with the idea that adoption re ects not only budgetary pressures but also for biodiversity
or dark landscape conservation.

Table 4.4 (second column) presents the results of a logistic regression restricted to municipal-
ities that adopted a public lighting switch-o policy. It models the probability that these munic-
ipalities implemented the measure after July 2022, i.e., following the onset of the energy crisis.
The results indicate that more populated and denser municipalities were more likely to adopt the
switch-o policy after 2022. The coe cient associated with tax potential is positive, suggest-
ing that municipalities facing tighter budget constraints may have already adopted the measure
earlier, prior to the crisis.

Political a liation is also a signi cant predictor: municipalities governed by center or right-
leaning parties were more likely to implement switch-o policies after 2022 compared to those
governed by the left. One possible interpretation is that left-leaning municipalities may have
already adopted switch-o measures earlier, motivated not just by budgetary concerns but also

by environmental considerations such as reducing light pollution and protecting biodiversity.

4 Discussion and conclusion

In this paper, we present a novel method to identify public lighting switch-o s in mainland French
municipalities with more than 1,500 inhabitants between 2012 and 2023, using VIIRS DNB data.
We apply a break detection algorithm to identify changes in time-series radiance, and then use a
random forest classi er to distinguish true switch-o s from other types of radiance changes, such
as conversion to LED streetlights.

We nd that 64.4% of the entire sample introduced a lighting switch-o at some point during
the period, 53.5% of which did so after July 2022, following the energy crisis triggered by the

war in Ukraine. This shows that the crisis had a major impact on the adoption of these mea-
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Table 4.4: Logistic Regression Results

Public lighting switch-o Public lighting switch-o after 2022
Intercept 2.926*** -0.965***
(0.471) (0.331)
Population (1000 hab) -0.008*** 0.008**
(0.003) (0.004)
Financial Potential (¢,/1000 hab) -0.475*** 0.806***
(0.15) (0.136)
Density (ref = 1)
2 0.135 0.291
(0.238) (0.178)
3 0.387 -0.577***
(0.247) (0.175)
4 0.53** -0.671*+*
(0.225) (0.157)
5 0.321 -1.086***
(0.226) (0.164)
6 -0.167 -1.129%**
(0.2412) (0.193)
Political A liation (ref = Left)
Center -0.862*** 1.283***
(0.237) (0.168)
Right -0.611*** 0.212**
(0.165) (0.107)
Far Right -2.669** 14.433
(1.115) (613.917)
Unclassi ed -1.363*** 1.649***
(0.149) (0.1)
Distance to DSR (ref = 0-10 km)
10-50 km -0.541**
(0.258)
> 50 km -0.743***
(0.285)
Department xed e ects Included Included
Number of observations 6924 4457
Log-likelihood -1686.15 -2530.9
AlC 3508.3 5273.79
Tjur's R2 0.142 0.225

Note: ***: < p-val 1%; **: p-val < 5%; *: p-val < 10%. Standard errors are under parenthesis. Column (1)
reports a logistic regression of an indicator for having implemented a public-lighting switch-o on the covariates.
Column (2) reports a logistic regression of an indicator for adopting after July 2022, estimated on the subsample
of municipalities that switched o (i.e., excluding never-adopters).
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sures, mainly due to budget constraints. This contributes to considerable energy savings when
integrated across France. To provide a rough estimate of the energy (and consequgatty$£O
sions) savings associated with the widespread switch-o s, we assume an average duration of 6
hours per night and that 50% of the municipal territory was a ected. Under these assumptions,
the estimated electricity savings for the year 2023 compared to a scenario where no switch-o
would have occured amount to 2.86 TWh, which represents approximately 0.64% of total national
electricity consumption for that yedr Based on an average emissions factor of 51 gk@h,

this reduction translates into avoided emissions of approximately 146,009eT @e details of

the calculations can be found in the Appendix.

We then analyze the characteristics of the municipalities that adopted these policies and nd
that more populated areas are generally less likely to have switched o public lighting. Interest-
ingly, political a liation also appears to be a good predictor of policy adoption: municipalities
governed by left-wing parties are more likely to adopt these measures than those led by other par-
ties. Finally, being close to an International Dark Sky Reserve also seems to matter, suggesting
that for some municipalities, saving money is not the only reason to switch o public lighting.

Our approach has several limitations. First, there are constraints linked to the VIIRS DNB
data. This data is inherently noisy, which places a limit on detection capability (particularly for
small changes), and also lacks the spectral information that would be needed to identify changes
in technology (Linares Arroyo et al. 2024). Second, as discussed earlier, our method cannot
detect changes in the timing of lighting switch-o s, such as when municipalities extend or reduce
the hours during which lights are turned o . This is an important limitation for researchers doing
impact evaluations, especially because many municipalities that had already implemented switch-
o s likely extended their duration in 2022. Third, since VIIRS DNB data is only available from
January 2012 onward, our method can only detect switch-o s that happened after that date. We
try to account for this limitation, but we do not identify all early adopters.

This research opens several avenues for future work. First, this database can be used to eval-
uate the short- and long-term impacts of public lighting switch-o policies in France, such as

e ects on crime, road safety, energy savings, and more. Public lighting switch-o is a sensi-

15. https://analysesetdonnees.rte-france.com/en/annual-review-2023/key ndings
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tive topic in France, and having scienti ¢ evidence to assess its impacts is essential. Since our
database includes the month of switch-o , it allows for the use of causal inference methods, such
as di erence-in-di erences approaches. Second, the database can also be used to study the fac-
tors that in uence the adoption of switch-o policies. In Section 3.2, we explore some predictors

of adoption, but this is not a causal analysis. More detailed studies could be carried out, for ex-
ample by using the panel structure of the data, and considering potential neighbouring e ects, or
membership in a regional natural parks. Finally, the method we propose could be applied to other

countries where switch-o policies seem to be widely used, such as Belgium or the Netherlands.
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Appendix

A Model performances and variable importance

Figure 4.A.1: Models performance

Note: The graphs show model performance according to three metrics accuracy (purple), sensitivity (blue) and
speci city (green) for two classi cation methods (28% threshold and random forest), two cost functions (L2 and
RBF), and varying penalty values (from 1 to 10).

To assess the contribution of each predictor to the model's performance, we computed variable
importance using the permutation method, which evaluates the decrease in predictive accuracy
when the values of a given variable are randomly shu ed. A greater decrease indicates that the

variable plays a more in uential role in predicting the target outcome.
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Figure 4.A.2: Variable importance for the prediction of the model

Note: The importance of variables was estimated using permutation feature importance, which measures how much
model performance decreases when the values of a single variable are randomly shu ed.

Table 4.A.1: Comparison of average characteristics between municipalities correctly classi ed
and incorrectly classi ed

All the sample Incorrectly classi ed

Number of municipalities 633 75
Average absolute radiance 14.7 (0.5) 11.9(1.2)
Average proportion of commercial building 6.3% (0.2) 6.1% (0.4)
Average percentage reduction in radiance 42.2% (0.9) 35.5% (1.3)
Average slope coe cient -0.3(0.0) -0.2 (0.0)
Density: 1 21.2% 13.3%
Density: 2 13.4% 8.0%
Density: 3 12.2% 17.3%
Density: 4 23.4% 25.3%
Density: 5 24.0% 24.0%
Density: 6 5.5% 12.0%
Density: 7 0.3%

Population: 1,500 3,499 29.7% 40.0%
Population: 3,500 4,999 14.1% 10.7%
Population: 5,000 9,999 27.0% 26.7%
Population: 10,000 19,999 13.6% 9.3%
Population: 20,000+ 15.6% 13.3%

Note: Reported gures are mean values with standard errors in parentheses (for con-
tinuous variables), and percentages (for discrete variables).

B Accounting for pre-2012 switch-0 s
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Figure 4.B.1: Map of municipalities identi ed as having switched o public lighting before
2012

Note: Municipalities included in the study are indicated in the shaded regions. Purple marks those which likely
implemented public lighting switch-o before 2012, and yellow marks those which did not. Grey areas represent
municipalities in France with fewer than 1500 inhabitants.
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Table 4.B.1: Detection performance for pre-2012 switch-o s across threshold values of

Accuracy Sensitivity Speci city
2 92.9% 28.0% 99.4%
2.1 92.9% 26.0% 99.6%
2.2 93.0% 26.0% 99.8%
2.3 93.0% 24.0% 100.0%
2.4 92.9% 22.0% 100.0%
2.5 92.9% 22.0% 100.0%
2.6 92.7% 20.0% 100.0%
2.7 92.7% 20.0% 100.0%
2.8 92.1% 14.0% 100.0%
2.9 92.1% 14.0% 100.0%
3 91.9% 12.0% 100.0%

Note: Accuracy, sensitivity, and speci city metrics for values of ranging from 2 to 3. The parameter controls
the sensitivity of the classi cation; it determines whether municipalities are agged as early switch-o adopters
(i.e., implementing switch-o policies before 2012).

C

Estimation of energy and CG; savings

To estimate energy and G®avings from public lighting switch-o policies in France, we proceed

as follow:

1.

Estimation of the reduction in lighting duration. According to the CEREMA, the night
lasts approximately 4,000 hours per yéarWe assume an average switch-o period of

H = 6 hours. To account for uncertainty, we consider alternative scenarios in which the
switch-o duration H varies from 3 to 9 hours per night. The resulting annual number of

lighting hours per streetlightdis computed as:

L5;2023 =4000 365 H;

Share of the territory a ected. We assume that the policy a ects S = 50% of the territory
of these municipalities. To account for uncertainty, we also consider alternative scenarios

in which the share of a ected municipal territory S ranges from 20% to 80%.

16. https://www.cerema.fr/fr/actualites/chi res-eclairage-public-cerema-contribue-enquete
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3. Approximation of the number of switched-o streetlights

" Approximation of streetlights in municipalities with more than 1,500 inhabitants.
According to CEREMA, the national stock of streetlights is approximately 12 mil-
lion, corresponding to an average of 0.175 streetlights per capita (based on a total
population of 68.4 million in 2023). Applying this ratio to the population living
in municipalities with more than 1,500 inhabitants (53.2 million), we estimate their
total number of streetlights T at approximately 9.3 million. If we apply the ratio to
the population living in municipalities with more than 1,500 inhabitants that imple-
mented public lighting switch-o (28.9 million), we estimate their total number of

streetlights Tat 5.1 million.

A

Approximation of switched-o streetlights. The total number of switched-o street-

lights Ty is:

Tot =Ts S;

And the total number of switched-on streetlightg 5:

Ton =T T o ;

4. Conversion into energy consumption. Following CEREMAS gure, we assume that the
average puissance of a lamp in 2023 is 0.0875kWh. Based on that, the total consumption

of a streetlight in 2023 G503 IS:

Cs;2023 =L $:2023 0:0875

And the consumption of total number of the switched-on streetlights in 20g3 iG:

C023=Cs2023 T on

17. https://lwww.insee.fr/en/statistiques/7757334
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5. Baseline scenario. In order to estimate the energy and €®ings, we de ne a baseline
scenario in which no municipality would have switched o public lighting at all. In this

case, the total consumption of streetlights is equal to:

Cb;2023:T 4000 0:0875

Therefore, the energy savings in 2023 B& is equal to:

ES2023 = Ch:2023 C 2023

6. Conversion to CG emissions. We assume an average emission factor for electricity con-
sumption of 51 gCG=kWh, which corresponds to the average carbon intensity of electricity
between midnight and 6 a.m. in 2022, according to data from'RTBe CQ savings are

therefore equal to:

CO, savings = ESgy3 51

Tables 4.C.1 and 4.C.2 present the estimated annual energy arsh@ygs, respectively, as
a function of the number of hours when public lighting is turned o per night and the share of

municipalities implementing switch-o policies.

18. https://www.rte-france.com/eco2mix
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Table 4.C.1: Estimated annual energy savings (TWh) by hours of switch-o per night and share
of municipalities switching o public lighting

Share of municipalities| 3h | 4h | 5h | 6h | 7h | 8h | 9h
20% 2.23]12.36|2.49| 2.62| 2.75| 2.88| 3.01
30% 236|247 259|2.70| 2.82| 293 | 3.04
40% 249|259 2.68| 2.78| 2.88| 2.98| 3.07
50% 262|270 2.78| 2.86| 2.94| 3.02| 3.11
60% 2751281 288|294| 3.01| 3.07| 3.14
70% 2.88| 293|297 3.02| 3.07| 3.12| 3.17
80% 3.01| 3.04| 3.07| 3.10| 3.14| 3.17| 3.20

Table 4.C.2: Estimated annual T@®savings by hours of switch-o per night and share of
municipalities switching o public lighting

Share of municipalities 3h 4h 5h 6h 7h 8h 9h
20% 113,839| 120,454| 127,069| 133,684 140,299| 146,914| 153,530
30% 120,420| 126,208| 131,996| 137,785| 143,573| 149,361| 155,149
40% 127,001| 131,962| 136,924| 141,885| 146,846| 151,808 156,769
50% 133,582| 137,717| 141,851| 145,986| 150,120| 154,255| 158,389
60% 140,163| 143,471| 146,778| 150,086| 153,394| 156,701 160,009
70% 146,745| 149,225| 151,706| 154,187| 156,667| 159,148| 161,629
80% 153,326| 154,980| 156,633| 158,287| 159,941| 161,595| 163,248
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Chapter 5

The Dark Night Rises: the impact of switch-o policies on crime

This chapter is single-authoretl.

Abstract. In recent years, a growing number of French municipalities have adopted policies
to switch o public lighting at night, in an e ort to decrease energy consumption and mitigate
light pollution. While these policies o er environmental and nancial bene ts, their impact on
public safety, and crime in particular, remains unknown. This paper provides the rst empirical
assessment of the e ect of public lighting switch-o on crime in France between 2017 and 2023.
To do so, | combine administrative data on reported crimes at the municipality year level with a
novel database on public lighting switch-o s at the national level, and exploit the random tempo-
rality of policy implementation, using a staggered di erence-in-di erences. | nd that, contrary

to frequent arguments put forward by opponents of this kind of policies, switching o public
lighting has no signi cant impact on most types of crimes and a small impact on burglaries. In-
creased burglaries that can be imputed to nighttime switch-o s are around 0.35 burglaries per
1,000 dwellings in treated municipalities over the study period. Further analysis shows that this
e ect is largely driven by high-density municipalities. Overall, even if further research is needed
to con rm these results at the sub-municipal level, the ndings of this study o er new evidence
on the marginal impact of switch-o policies on crime, providing valuable insights to the ongoing

debate on sustainable lighting strategies.

1. I thank Valentin Cocco, Edouard Pignéde, Francois Bareille, Maia David, Léa Tardieu, Yannick Guyonvarch
and Raja Chakir for their insights on the method, their careful reading and helpful comments, which substantially
improved this work.
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1 Introduction

In recent years, an increasing number of municipalities in France have decided to introduce public
lighting switch-o late at night. Beaudet et al. (2025) nd that 64.4% of municipalities with more
than 1,500 inhabitants introduced this policy between 2012 and 2023, with 53.5% of them doing
so after July 2022. This phenomenon appears to be speci c to France, which recorded one of the
largest decreases in radiance worldwide between 2014 and.2023

Each municipality's mayor is responsible for switch-o decision, that may be motivated by
various factors. Energy savings is the main driver of change as public lighting accounts for ap-
proximately 41% of the electricity bill of local authorities (Cour des comptes 2021). The sharp
rise in electricity prices in 2022, following Russia’s invasion in Ukraine, led to a notable increase
in the number of municipalities that opted to reduce or completely switch o public lighting
(Beaudet et al. 2025).

Safeguarding biodiversity is likewise a critical factor in switch-o decisions. Light pollution
has skyrocketed in recent decades (Kyba et al. 2017; Kyba et al. 2023), accompanied by diverse
harmful e ects that are now well-documented by scienti c research. First, arti cial light at night
(ALAN) poses a signi cant threat to biodiversity by disrupting natural dark-light cycles, a ecting
a wide range of species and ecological processes. Its impacts have been documented at multiple
levels, from individual physiological and behavioral changes to broader community dynamics
and ecosystem functioning (Bittel 2017; Holker et al. 2010; Irwin 2018; Hirt et al. 2023). Addi-
tionally, exposure to ALAN has been linked to negative e ects on human health, including dis-
ruptions in circadian rhythms and melatonin production, subsequently disturbing sleep patterns,
wakefulness, eating habits and metabolism (Zielinska-Dabkowska 2018; Wang et al. 2023). To
address these concerns, some municipalities have started designing lighting plans that integrate
ecological considerations, ensuring that public lighting does not interfere with major ecological
corridors. For instance, in the Montpellier metropolitan area, urban planners collaborated with an
environmental consulting rm and with researchers to develop a lighting strategy that minimizes

ecological disruption while maintaining street lighting where it is most needed (Potin et al. 2024;

2. Maps of observed radiance decrease in European countries
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Tardieu et al. 2025).

However, these switch-o decisions raise concerns among citizens, particularly regarding
their impact on insecurity (Beaudet et al. 2022). In France, a lot of petitions have recently been
signed by hundreds of citizens across various municipalities to protest against public lighting
switch-o s3. These petitions argue that the absence of public lighting not only exacerbates feel-
ings of insecurity but also leads to an actual increase in incidents of delinquency and road ac-
cidents, although this increase has not been statistically proven. In Bordeaux, citizen protests
successfully led to a policy change, pushing the mayor to adjust the public lighting switch-o
time from 1 a.m. -5a.m. to 2:30 a.m. - 5 a’m.

Municipal authorities thus potentially face a complex trade-o between achieving the nan-
cial and environmental bene ts associated with reduction of arti cial light at night, and ensuring
public safety. Moreover, mayors also often consider the political implications of their decisions,
particularly in the context of re-election. However, while research on road safety generally in-
dicates that public lighting contributes to improved visibility and a reduction in accidents (e.g.
Struyf et al. 2019), the relationship between public lighting and crime rates remains less clear
(see Section 2). This research gap needs to be lled in order to ensure that political debates are
informed by scienti ¢ evidence rather than emotions or prejudices.

In this paper, | measure the causal impact of switching o public lighting at night on local
crime between 2017 and 2023 in France. To do so, | combine administrative data on reported
crimes at the municipality year level with a novel database on public lighting switch-o s (Beaudet
et al. 2025), and exploit the random temporality of the policy implementation, using a staggered
di erence-in-di erences. | nd that switching o public lighting has no signi cant impacts on
most types of crimes and a small impact on burglaries, for which | nd that the policy results
in a slight increase of 0.35 burglaries / 1,000 dwellings in treated municipalities. | also provide
complementary analyses to better understand the results regarding burglaries, and nd that the
observed e ect is mainly driven by high-density municipalities. Moreover, | nd no evidence of

spatial spillover as was found in previous studies at the infra-municipal level on neighbouring

3. Link to examples of petitions
4. Newspaper article on Bordeaux's backpedalling regarding switch-o policies
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untreated municipalities, meaning that untreated municipalities located near treated ones are not
indirectly a ected by the policy.

This is the rst nation-wide empirical study to analyse the impact of switch-o policies on
crime, making it a valuable source of evidence for local policymakers seeking to balance safety,
energy savings, and environmental objectives. This analysis is made possible by the use of a novel
database on switch-o policies derived from satellite imagery, provided by Beaudet et al. (2025).
The nationwide coverage of the data allows for the exploration of heterogeneity across munici-
palities, which provides valuable insights to better guide local policy decisions.

The structure of the paper is as follows. Section 2 provides a comprehensive review of the
literature on the relationship between ambient or arti cial light and crime, incorporating both the-
oretical frameworks and empirical ndings, and highlights the contribution of the paper. Section
3 details the datasets used in this study, and provides descriptive statistics. Section 4 outlines the

identi cation strategy, and Section 5 presents the empirical results.

2 Lighting and crime: a research overview

From its early uses, street lighting introduction was linked to concerns about crime and safety.
According to Ellis (2007), oil lamps were employed for public safety as early as 500 BC in the
Greco-Roman world. In France, large-scale street lighting initiatives emerged in the 17th century
under Louis X1V, primarily in order to improve visibility to help law enforcement in detecting and
apprehending criminals (Ellis 2007). However, the claim that improved lighting has an impact
on reducing crime is not scienti cally supported, either theoretically or empirically. This section
reviews the literature that examines the impact of street lighting on crime reduction and highlights

the contributions of this article.

2.1 Theoretical mechanisms

According to Becker (1968)'s seminal economic model of crime, individuals engage in criminal

activities when their expected bene ts outweigh their expected costs. Doleac and Sanders (2015)
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extend Becker's model by formally incorporating the role of ambient lighting into the economic
analysis of crime. Building on this and on my own reading of the literature, | identi ed several
mechanisms that suggest that ambient light can in uence crime.

An increase in ambient light can deter crime by raising the probability of capture. This "de-
terrence e ect" (Becker 1968) can be explained by improved visibility, which enhances o ender
detection and assists law enforcement (Jacobs 1961; Painter and Farrington 1999). However, re-
garding property crime, better lighting may also lower o enders' search costs by revealing valu-
able targets (Arvate et al. 2018), and thus reducing the overall cost of committing a crime.

Light can indirectly a ect crime by in uencing public space use. People may feel safer in
well-lit areas (Painter 1994, 1996), which can increase outdoor activity and potential victims
(Chal n, Hansen, et al. 2022), and can lower o enders' search costs. However, more activity also
means more "eyes on the street" (Cozens and Hillier 2012; Cozens and Davies 2013), enhancing
informal surveillance and deterring crime.

Another mechanism that is speci c to public lighting and not ambient light in general, in-
volves its social signaling e ects. Skogan (1992) suggests that improved street lighting signals
investment in neighborhood conditions, which can improve community cohesion and informal
social control, thereby increasing monitoring, and thereby the likelihood of apprehension.

These mechanisms indicate that the impact of ambient or street lighting on crime is theoreti-

cally complex and ambiguous, which highlights the need for empirical analyses.

2.2 Empirical evidence

Empirical studies on street lighting and crime have historically examined the impact of improving
lighting, i.e. increasing the brightness of existing lighting. This question rst gained attention in
the 1960s in the United States because of rising crime rates. However, the ndings of these early
studies were inconsistent (Tien 1979), and they often su ered from methodological weaknesses,
in particular regarding the very poor quality of the design (Welsh and Farrington 2008) and the

impartiality (Mosser 2007) of these studies. Even the 13 studies selected in Welsh and Farrington
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(2008)'s systematic reviewwhich are supposed to meet su ciently rigorous methodological
standards, remain subject to criticism, regarding questionable control group selection often with
a control area right next to the treated area, without taking into account potential spatial spillover,
which may exist as shown by more recent literature (see below) , weak statistical power, a lack of
explicit treatment e ect estimation, and no mention or discussion of the parallel trend assumption
despite the use of a di erence-in-di erences setting.

Recent studies (from the 2010s onward) have employed more rigorous methodologies and
diverse experimental designs, along with variations in street lighting interventions extending be-
yond increases in brightness. They have led to divergent conclusions on the impact of light on
crime.

Some studies nd that an increase in public lighting leads to a reduction in crime. Arvate
et al. (2018) use an instrumental variable approach to assess a 2003 Brazilian electri cation pro-
gram, and nd a signi cant homicide reduction of 91.76 on public streets and 17.61 in hospitals
per 100,000 inhabitants in eligible municipalities. Chal n, Hansen, et al. (2022) conducted the
rst randomized controlled trial on street lighting. They installed temporary lighting towers in
selected New York public housing developments. This intervention led to a 35% reduction in out-
door night-time crime. Mitre-Becerril et al. (2022) later con rmed the intervention's long-term
e ectiveness. MacDonald et al. (2025) use a staggered di erence-in-di erences approach to as-
sess the impact of LED installation in Philadelphia, and nd a 15% decline in outdoor nighttime
street crimes.

Some studies have also explored the in uence of ambient natural light using an original iden-
ti cation strategy, and reached similar conclusions. Doleac and Sanders (2015) and Dominguez
and Asahi (2023) use daylight-saving time (DST) transitions as an exogenous source of variation
in ambient light, and nd that increased evening daylight reduces robberies by 7% and 10%, re-
spectively. Interestingly, Dominguez and Asahi (2023) nd that crime reduction was primarily
driven by increased ambient light in residential areas, where street lighting coverage is lower than

in commercial zones, which aligns with research supporting the role of street lighting on crime

5. Of the 13 studies, U.S. results were mixed, while all ve U.K. studies found that street lighting reduced crime.
Overall, the meta-analysis showed an average 20% crime reduction in areas with improved lighting.
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reduction.

On the contrary, studies that examine the e ect of reduced public lighting on crime reach
very di erent conclusions. Using a control interrupted time series analysis across 62 counties
in England and Wales, Perkins et al. (2015) nd that none of the street lighting interventions
analyzed, including lighting switch-o , have a signi cant e ect on crime. Davies and Farrington
(2020) study the impact of switching o public lighting in Essex, England, and nd that while
turning o street lights led to an increase in burglary and vehicle crimes, it also resulted in a
decrease in violent crimes. They explain this result by stating that reduced lighting may have
deterred individuals from going out at night. Chal n, Kaplan, et al. (2022) use a di erence-in-
di erences approach to analyze the short-term e ects of streetlight outages on crime. While they
nd no signi cant changes in night-time crime on a ected street segments, their analysis reveals
crime displacement, with increased night-time robberies on adjacent, better-lit streets. Finally,
Tompson etal. (2023) nd no signi cantimpact of street lighting policies on burglaries, robberies,
or vehicle thefts, but observe a decrease in thefts from vehicles where lighting was turned o at

midnight.

2.2.1 Contributions

This study makes several key contributions to the literature. First, while most existing research
focuses on the e ects of improving street lighting, | examine the impact of switching o public
lighting, an area that remains understudied, with only four identi ed studies addressing similar
measures (Perkins et al. 2015; Davies and Farrington 2020; Chal n, Kaplan, et al. 2022; Tomp-
son et al. 2023) one of which analyzing power outages, a distinct phenomenon. Second, |
implement a staggered di erence-in-di erences approach using the estimator from Callaway and
SantAnna (2021), which accounts for treatment heterogeneity across groups and time, unlike the
two-way xed e ects models often applied in recent studies on the impact of light on crime. |
discuss and address the potential endogeneity sources, which have also been overlooked in recent
studies (Perkins et al. 2015; Davies and Farrington 2020; Tompson et al. 2023). Third, the study

is one of the rst to assess this issue at a large-scale level, i.e. national level, for municipalities
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of more than 1,500 inhabitants. Indeed, most previous studies have looked at small projects in
limited areas, and the impact of large-scale lighting improvements on public safety is still unclear
(MacDonald et al. 2025).This nationwide study is made possible by a novel database on public
lighting switch-o s in France, provided by Beaudet et al. (2025), which was constructed using a
break detection algorithm combined with a random forest classi er applied to nighttime satellite
images. Fourth, | conduct heterogeneity analyses to assess whether the impact varies depend-
ing on certain municipalities' characteristics. Finally, | account for potential spatial spillovers
between municipalities using a novel approach developed by Butts (2024). In this study, | pri-
marily focus on burglaries. However, | also examine the overall impact on other crime types in
Section 5.5 to provide a broader perspective, as burglaries represent only one type of crime and

the estimated impact may not be representative of all crimes.

3 Data sources, characteristics and summary statistics

3.1 Public lighting switch-o data

| use public lighting switch-o data from Beaudet etal. (2025), built using radiance measurements
from nighttime satellite imagery, more precisely from the VIIRS satellite. The authors applied a
break detection algorithm to the radiance time series of all municipalities and combined it with
a random forest model to classify breaks as public lighting switch-o s or other events, thereby
identifying which French municipalities experienced switch-o s and when (to the nearest month).
The database covers the period 2012 2023 for municipalities with more than 1,500 inhabitants
in mainland France, which corresponds to 6,924 municipalities out of 34,806 and 81.2% of the
total population of mainland France.

The main advantage of these data is that they cover all municipalities with more than 1,500
inhabitants. Compared with administrative data, these data have broader coverage and ensure

complete comparability across cities. In particular, they help avoid potential selection bias (for

6. Arvate et al. (2018) also make their analysis at the national level, but in a developing country, Brazil, with a
di erent crime context.

232



instance, when municipalities are more willing to share data due to policy implementation or

political preferences).

3.2 Crime data

| use an open-access dataset provided by the French Home O ce, which provides annual counts
of recorded o ences for several categories of crime, for each municipalities from 2016 to 2023.
O ences are recorded based on various sources including victim complaints, reports, testimonies,
agrante delicto, denunciations, and proactive investigations by the police. This therefore does
not re ects the actual number of o ences, but rather only those recorded by the police.

The dataset is not complete. If a municipality records fewer than ve o ences in a category
for three years in a row, the value is reported as missing. Therefore, | choose to focus only on
municipalities for which there is no missing values. Although this reduces the number of mu-
nicipalities available for the analysighe nal sample still covers the municipalities where the
majority of crimes occur (see Table 5.3).

Among the fourteen categories of crime available in the dafalselhoose to focus on bur-
glaries. Burglary is de ned as theft from a residential property or from premises used to store
valuables or goods. The indicator used here combines burglaries of primary residences and sec-
ondary residences. Attempted burglaries are also included. The indicator therefore does not cover
other types of burglary, such as those targeting industrial, commercial, or nancial premises, or
other kinds of premises. The choice to focus on this outcome is motivated by the fact that bur-
glaries come with a high reporting rate, so that the number of recorded o ences gives a good
indication of the actual volume of crimes committed. On average, over the period 2014 2018,
the complaint rate for burglaries or attempted burglaries was 49% (69% for completed burglar-

ies). By contrast, the complaint rate for sexual violence occurring outside home was only 15%

7. For municipalities with few missing values, whether a missing value is below or above ve can be deducted.
To complete the dataset, | impute 2.5 when it is below ve, and the municipal average for that o ence type when it
is above ve

8. The fourteen categories are: physical violence, physical violence within the family, other types of physical
violence, sexual violence, violent theft with a weapon, violent theft without a weapon, non-violent theft against
individuals, home burglaries, theft from vehicles, theft of vehicles, theft of vehicle accessories, wilful destruction
and degradation, drug tra cking, and drug use.
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(INSEE 2021) Furthermore, while burglaries, like most crimes, are concentrated in urban ar-
eas, they are among the least urban-concentrated o ences compared to other crime types. For
example, while 1% of municipalities account for 45.8% of burglaries, the share rises to 84.2%
for violent thefts without weapons and 79.1% for thefts with weapons (Poissonnier et al. 2023).
This allows to cover more municipalities in the analysis and to conduct a heterogeneity analysis
based on municipal densities, which can support di erentiated policy recommendations.
Although this requires further research, | also include in section 5.5 a brief analysis of the
impact of public lighting switch-o s on eleven other crime outcomes. It enables to show that the

e ectthat | nd on burglaries does not generalize to all crimes.

3.3 Other data

| also use other data sources to include covariates in the nal dataset. The source and description

of these variables are presented in Table 5.1.

3.4 Final sample

The lighting dataset covers 6,924 municipalities with more than 1,500 inhabitants. Additionally,
3,532 municipalities with more than 1,500 inhabitants are dropped due to missing crime data,
along with the 318 municipalities that had already undergone treatment before 2017. This latter
exclusion is necessary because crime data is only available from 2016, and to ensure the validity
of the identi cation strategy, it is essential that all treated units have a treatment value of zero at
the initial observation date. This leaves me with a nal sample of 3,074 municipalities. Table 5.2
presents descriptive statistics comparing all municipalities in mainland France, municipalities
with more than 1,500 inhabitants, and those included in the nal sample. Municipalities with
more than 1,500 inhabitants already di er substantially from the national average: they display
higher median income, are located in larger urban units, and are denser. These di erences are

even more pronounced for the municipalities included in my sample. This pattern is expected,

9. The reporting rate is measured using victimization surveys, such as the Vécu et ressenti en matiére de sécurité
(VRS) survey conducted by the French Home O ce, which asks individuals about their experiences of crime and
whether they reported them to the police
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Table 5.1: Description of the variables used in the study.

Variable Description Source

Median income (2016) Municipality's median income Filoso 2016

Interdecile ratio at thelnterdecile ratio (D9/D1) at the EPCI level (Etablissement publicRileso 2016
EPCI level (2016) coopération intercommunale is the technical name for intermunici-
pal structures)

Tax potential (2018) Theoretical scal capacity of a municipality, based on both its bttps://data.ofgl.fr
local tax bases and state transfers. Re ects potential revenue if na-
tional average tax rates were applied.

Min. distance to a QPVMinimum geographical distance to the closest QPV boundaiTC

(2015) QPV (Quartiers prioritaires de la politique de la ville) are urban
areas in France identi ed by law as priority zones for social and ur-
ban policy interventions because of elevated levels of poverty and
lower-than-average incomes.

Share of houses (2016) Share of houses among dwellings in the municipalities INSEE's census

Share of secondary an8hare of secondary and vacant dwellings among the total numb&NSEE's census
vacant dwellings (2016) dwellings in the municipality

Urban unit size (2017)  Urban unit is dened by INSEE based on the continuityNSEE
built-up areas (no gap of more than 200 meters between build-
ings) and a minimum population of 2,000 inhabitants. Urban
units are classi ed into nine categories: outside any urban unit;
2,000 4,999 inhabitants; 5,000 9,999 inhabitants; 10,000 19,999
inhabitants; 20,000 49,999 inhabitants; 50,000 99,999 inhabitants;
100,000 199,999 inhabitants; 200,000 1,999,999 inhabitants; Paris

urban unit.
Political a liation Mayor's political a liation. data.gouv.fr
Density Municipal density class is de ned according to population denBX$EE

and spatial continuity of the buildings. Municipalities are classi ed
into seven categories: 1: Major urban centers, 2: Intermediate urban
centers; 3: Urban peripheries; 4. Small towns; 5: Rural towns; 6:
Dispersed rural areas; 7: Very dispersed rural areas

Percentage reduction iDrop in average radiance between the segment before the breaReendatlet et al. (2025)
radiance the segment after.

since the sample covers municipalities where most burglaries occur, and that in general, crime is
more concentrated in urban areas.

Although the 3,074 municipalities included in the sample are not representative of the mu-
nicipalities with more than 1,500 inhabitants and only represent 9.1% of all municipalities in
mainland France, they account for 63.6% of the population and between 69.8% and 73.7% of all

burglaries in France, depending on the year (see Table 5.3). The sample therefore captures the
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Table 5.2: Comparative descriptive statistics for municipality subsets

All municipalities All municipalities with  Municipalities included
pop. > 1,500 in the sample

Number of municipalities 34,806 6,924 3,074
Median income 20,902 (16.8) 21,619 (41.2) 21,919 (72.2)
Size of urban unit

< 50,000 inhab. 92.4% 68.0% 47.9%

50,000 200,000 inhab. 2.7% 10.4% 14.7%

200,000 inhab. 4.9% 21.6% 37.4%

Density

1 2.2% 11.0% 22.5%

2 1.5% 7.6% 15.0%

3 2.5% 9.6% 11.6%

4 5.6% 19.9% 23.0%

5 14.6% 37.8% 21.3%

6 52.7% 13.4% 6.3%

7 20.9% 0.7% 0.4%

Notes: Mean (standard deviation) for continuous variables; percentages for categorical variables. The rst column
reports descriptive statistics for all municipalities in mainland France, the second for those with a population greater
than 1,500 in 2024, and the third for the municipalities included in the sample.

majority of burglaries.

Table 5.3: Coverage of burglaries in the sample (per year of observation)

Year Number of burglaries in the Total number of burglaries Share of burglaries covered in
sample recorded the sample

2016 173,738 248,900 69.8%

2017 176,730 253,000 69.9%

2018 168,648 236,800 71.2%

2019 168,165 236,700 71.0%

2020 136,531 189,300 72.1%

2021 139,973 189,900 73.7%

2022 153,850 211,500 72.7%

2023 153,762 217,000 70.9%

Note: The table reports, for each year in the observation window (2016 2023), the coverage of burglaries in the
sample.

The treatment variable is de ned as a binary indicator. It takes a value of O for never-treated
units and for treated units prior to the treatment date, and a value of 1 for treated units after the
treatment date. | could have used a continuous treatment variable, like the percentage drop in radi-
ance, and applied staggered di erence-in-di erence methods suited for such data (e.g. Callaway

etal. (2024)). However, as Beaudet et al. (2025) explain, the same percentage drop in radiance can
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re ect di erent realities depending on municipality size. For example, in rural areas, where pub-

lic lighting is the main source that contributes to the radiance, a switch-o can lead to a sharper
decline than in urban areas where there is more private source of lighting that participate to the
measured radiance. However, | conduct a heterogeneity analysis (see Section 4.3) to examine
whether the e ect varies with the percentage decrease in radiance.

The municipalities are grouped in eight di erent treatment cohorts, de ned by their adoption
year: seven cohorts treated between 2017 and 2023, and the never-treated cohort. The outcome
variable is the number of o ences (e.g. number of burglaries in a municipality) divided by the
number of dwellings (in the case of burglaries) or by the population (in other cases). Using a rate

rather than a raw count allows meaningful comparisons across municipalities of di erent sizes.

3.5 Summary statistics

Table 5.4 presents descriptive statistics conditioned on treatment cohorts and the results of in-
dependence tests across cohorts for each variable. First, the size of the treatment cohorts varies
signi cantly. Between 2017 and 2021, cohort sizes are stable, ranging from 87 to 127 munici-
palities. From 2022 onward, the number of treated municipalities rises sharply, likely due to the
energy crisis and higher electricity prices (Beaudet et al. 2025). The 2022 cohort includes 1,006
municipalities, which is similar in size to the never-treated cohort (1,102 municipalities).

We observe important di erences in the characteristics of municipalities across treatment
groups. Municipalities treated in 2022 are located in much larger urban units. For example,
36.9% are in units with more than 200,000 inhabitants, compared to 20.7% in the 2017 group.
In contrast, small urban units are less represented in the 2022 cohort. The same pattern holds
for the 2023 cohort. Overall, the 2022 and 2023 cohorts are close to the never-treated cohort in
terms of urban structure. | also observe di erences between cohorts on several other variables,
based on independence tests. Untreated municipalities tend to be in EPCIs with higher inequality
(measured by the interdecile ratio), have a higher tax potential per inhabitant, are located closer
to QPVs, and have a lower share of houses. Regional distribution and the political a liation of

mayors also vary across cohorts. In contrast, there is no signi cant di erence in the share of
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Table 5.4: Descriptive statistics per treatment cohort

Treatment cohort 2017 2018 2019 2020 2021 2022 2023 Never treated  p value
Number of municipalities 111 97 87 93 127 1006 451 1102
Share of municipalities 3.6% 3.2% 2.8% 3.0% 4.1% 32.7% 14.7% 35.8%
Share of population 2.4% 1.7% 1.7% 2.3% 3.7% 27.3% 10.8% 50.2%
Burglary rate 2016 (1 dwellings) 10.1(0.65) 10.9(0.84) 8.7 (0.64) 10.3(0.82) 11.7(0.77)  11.7(0.28)  11.5(0.42) 13(0.29)  <0.001
Burglary rate 2023 (f dwellings) 10 (0.76) 10.3 (0.86) 8.6 (0.5) 10 (0.94) 10.2(0.71)  10.4(0.24)  9.5(0.32) 10.8 (0.23) 0.03
Burglary rate change 2016-2023 (+ dwellings) -0.06 (0.74) -0.53(0.75) -0.14(0.54) -0.3(0.74) -1.46(0.59) -1.3(0.21) -1.97(0.32) -2.16(0.21) <0.01
Median income 21,890 (329) 23,311 (545) 22,379 (412) 22,143 (448) 22,542 (375) 21,739 (122) 21,817 (182) 21,879 (121) 0.045
Interdecile ratio (EPCI) 3.1(0.0) 3.3(0.1) 3.2(0.1) 3.3(0.1) 3.2(0.1) 3.3(0.0) 3.3(0.0) 35(0.0) <0.001
Tax potential/inhab. 1,028 (29.5) 994 (30.4) 955 (24.9) 945 (27.7) 970 (25.4) 1,049 (11.2) 988(16.9) 1,092 (13.7) <0.001
Min. distance to a QPV 8.9(0.9) 8.9(0.9) 9.3(0.9) 8.0(0.7) 8.1(0.7) 7.6 (0.3) 8.5(0.4) 7.5(0.3) <0.001
Share of houses (%) 71.3(1.9) 71.0 (2.0) 74.6 (2.1) 71.0 (2.3) 66.8 (2.2) 63.3(0.7) 69.5 (1.1) 61.9(0.8) <0.001
Share of secondary or vacant dwellings (%) 13.0(1.1) 11.5(0.9) 14.7 (1.6) 13.5(1.1) 13.3(1.0) 13.0(0.4) 12.9 (0.6) 13.4(0.4) 0.304
Size of urban unit <0.001

< 50,000 inhab. 57.7% 57.7% 46.0% 57.0% 52.8% 46.2% 50.1% 45.6%

50,000 - 200,000 inhab. 21.6% 18.6% 27.6% 16.1% 19.7% 16.9% 12.6% 10.7%

>= 200,000 inhab. 20.7% 23.7% 26.4% 26.9% 27.6% 36.9% 37.3% 43.7%
Density <0.001

1 13.5% 17.5% 8.0% 15.1% 16.5% 22.4% 17.1% 28.6%

2 13.5% 7.2% 10.3% 15.1% 11.0% 18.9% 15.3% 13.0%

3 18.9% 11.3% 12.6% 6.5% 15.7% 15.0% 9.8% 8.4%

4 21.6% 25.8% 32.2% 23.7% 29.9% 24.2% 26.6% 18.7%

5 28.8% 32.0% 26.4% 31.2% 18.9% 16.4% 23.5% 22.2%

6 3.6% 6.2% 10.3% 8.6% 7.9% 3.2% 7.1% 8.3%

7 0.7% 0.7%
Political nuance <0.001

Left 36.0% 41.2% 36.8% 33.3% 33.1% 33.0% 35.5% 29.3%

Center 7.2% 2.1% 1.1% 5.4% 3.1% 2.3% 3.8% 2.8%

Right 37.8% 35.1% 37.9% 47.3% 43.3% 47.9% 41.7% 47.6%

Non-a liated/Other 18.9% 21.6% 24.1% 14.0% 20.5% 16.8% 19.1% 20.2%
Region <0.001

Auvergne Rhone-Alpes 22.5% 29.9% 24.1% 12.9% 26.0% 15.4% 19.1% 15.5%

Bretagne-Pays de la Loire-Nouvelle Aquitaine 37.8% 29.9% 33.3% 19.4% 19.7% 14.7% 21.5% 20.9%

lle-de-France/Nord 20.7% 19.6% 21.8% 37.6% 29.1% 34.9% 26.2% 33.7%

Est 9.0% 7.2% 5.7% 5.4% 7.9% 14.4% 7.1% 7.4%

Sud 9.9% 13.4% 14.9% 24.7% 17.3% 20.6% 26.2% 22.5%

Note: Mean (standard deviation) for continuous variables, percentage for categorical variables.
Last column reports p-values of Kruskal-Wallis independence test for continous variables, and of Chi-square test for categorical variables.

secondary dwellings, and only minor di erences in median income. These results are useful for
guiding the selection of control variables in the analysis.

Regarding the initial burglary rate, signi cant di erences exist between treatment cohorts,
as con rmed by the independence test. The burglary rate is higher in never-treated areas, with
an average of 13 burglaries per 1,000 dwellings, compared to 10.5 for areas treated in 2017, for
example. The rate is especially low for the 2019 cohort (8.72), while it rises again in 2021, 2022,
and 2023, reaching between 11.48 and 11.68 burglaries per 1,000 dwellings. These di erences
suggest that the assumption that treated and untreated municipalities would have had the same
burglary rate in the absence of treatment is very questionable, which partly justi es the use of a

di erence-in-di erences strategy.
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4  Empirical framework

| exploit a natural experiment to assess the impact of public lighting switch-o s on burglary (and
other crime) rates, using a di erence-in-di erences strategy. My preferred speci cation relies on
the estimator developed by Callaway and SantAnna (2021), which accounts for treatment e ect
heterogeneity under staggered adoption. | use the doubly robust estimator and rely on the paral-
lel trends assumption conditional on time-invariant covariates. Finally, | conduct supplementary
analyses to account for potential spillovers between treated and untreated municipalities, and ex-
amine whether there is a di erentiated impact depending on the municipalities' density and the

magnitude of the observed decrease in radiance.

4.1 Estimation strategy

| adopt the Rubin causal model framework (Rubin 1974) and aim to estimate the average treatment
e ecton the treated (ATT), i.e. the average e ect of public lighting switch-o s on burglary rates

for the municipalities that switched o public lighting. In the case of a staggered adoption design,

it is more appropriate to rst de ne the group-time average treatment e ects, that is, the average
treatment e ect for group (or cohort) g at time t, where a group is de ned by the time period in

which municipalities are rst treated (from 2017 to 2023):

ATT(g;t) =E[Y#(1) Y «(0)jG; =]

where ¥ (1) (resp. Y (0)) refers to the potential burglary rate when experiencing (resp. not
experiencing) public lighting switch-o from g to t for municipality i at time t, and; & the
treatment group, i.e. the year when a unit was treated for the rst time (1 for the never-treated
group).

My estimation strategy relies on a di erence-in-di erences approach, well-suited to my panel
dataset with a binary treatment and the natural experiment. This strategy reduces the importance
of structural di erences in levels observed across treatment groups (see section 3.5), by relying

on the parallel trends assumption, which assumes similar dynamics between di erent groups in
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the absence of treatment.

Recent literature highlights that in a staggered adoption setting where treatment e ects are
allowed to be heterogeneous over time or across cohorts, the commonly used two-way xed e ects
(TWFE) estimator can fail to recover a causal parameter. This is because it compares units that are
already treated at di erent times, leading to so-called "forbidden comparisons” (Goodman-Bacon
2021; Sun and Abraham 2021). In some cases, this can result in estimates with the opposite sign of
all individual-level treatment e ects, due to negative weighting. Even when weights are positive,
the estimators may not correspond to the most policy-relevant parameter (Roth et al. 2023). In
my case, there are strong reasons to suspect treatment e ect heterogeneity between groups, given
the variation in municipal characteristics across groups (see section 3.5).

Consequently, | use the estimator proposed by Callaway and SantAnna (2021), which is suited
for staggered treatments because it addresses the drawbacks of the TWFE estimator by avoiding
negative weights and providing clear, transparent group-time treatment e ects.

Speci cally, I identify ATT(g; t) by comparing the expected change in burglary rate for group
g (e.g. municipalities treated in 2017) between period g 1 and t to that for my control group,

i.e. never-treated municipalities:

ATT(g; ) =E[Yi Yig: 1Gi=9] E[E[Y ¢ Yig:1 ]X;Gi=1]]jG ;=d]

where X is the set of time-invariant covariates.

| estimateAlT T(g;t) using the doubly-robust estimator described by Callaway and SantAnna
(2021). The reason for choosing the doubly robust (DR) estimator rather than the inverse prob-
ability weighting (IPW) estimator or the outcome regression (OR) estimator, both also proposed
by Callaway and SantAnna (2021), is that the DR is more robust to model misspeci cation than
either the IPW or the OR estimator. It combines both methods but only requires one of the two
models to be correctly speci ed (not necessarily both).

In my setting, there are seven di erent treatment cohorts and eight time periods, which makes

it di cult to interpret the results. Moreover, since there are cohorts with fewer observations,
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the result for these cohorts might not be reliable (Baker et al. 2025). Therefore, it is useful to
aggregate the group-time e ects into summary measures of the causal e ect. | therefore use

three other parameters based on means of groupﬁﬁ'rﬁég; t):

- AT, = ATT(G;

. P\
ATT=" AT,
. P
ATT = S ATT(gig+1)

Here, Ty denotes the number of post-treatment periods for cohortggisthe number of
municipalities in group g, andfy; is the total number of treated municipalitieﬁTT@J represents
the average treatment e ect for group (or cohort)ﬁb'.T provides the average e ect of switching
o public lighting for all municipalities that actually participated in the treatment. Finaﬁipjl]
is an event-study parameter, i.e. the average of the treatment e ect | periods after adoption across
di erent adoption cohorts.

| choose the estimator proposed by Callaway and SantAnna (2021) for several reasons. Re-
cent studies have introduced various estimators designed to handle treatment e ect heterogeneity
under staggered adoption. Cocco et al. (2025) distinguishes between imputation-based methods
(Borusyak et al. 2024; Gardner 2022), which compare expected changes in the treatment group to
the average of all pre-treatment periods, and aggregation-based methods (Sun and Abraham 2021;
Callaway and SantAnna 2021), which rely on comparisons to the last pre-treatment period only.
While using multiple pre-treatment periods can improve precision Borusyak et al. (2024) show
that their estimator is e cient under homoskedastic and uncorrelated errors Harmon (2022)
nds that aggregation-based estimators perform better when error terms are highly correlated.
For burglary rates, | expect errors to be serially correlated rather than driven by short-term shocks.
In addition, the CS estimator only requires the parallel trends assumption to hold after treatment,
while the BJS estimator assumes it for all groups and time periods (Roth et al. 2023). Although |
can check for pre-trends, | choose to be cautious and rely on the weaker assumption. In addition,
the CS estimator makes it easier to compute group-speci ¢ ATT estimates, which is particularly

useful in my context given the heterogeneous composition of the treatment cohorts. | nevertheless
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conduct robustness checks using alternative estimators (Sun and Abraham 2021; Gardner 2022;
Borusyak et al. 2024) to assess whether my results are sensitive to the choice of the method.

For inference, | use the multiplier bootstrap procedure proposed by Callaway and SantAnna
(2021), which computes clustered standard errors at a chosen level. | cluster at the municipality
level, as this is the level at which treatment is independently assigned (Roth et al. 2023). As a
robustness check, | also try to cluster the standard errors at the urban unit level. This approach
accounts for arbitrary serial correlation in errors within municipalities or urban units over time.
However, it does not capture potential spatial correlation in errors, which is an important concern
in my spatial context. Since the CS estimator does not currently support spatial-HAC standard er-
rors, | evaluate the sensitivity of my results by comparing cluster-robust and spatial-HAC standard

errors using a TWFE estimator.

4.2 ldenti cation assumptions

The use of CS's estimator relies on the following assumption: no anticipation, parallel trend, and

stable unit treatment value.

4.2.1 No anticipation

The no-anticipation assumption states that the treatment has no causal e ect before it is imple-
mented. In my case, it implies that municipalities do not take actions in advance that could a ect
burglary rates before the lighting switch-o takes e ect. This seems plausible; as the existing lit-
erature does not provide clear evidence that switch-o s in uence crime, this is unlikely that mu-
nicipalities would implement preventive measures against an e ect that is uncertain. Nonetheless,
if they did expect an increase in burglaries, they might consider installing surveillance cameras in
a ected areas. But this is also unlikely, as most cameras require lighting to function properly and
would not be e ective in dark areas. While infrared cameras could be used, they are expensive
and rarely deployed in such settings. Municipalities might also increase police patrols in advance,

but such proactive measures before the switch-o are also unlikely.

242



4.2.2 Parallel trends

The CS estimator relies on the common parallel trends assumption, which applies across all even-

tually treated groups g and time periodst g:

E[Yii(0) Yita (0jGi=0]l=E[Yix(0) Y ix1 (0)jGi=1]:

In practice, this means that, without treatment, burglary rates in treated and control groups
would have followed the same path in the post-treatment periods. My main analysis uses the
never-treated group as the control, since it is large and requires a weaker assumption. The CS
estimator also allows the use of not-yet-treated groups as control, but this requires a stronger
assumption: treated groups must share parallel trends not only with the never-treated group but
also with the not-yet-treated group. | use this alternative as a robustness check.

Since the treatment groups di er in their characteristics, | rely on the parallel trend conditional

on covariates:

E[Yii(0) Y ix1x (0)jX;Gi=9g]l=E[Yi1(0) Y ix1 (0)jX;G;=1]:

Where X are the covariates. The selected covariates must be those that show imbalance
between treated and control groups and are likely to a ect changes in the outcome (Baker et
al. 2025). | base my choice on the descriptive statistics in Section 3.5 and on Milin (2023), which
uses econometric modeling to identify the municipal characteristics most strongly associated with
residential burglary rates in France. Their study shows that burglaries are more frequent in dense
urban areas with higher standards of living and located in areas with greater inequality. Addi-
tionally, municipalities located closer to high-priority neighborhoods (QPV), with a higher share
of houses and primary residences, and situated in the south or southeast of metropolitan France,
tend to experience higher burglary rates. All of these variables, except for the share of primary
residences and median income (i.e., a proxy for the standard of living), show imbalance between
treated and control groups (see Section 3.5). It is therefore reasonable to assume that they may

in uence changes in burglary rates and should be included as control variables. | also add two
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more variables: the tax potential per inhabitant, which re ects the nancial capacity of the mu-
nicipality and may in uence the ability to invest in crime prevention, and the political a liation
of the mayor, which could be linked to di erent public safety strategies or policy priorities.

By controlling for these factors, | assume parallel trends hold. Municipal decisions to switch
o lights are political and typically re ect long-term crime patterns rather than temporary uc-
tuations. Crime reputations are persistent: once an area is seen as unsafe, that stigma lasts, and
mayors are reluctant to cut lighting in such places, even if recent statistics show improvement.
This makes it unlikely that a single year's drop in burglary would drive the decision. In contrast,
if treatment were in uenced by short-term shocks, then treated and control municipalities might
already follow di erent trajectories, violating the parallel trends assumption.

Finally, the pre-treatment observations allow us to test for pre-trends and assess the plausibility

of the parallel trends assumption (Roth 2024).

4.2.3 Stable unit treatment value assumption

The stable unit treatment value assumption (SUTVA) states that one unit's outcome should not de-
pend on the treatment status of another unit. In my setting, a potential concern is spatial spillover.
For instance, recent research found that while some o enses declined or demonstrated no change
on streets where lighting was switched o at midnight, they may have been displaced to nearby,
better-lit streets (Tompson et al. 2023). Although this study focused on theft from vehicles rather
than burglaries, and within a single municipality, it highlights the risk of spillovers across mu-
nicipal borders. For example, in my case, as 0 enders might take advantage of the darkness by
moving, burglary rates could fall in municipalities that kept their lights on if they are adjacent to
municipalities that switched them o .

Since the CS estimator does not allow us to take into account potential spillover e ects, | rely
on the estimator proposed by Butts (2024), who extends the heterogeneity-robust imputation es-
timator of Gardner (2022) to settings with potential spatial spillovers. The idea is to rst recover
counterfactual untreated outcomes using only clean controls, i.e. observations that are neither

treated nor exposed to spillovers from neighboring treated units. Here, | de ne neighboring mu-

244



nicipalities as municipalities that have a common border with the treated municipality. In the
second stage, the residualized outcomes obtained from the rst stage are regressed on treatment
and spillover indicators.

Under three conditions, (i) spillovers are local (i.e. vanish beyond some distance, so that
far-away untreated units serve as valid controls), (ii) parallel counterfactual trends, and (iii) no
anticipation, | identify the total e ect (i.e. the e ect of moving from no treatment and no exposure
to spatial spillover to treatment, including the e ect of spatial spillovers), and the spillover e ect
for municipalities in the neighborhood of treated municipalities. | incorporate spillover variables
in two ways: a binary variables that indicates if an untreated municipality has a treated neighbor,

and a count variable which gives the number of treated neighbors of an untreated municipality.

4.3 Di erentiated impact based on covariates

| also explore whether the e ect of switching o public lighting on burglary rates di ers depend-
ing on local characteristics. In particular, urban density may play a role, since the impact could
vary with the morphology of the area. To test this, | split municipalities into three groups based on
the INSEE density indicator (see Table 5.1): (i) densities 1 2, (ii) densities 3 4, and (iii) densities
5 7. For each group, | re-estimate my preferred speci cation separétely

| also test whether my results are sensitive to the intensity of the switch-o policies. The
reduction in radiance caused by these policies di ers across municipalities, which can re ect
variations in the extent of switched o areas. The e ect on burglaries may therefore depend on
the magnitude of the switch-o . To study this, | divide the treated municipalities into two groups:
those with a decrease in radiance greater than the median observed reduction, i.e. 58%, and those
with a decrease below the median. | then re-estimate my preferred speci cation separately for

each group.

10. | use the same covariates as in my preferred speci cation. However, to ensure the overlap condition, some
categorical variables are regrouped into fewer categories for certain subsamples.
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5 Results

5.1 General results

Table 5.5 reports the estimated AT T of switching o public lighting on burglary rates, using
di erent sets of control variables. Across all speci cations, | nd a positive and statistically sig-

ni cant e ect: switching o streetlights leads to more burglaries. My preferred speci cation
(Column 6) estimates an average increase of 0.35 burglaries per 1,000 dwellings, signi cant at
the 5% level, which corresponds to 3.4% of the average burglary rate in treated municipalities
over the study period. The pre-trend test shows no evidence of di erences before treatment (p-
value = 0.78), which supports the assumption of conditional parallel trends. Other speci cations,
with fewer or di erent covariates, yield e ects ranging from 0.37 to 0.51 burglaries per 1,000
dwellings. The simplest model, without covariates, rejects the pre-trend test at the 10% level,

which suggests that the conditional parallel trends assumption is more plausible than the uncon-

ditional one.
Table 5.5: GlobalAT T for di erent sets of covariates
(1) (2 3 4 (5) (6)

ATT (burglaries/1,000 dwellings) 0.51%** 0.44%** 0.41%** 0.37*** 0.45%** 0.35**

(0.13) (0.14) (0.14) (0.14) (0.14) (0.14)

[0.25;0.78] [0.18;0.71] [0.14;0.68] [0.11;0.64] [0.18;0.71] [0.08;0.63]

Pre-test p-value 0.093* 0.224 0.647 0.59 0.178 0.777
Size urban unit No Yes No Yes No Yes
Region No No Yes Yes No Yes
Political nuance No No No No Yes Yes
Tax potentiel No No No No Yes Yes
Distance QPV No No No No Yes Yes
Interdecile ratio No No No No Yes Yes
Share houses No No No No Yes Yes
Number of municipalities 3074 3074 3074 3074 3074 3074

Notes: Estimations of the ATT at the global level, with the Callaway and SantAnna estimator. Possible covariates
for doubly-robust control: size of the urban area, region, mayor's political nuance, tax potential, min. distance to
QPV, interdecile ratio, share of houses. Bootstrap standard errors clustered at the municipality level. Standard errors
in parentheses. 95% con dence intervals in square brackets. *, **, ***: signi cance at the 10, 5 and 1% levels.

Table 5.6 presents the group average treatment e Ms'l'g). For most groups, the e ect is
not statistically signi cant. The only exception is the 2022 group, which shows an average e ect
of 0.49, signi cant at the 5% level, meaning that the observed e ect for the global ATT is likely

driven mainly by the 2022 group. This might be because this is the group with most observations,
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which makes the estimate less noisy (Baker et al. 2025). Figure 5.1, which presdxfsTttg t)

con rms this pattern: no group shows a signi cant e ect at any point, except for the 2022 group
in 2023. A likely explanation for this lagged e ect is that municipalities treated in 2022 could
have switched-o public lighting until December. According to Beaudet et al. (2025), most did it
after September 2022. This timing means there is little room for an e ect in 2022 itself, but one
appears in the following year. Finally, I nd no evidence of deviations from pre-trends for any
group, which further supports the plausibility of the parallel trends assumption and the credibility

of the results.

Table 5.6:AT T,

Treated 2017 2018 2019 2020 2021 2022 2023
ATT (burglaries/1,000 dwellings) 0.35** 0.96 -0.12 0.47 0.00 0.53 0.49** -0.01
(0.14) (0.59) (0.60) (0.47) (0.56) (0.40) (0.19) (0.28)
[0.08;0.63] [-0.19;2.12] [-1.30;1.06] [-0.45;1.40] [-1.09;1.09] [-0.26;1.31] [0.11;0.87] [-0.55;0.53]
Number of municipalities 1972 111 97 87 93 127 1006 451

Notes: Estimations of the ATTs at the group level, with the Callaway and SantAnna estimator. Covariates for
doubly-robust control: size of the urban area, region, mayor's political nuance, tax potential, min. distance to QPV,
interdecile ratio, share of houses. Bootstrap standard errors clustered at the municipality level. Standard errors in
parentheses. 95% con dence intervals in square brackets. *, **, ***: signi cance at the 10, 5 and 1% levels.

Finally, Figure 5.2 depicts the event study. Once again, | observe no major deviation in the
parallel trend assumption for the pre-trend. | observe a positive and signi cant e ect one year
after treatment, which is probably mainly driven by the 2022 group. The pattern also suggests a
possible upward trend in the impact on burglary rates over time after treatment. However, this
cannot be con rmed, as the con dence intervals are wide and the estimated e ects, while positive,

are not statistically signi cant at the 5% level.
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Figure 5.1:ATT(g;t) (burglaries)
Note: Estimation of group-time ATTs with the Callaway and SantAnna estimator. Doubly-robust control with
covariates: size of the urban area, region, mayor's political nuance, tax potential, min. distance to QPV, interdecile
ratio, share of houses. 95% bootstrap-estimated simultaneous con dence bands. N indicates the number of
municipalities in each treatment cohort.
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Figure 5.2: Event study

Note: Estimation of event-study coe cients with the Callaway and SantAnna estimator. Doubly-robust control
with covariates: size of the urban area, region, mayor's political nuance, tax potential, min. distance to QPV,
interdecile ratio, share of houses. 95% bootstrap-estimated simultaneous con dence bands.

5.2 Robustness checks

The preferred estimator shows a positive and signi cant impact of public lighting switch-o on
burglary rates, and a range of clues support the plausibility of the parallel trend assumption.
However, the results might be sensitive to the choices | made. In this section, | present a series
of robustness checks to account for di erent sources of uncertainty and to assess the sensitivity
of the estimate to my choices. Figure 5.3 depicts the di erent estimators for all the di erent

con gurations.

5.2.1 Other di erence-in-di erence estimators

As discussed in Section 4, some estimators account for heterogeneity across groups and over
time in staggered treatment settings. | test three of them here: Sun and Abraham (2021) (SA),
Gardner (2022) (G) and Borusyak et al. (2024) (BJS). Their results are of the same sign and
magnitude as those from the CS estimator, but higher (between 0.46 and 0.47, versus 0.35 for

CS estimator) (Table 5.A.1). However, Roth (2024) cautions that these estimators should not be
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Figure 5.3:AT T for di erent robustness checks

Note: Results grouped by dimension of the sensitivity analysis: (i) covariates, (ii) estimator, (iii) sample, (iv)
estimation option, (v) standard error estimator. Con dence interval at 95%. Preferred speci cation in green. CS:
Callaway and SantAnna; SA: Sun and Abraham; G: Gardner; BJS: Borusyak,Jaravel and Spiess; TWFE: two-way
xed e ects.

compared directly as they do not estimate the same parameter. For example, it would be more
accurate to compare the CS estimator that is aggregated directi\Witi{g; t) rather than the
one | use, which aggregatéé’Tg. | also examine the TWFE estimator, which is very close to
the CS estimator.
| also run the event study for each estimator (Figure 5.A.1 in Appendix). | observe the same

patterns as those of the CS estimator: the con dence intervals overlap zero in the periods pre-
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treatment, which con rms parallel pre-trends, and the e ect seems to rise once treatment begins.
Unlike CS, however, the other estimators show signi cant e ects not only for the rst year af-
ter treatment, which suggests that the e ect could possibly strengthen, or at least persist, after

treatment.

5.2.2 Sample restrictions

| also test the robustness of the estimators to the limits of the data on municipal public lighting
switch-o0 s. As explained in Section 3, since the VIIRS data cover only January 2012 to December
2023, municipalities that implemented public lighting switch-o s before this period cannot be
detected. If no break is observed in the time series, such municipalities may be misclassi ed as
having no switch-o . To account for this, | remove municipalities in Brittany, a region which is
widely known in France for early adoption, as well as those identi ed by Beaudet et al. (2025) as
"early adopters" based on their level of radiance in 2012.

Second, the construction of the dataset relies on a random forest classi cation algorithm.
Accuracy reaches 85.2% at the municipal level, which is high but still implies that some munic-
ipalities are incorrectly classi ed. Misclassi cation means that some municipalities recorded as
treated are in fact untreated, and vice versa. If this error is random, it blurs the di erence between
groups and biases the estimate downward (attenuation bias). If misclassi cation is related to bur-
glary changes, the bias could be less predictable. Beaudet et al. (2025) show that misclassi ed
municipalities are mostly found in low-density areas, so | conduct a robustness check excluding
those with a density level of 6 or higher.

Across di erent combinations of these restrictions, results remain almost unchanged com-
pared to my preferred estimator (between 0.34 et 0.39, with comparable con dence intervals).
This is reassuring with regard to the limited bias that the measurement error, if it exists, could

exert on the estimator.
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5.2.3 Estimation options

| also assess the sensitivity of my estimator to di erent speci cation choices. First, | changed the
control group, using the not-yet-treated instead of the never-treated. Second, | vary the treatment
of covariates, applying inverse probability weighting (IPW) and outcome regression (OR) instead
of the doubly robust (DR) approach. In all cases, the estimated ATTs remain very close to my

preferred estimator.

5.2.4 Standard errors

Finally, I test the robustness of my choices for clustering and standard error calculation. Clustering
at the urban unit level produces wider con dence intervals than clustering at the municipality
level, yet the coe cient remains signi cant at the 5% level. Using spatial HAC standard errors
yields con dence intervals similar to those from the TWFE estimator, with little variation across

di erent correlation distances.

5.3 Spatial spillover

So far, | have assumed the absence of spatial spillovers between treated and untreated munici-
palities. However, the presence of spatial spillover between treated and untreated municipalities
might be plausible, as explained in section 4.2.3. In such cases, my preferred estimator would
be biased since | would not use "clean” controls. | consider this possibility in Table 5.7, which
reports both the total e ect and the spillover e ect, estimated using Butts (2024)'s approach in a
staggered treatment design.

The results indicate no statistically signi cant di erences in the treatment coe cient when
comparing speci cations with and without spatial spillovers, although the standard errors are
larger in the models with spillovers. The estimated spillover e ects are positive, suggesting that
being adjacent to a municipality that switched-o public lighting could be associated with a higher
burglary rate. However, these e ects are not statistically signi cant, neither in speci cation (2),
where spillovers are modeled as a binary variable, nor in speci cation (3), where they are mod-

eled by a count variable. Figure 5.B.1 presents the corresponding event-study estimates. Once
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Table 5.7:AT T under spatial spillovers

1) 2 3)
Treated (Switched-o public lighting) 0:50*** 0:46** 0:46**
(0:15) (0:23) (0:23)
[0:20, 0:79] [0:00, 0:91] [0:01, 0:90]
At least 1 treated neighbor 0:28
(0:18)
[0:07, 0:62]
Number of treated neighbors 0:16
(0:10)
[ 0:05, 0:36]
Nb of municipalities 3074 3074 3074

Notes: The table displays the impact of public lighting switch-o s on burglaries for speci cations with or without
spillovers, following Butts (2024). (1): no variable for spillover; (2): dummy equal to 1 when an untreated munici-
pality neighbours at least one treated municipality; (3): count variable that equals the number of treated neighbours
for non-treated municipalities. Two municipalities are neighbours if they share a common border. Covariates: size
of the urban area, region, mayor's political nuance, tax potential, min. distance to QPV, interdecile ratio, share of
houses. Standard errors clustered at the municipality level. Standard errors in parentheses. 95% con dence intervals
in square brackets. *, **, ***: signi cance at the 10, 5 and 1% levels.

again, the coe cients for the spatial spillover terms are not signi cant across all periods, which
is consistent with the main results.

Taken together, this evidence points to the absence of spatial spillover e ects between munic-
ipalities, probably because the municipalities are too far apart to observe any e ect. This means
that the observed e ectis indeed a netincrease in the number of burglaries, and not a new distribu-
tion between treated and untreated municipalities. This nding supports my choice of estimator,
which treats all never-treated municipalities as clean controls, irrespective of their proximity to
treated municipalities. The absence of spillovers between municipalities does not rule out the
possibility of spillovers within municipalities. Demonstrating this, however, would require more

detailed data at the sub-municipal level.

5.4 Di erentiated impact based on covariates
5.4.1 Municipal density

Table 5.8 reports global estimated ATTs across di erent levels of municipal density. The results
indicate that the e ects vary substantially with density. For the highest density levels (categories

1 and 2), the ATT is 0.78 and signi cant at the 1% level. In contrast, municipalities with medium
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density (categories 3 and 4) display coe cients close to zero, which are not statistically signi -
cant. For the lowest density levels (categories 5 to 7), the ATT is 0.52 and signi cant, although
the con dence intervals are wider than those for the high-density sample. Figure 5.C.1 presents
the event study for each subsample, and con rms the heterogeneous impact of lighting switch-
o on burglaries. In the high-density municipalities, | observe a clear and growing e ect that is
signi cant across time periods. For the medium-density group, the coe cients remain close to
zero, with con dence intervals consistently overlapping zero, indicating no discernible impact. In
the low-density municipalities, the coe cients are generally positive, but not signi cant, which
makes the evidence less conclusive. Note thatin all subsamples, con dence intervals overlap zero
during the pre-treatment periods, suggesting that the parallel trends assumption is satis ed.
These results suggest that the observed global e ect for the ATT is mainly carried by high-
density municipalities, and, to a lesser extent, to low-density municipalities. This might explain
why | observe a positive and signi cant coe cient for the group 2022 only: this group has much

more high density municipalities than the others (see Table 5.C.1 in Appendix).

Table 5.8: GlobalT T for di erent densities

1+2 3+4 5+6+7
ATT (burglary/1,000 dwellings) 0.78*** 0.01 0.52**
(0.27) (0.25) (0.22)
[0.25;1.3] [-0.48;0.5] [0.1;0.95]
Nb of municipalities 1152 1063 859

Notes: Estimations of the ATT at the global level, with the Callaway and SantAnna estimator, for di erent munic-
ipal densities. 1 + 2: high-density municipalities, 3 + 4: medium-density municipalities, 5 + 6 + 7: low-density
municipalities. Covariates: size of the urban area, region, mayor's political nuance, tax potential, min. distance to
QPV, interdecile ratio, share of houses. Bootstrap standard errors clustered at the municipality level. Standard errors
in parentheses. 95% con dence intervals in square brackets. *, **, ***: signi cance at the 10, 5 and 1% levels.

How can | explain the di erences observed across density categories? While my data do
not allow us to draw rm conclusions, | can suggest some possible explanations. Municipalities
in categories 1 and 2 are also the ones where burglary rates were highest in 2016 (see Table
5.C.1). This suggests that the e ect is stronger in municipalities with higher baseline burglary
levels. This interpretation is supported by the distributional analysis presented in Appendix D.
Using the quantile treatment e ect approach from Callaway and Li (2019), | examine whether the

impact varies with the initial burglary rate. Although the estimates are not statistically signi cant
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across most quantiles, | observe a steady increase in the coe cients between the 0.1 and 0.7
guantiles, followed by a sharp rise at the 0.8 quantile. Regarding the e ect observed in low-
density municipalities, this may be linked to their urban morphology. These municipalities are
characterized by a dispersed habitat ("habitat dispersé"), with dwellings spread far apart. They
also have a very high proportion of houses (between 81.3% and 95% of residents live in houses
rather than apartments) (Beck et al. 2022). Since Milin (2023) has shown that burglaries are more
common in houses than in apartments, the combination of dispersed housing and a predominance
of houses may increase vulnerability to burglaries at night when lighting is absent. By contrast,
municipalities in categories 3 and 4, although they also have a high share of households living in
houses (between 67% and 75.4%), are less spatially dispersed.

It is important to emphasize, however, that these explanations remain tentative and should be

interpreted with caution. Further research is needed to establish more de nitive evidence.

5.4.2 Decrease in radiance

Table 5.9 reports the estimated ATTs by magnitude of radiance decrease (low: less than 58%,
high: more than 58%). For municipalities with a low decrease in radiance, the ATT is 0.34 and
only weakly signi cant at the 10% level. By contrast, for municipalities with a high decrease in
radiance, the ATT is 0.37 and signi cant at the 5% level.

Figure 5.C.2 presents the event study results for both groups. The gure con rms that in mu-
nicipalities with a low decrease in radiance, the estimated e ects are close to zero and largely
insigni cant. In municipalities with a high decrease, however, the e ect is more pronounced and
appears to grow over time. This suggests that the overall e ect is primarily driven by municipal-
ities experiencing the largest reduction in radiance.

These results suggest that the extent of the switch-o must be su ciently large for the e ect
to become signi cant. However, this interpretation must be approached with caution. As noted
by Beaudet et al. (2025), a high decrease in radiance may not only re ect the extent of switch-o,
but also di erences in initial radiance levels and the presence of private light sources. In urban

areas, for instance, private lighting from commercial areas contributes substantially to observed
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Table 5.9: GlobalT T for di erent decrease in radiance

Low decrease in radiance High decrease in radiance
ATT (burglary/1,000 dwellings) 0.34* 0.37*
(0.18) 0.17)
[-0.01; 0.69] [0.03;0.71]
Nb of municipalities 2079 2097

Notes: Estimations of the ATT at the global level, with the Callaway and SantAnna estimator, for di erent decrease
in radiance. Covariates: size of the urban area, region, mayor's political nuance, tax potential, min. distance to QPV,
interdecile ratio, share of houses. Bootstrap standard errors clustered at the municipality level. Standard errors in
parentheses. 95% con dence intervals in square brackets. *, **, ***: signi cance at the 10, 5 and 1% levels.

radiance. Public lighting switch-o in such areas may therefore produce a relatively modest mea-
sured decrease. In rural municipalities, where public lighting is the main contributor, the same
policy would generate a much larger recorded decrease.

If the radiance decrease were mainly capturing such compositional di erences, | would expect
urban municipalities (with low decreases) to show weaker e ects. Yet this interpretation con icts
with my earlier ndings, where high-density municipalities display signi cant e ects. For this
reason, it seems more plausible that municipalities with a larger share of their area switched o

indeed experience stronger e ects.

5.5 Analysis of other crime outcomes

We primarily focus on burglaries in this analysis. However, this is only one type of crime, and the
estimated e ect for this outcome does not represent the impact on other crime outcomes, which
should be studied separately. Moreover, from a policy perspective, it is important to consider a
broader range of crime outcomes to better understand the overall impact on crime and to inform
public policy recommendations. In this section, we therefore extend the analysis to the e ect
of public lighting switch-o s on 11 other crime outcomes: wilful degradation and destruction,
sexual violence, physical violence, non violent theft on individuals, violent theft with weapon,
violent theft without weapon, theft of vehicle accessories, theft of vehicles, theft from vehicles,
drug use and drug tra cking. The de nitions of these crimes are provided in Section E of the
appendix.

| apply the doubly-robust estimator proposed by Callaway and SantAnna (2021) to all these
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Table 5.10: GlobahT T for di erent crimes

Degradation Sexuel Physical Non violent Violent Violent Theft of Theft of Theft from Drug use Drug

and violence violence theft on theft with theft vehicle vehicles vehicles tra cking
destruction individuals weapon without accessories
weapon
ArT 0.03 0.05 -0.08 0.02 0.05 0.03 -0.07
(0.05) (0.04) (0.09) (0.06) (0.04) (0.14) (0.06)
[0.07;0.14]  [-0.04;0.13] [-0.26 ; 0.09] [0.11;0.14]  [-0.03;0.13] [0.24;0.31]  [-0.18;0.05]
Pre-test p-value 0.801 0.699 0.072* 0.753 0.411 0.423 0.458 0.442 0.048 ** 0.865 0.738
Nb of municipalities 5215 1224 1665 3987 2649 1729 1541 1926 2294 1848 1173

Note: Global average treatment e ectsT T) estimated using the Callaway and SantAnna (2021) estimator for each crime category.

Coe cients for outcomes that do not appear to satisfy the conditional parallel trends assumption are not reported. Covariates: size of the urban
area, region, mayor's political a liation, tax potential, minimum distance to a QPV, interdecile ratio. Bootstrap standard errors clustered at the
municipality level. Standard errors in parentheses; 95% con dence intervals in square brackets. *, **, *** denote signi cance at the 10%, 5%,

and 1% levels.

crime outcomes, using the same covariates as for burglaries, except for the share of houses, which
IS very speci c to that type of crime.

Table 5.10 reports the estimathd T for each crime outcome, and Figure 5.E.1 (Appendix)
depicts the associated event studies. Table 5.10 rep@ffsonly for crime outcomes that pass
the pre-trend diagnostic, based on the event-study speci cation. More precisely, | require that no
pre-treatment coe cient is statistically di erent from zero. Three outcomes fail this diagnostic:
theft from vehicles, violent theft with a weapon, and violent theft without a weapon. Moreover,
the pre-trend test reported in Table 5.10 yields p < 0:10 for the outcome "physical violence".
As the identifying conditional parallel-trends assumption is unlikely to hold for these four series,
| do not display theithT T. For the remaining outcomes, there is no signi cant pre-treatment
e ect in the event study and the p-values of the pre-trend test is > 0:10, which suggests that the
parallel-trends assumption is plausible.

Across these crime outcomes, none of the estimated coe cients are statistically signi cant,
which suggests that switching o public lighting has no e ect on average on these crimes.

It is important to note that these results are only indicative: they show that the e ect on bur-
glaries does not generalize to all crimes. A speci c analysis is needed for each crime outcome.
These are not de nitive results, as further research is required to investigate for instance whether
the overall null e ect masks heterogeneous impacts across di erent types of municipalities. Fu-
ture research could also explore potential spatial spillovers. Moreover, the results regarding drug-

related crimes should be interpreted with caution, as these o ences are particularly endogenous

to police activity: the data mainly re ect proactive police operations, which may be biased by
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where police choose to intervene, a decision that could depend on street lighting conditions.

6 Discussion and conclusion

This paper provides the rst evaluation of the impact of switching o public lighting on crime in
French municipalities between 2017 and 2023. | take advantage of the natural experiment created
by municipalities that recently adopted switch-o policies and estimate their impact on di erent
types of crime using a di erence-in-di erences approach. To do so, | rely on a novel database on
public lighting switch-o s, constructed from nighttime satellite imagery using a break detection
algorithm combined with a random forest. Since municipalities adopted the policy at di erent
times, | use the heterogeneity-robust estimator of Callaway and SantAnna (2021).

Focusing mainly on burglaries, I nd that, on average, switching o public lighting increases
burglaries by 0.35 per 1,000 dwellings in treated municipalities, which corresponds to 3.4% of
the average burglary rate observed in treated municipalities during this period, an e ect that thus
remains small. | also examine the e ect of switching o public lighting on eleven other crime
outcomes wilful degradation and destruction, sexual violence, intentional assault and battery,
non-violent theft from individuals, violent theft with weapon, violent theft without weapon, theft
of vehicle accessories, theft of vehicles, theft from vehicles, drug use, and drug tra cking and
nd no signi cant e ect. However, the e ect on these other types of crime would require further
research, particularly regarding spatial heterogeneity of the outcome, or spatial spillovers.

With regard to burglaries, heterogeneity analyses show that the positive e ect is mainly driven
by municipalities with high population density. This likely explains why a signi cant e ect is
only observed for municipalities treated in 2022: that year, the sharp increase in electricity prices
prompted a larger number of municipalities to switch o public lighting, including many dense
and urban ones, due to the urgency of the situation. Additionally, the heterogeneity analysis
shows that signi cant e ects are only detected in municipalities where satellite data indicate a
large reduction in radiance, suggesting that a substantial switch-o is necessary for burglary rates
to be a ected.

These results are valuable because this is the rst study to assess empirically the impact of
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switch-o policies at a nation wide level with recent ex-post evaluation methodologies. This
makes it a very awaited study by local authorities, as it provides empirical evidence to shed light
on the ongoing debate about the consequences of switching o street lighting. Overall, the re-
sults suggest that switching o public lighting does not have a signi cant e ect on crime. This
nding provides reassuring evidence for municipalities seeking to reduce energy consumption
and preserve biodiversity by implementing these measures. The only exception concerns bur-
glaries, for which a positive, although moderate, e ect is detected in densely populated areas.
However, these are also the areas where biodiversity is less present, and where complete switch-
0 S may not be the most appropriate strategy to mitigate light pollution. In such highly urbanized
contexts, alternative measures, such as dimming, adjusting the color temperature, or directing
lighting downward to limit skyglow, could be more suitable (Tardieu et al. 2025).

This study opens several avenues for future research. First, the current data prevent a more
granular analysis in both spatial and temporal dimensions. From a public policy perspective,
it would be valuable to distinguish between short- and long-term e ects, as well as to analyze
intra-annual and infra-municipal dynamics. The impact of switching o public lighting may vary
between summer and winter, or between vacation and non-vacation periods. Similarly, access to
hourly data would make it possible to isolate e ects on nighttime crime and to explore potential
temporal spillovers, such as shifts from night to day. In addition, using infra-municipal data would
allow for the examination of possible spatial spillovers within municipalities.

Second, the mechanisms underlying the observed results remain to be better understood. Pos-
sible explanations include reduced neighbourhood surveillance due to darkness or changes in po-
lice behaviour. Since the analysis relies on reported crimes, another hypothesis could be that the
observed increase in burglaries partly re ects higher reporting rates in municipalities that switch
o public lighting, perhaps as a form of protest against the policy. Addressing these questions

would require access to richer quantitative data and complementary qualitative investigations.
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Appendix

A Robusthess checks

A.1 Other estimators

Figure 5.A.1: Event studies for other estimators

Note: Estimation of event-study coe cients with di erent heterogeneity-robust estimators. Doubly-robust control
with covariates: size of the urban area, region, mayor's political nuance, tax potential, min. distance to QPV,
interdecile ratio, share of houses. 95% bootstrap-estimated simultaneous con dence bands.
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Table 5.A.1: GlobaAT T for di erent estimators

Cs TWFE SA G BJS
ATT (burglary/1,000 dwellings) 0.35** 0.32%** 0.51 %+ 0.5%** 0.5%**
(0.14) (0.12) (0.16) (0.15) (0.15)
[0.08;0.63] [0.08;0.55] [0.19;0.82] [0.2;0.8] [0.21;0.79]
Nb of municipalities 3074 3074 3074 3074 3074

Note: Global average treatment e ect&T T) estimated using di erent heterogeneity-robust estimators. CS:

Callaway and SantAnna; SA: Sun and Abraham; G: Gardner; BJS: Borusyak,Jaravel and Spiess; TWFE: two-way
xed e ects. Covariates: size of the urban area, region, mayor's political a liation, tax potential, minimum

distance to a QPV, interdecile ratio. Bootstrap standard errors clustered at the municipality level. Standard errors in
parentheses; 95% con dence intervals in square brackets. *, **, *** denote signi cance at the 10%, 5%, and 1%
levels.

A.2 Sample restrictions

Table 5.A.2: GlobalAT T for di erent sample

Density >5 (1) Without Brittany (2)  Without early adopters (3) (1)+(2) (1)+(3) (2)+(3) (1)+(2)+(3)
AT 0.37** 0.37** 0.34** 0.39** 0.36** 0.36** 0.38**
(0.15) (0.15) (0.14) (0.15) (0.15) (0.15) (0.15)
[0.07; 0.66] [0.08; 0.65] [0.06; 0.62] [0.09;0.69] [0.07;0.65] [0.07;0.65] [0.08;0.68]
Pre-test p-value 0.955 0.728 0.787 0.934 0.958 0.757 0.951
Nb of municipalities 2870 2928 3043 2745 2839 2912 2729

Note: Global average treatment e ec&T T) estimated excluding di erent municipalities from the sample.
Covariates: size of the urban area, region, mayor's political a liation, tax potential, minimum distance to a QPV,
interdecile ratio, share of houses. Bootstrap standard errors clustered at the municipality level. Standard errors in
parentheses; 95% con dence intervals in square brackets. *, **, *** denote signi cance at the 10%, 5%, and 1%
levels.
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B Spatial spillovers

Figure 5.B.1: Event studies under spatial spillovers

Note: Event-study accounting for potential spatial spillover estimated with Gardner's estimator, following Butts
(2024). The spillover dummy equals 1 when a non-treated municipality neighbours at least one treated
municipality. Covariates: size of the urban area, region, mayor's political a liation, tax potential, minimum
distance to a QPV, interdecile ratio, share of houses. 95% bootstrap-estimated simultaneous con dence bands.

C Di erentiated impact based on covariates
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Figure 5.C.1: Event studies for di erent density levels
Note: Event-study for di erent municipal densities, estimated using Callaway and SantAnna's estimator. 1 + 2:
high-density municipalities, 3 + 4: medium-density municipalities, 5 + 6 + 7: low-density municipalities.
Covariates: size of the urban area, region, mayor's political a liation, tax potential, minimum distance to a QPV,
interdecile ratio, share of houses. 95% bootstrap-estimated simultaneous con dence bands.

Table 5.C.1: Average burglary rate in 2016 by density level

Density level 1 2 3 4 5 6 7

Average burglary rate  19.51 13.72 7.02 10.66 7.86 8.18 5.11
(0.41) (0.4) (0.29) (0.25) (0.2) (0.43) (0.64)
Nb of municipalities 691 461 357 706 655 193 11

Note: Mean (standard deviation).
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Figure 5.C.2: Event studies for di erent decrease in radiance

Note: Event-study for di erent decrease in radiance, estimated using Callaway and SantAnna's estimator.
Covariates: size of the urban area, region, mayor's political a liation, tax potential, minimum distance to a QPV,
interdecile ratio, share of houses. 95% bootstrap-estimated simultaneous con dence bands.
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D Distributional impact

In my context, itis interesting to examine the distributional impact of switching o public lighting,

i.e., whether the e ect varies across municipalities depending on their initial burglary rate. For
instance, one might expect e ects of opposite sign depending on the initial burglary rate. Itis
important to understand this in order to make good policy recommendations. I rely on the Quantile
Treatment E ect on the treated (QTT) framework of Callaway and Li (2019), which evaluates
impacts along the entire outcome distribution rather than only at the mean. Identi cation relies on
two key assumptions: (i) the distributional di erence-in-di erences assumption, which extends

the standard parallel trends assumption to the whole distribution, and (ii) the copula stability
assumption, which assumes that in the absence of treatment, changes in potential outcomes across
guantiles between t and t 1 would be equivalent to those observed betweent 1andt 2.

Under these hypothesis, the QTT for quantile is equal to:

— 1 1
QTT()=F Yigp=1 (1)( ) F Yigp=1 (O)( )

where F! is the inverse distribution function of the potential outcome on the treated. | focus
only on the municipalities treated in 2022 for several reasons. First, Callaway and Li (2019) only
mention the case with two groups and do not mention multiple treatment timing. Second, the 2022
group contains the most observations and is the most similar to the never-treated group regarding
municipalities' characteristics (see section 3.5). Since the assumptions needed to identify QTT
are stronger than the usual parallel trends assumption, it is more convincing to compare groups
that are similar.

Figure 5.D.2 depicts the QTT.
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Figure 5.D.1: Quantile treatment e ects on the treated (QTT)

Figure 5.D.2: Quantile treatment e ects on the treated (QTT)

Note: Estimation of the QTTs of switch-o policies on burglary rate with Callaway and Li (2019)'s distributional

di erence-in-di erences estimator. Con dence bands (dashed) at 95% from bootstrap standard errors. Control for
covariates (size of the urban area, region, mayor's political a liation, tax potential, minimum distance to a QPV,
interdecile ratio, share of houses) with quantile regression.

E Analysis of other crime outcomes

The crime outcomes under study are the following:

"~ Violations of drug legislation encompass all o enses related to drugs, which are primarily
categorized as use or tra cking. Drug use is governed by the Public Health Code, while
tra cking o ences are addressed under the Criminal Code. The latter include serious
0 ences, such as the illicit production or manufacture of drugs, as well as other o ences,

including their import, export, or possession.

Physical violence: Physical violence refers to an act by which one person deliberately
harms another person's physical integrity. In this context, the term refers to violence occur-
ring outside the family, that is, all forms of violence committed by an individual who has

no familial connection broadly de ned with the victim (e.g., Spouse, ex-spouse, parent,
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child, uncle, aunt, etc.), regardless of whether the perpetrator lives with the victim.

Sexual violence: Sexual violence includes rape, sexual assault, sexual abuse, non-physical

forms of sexual violence, sexual exploitation, and sexual exhibitionism.

Theft of vehicles: Theft of vehicles includes all thefts and attempted thefts involving mo-

torized vehicles, such as cars, motorcycles, trucks, and trailers.

Theft from vehicles: Theft or attempted theft from a vehicle refers to the stealing of items

by breaking into a motor vehicle.

Theft of vehicles accessories: Theft of vehicle accessories includes all thefts and attempted
thefts of accessories or components related to the operation of the vehicle, whether factory-
installed or retro tted (e.g., car radio), and whether located inside or outside the vehicle

(e.g., catalytic converter, wheel rim, or fuel theft).

Non violent theft onindividuals: Theft or attempted theftis classi ed as non-violent when

the o ender does not use force or a weapon. This category includes thefts committed by
pickpockets, as well as the theft of bags or wallets in public places (e.g., restaurants or
cloakrooms) or at workplaces or educational institutions, regardless of whether the victim

is present.

Violent theft with weapon: Thefts committed with (or under the threat of) the use of a
weapon. Attempted o ences are included. Weapons may include rearms, bladed weapons,

or improvised weapons.

Violent theft without weapon: Thefts committed using physical violence, threats, or force

to take an object from the victim.

Destruction and degradation: Destruction and degradation refer to all acts involving de-
liberate and gratuitous damage to private or public property (including destruction, deteri-
oration, or defacement). These acts are punishable by law depending on the circumstances,
the nature of the property targeted, and the extent of the damage caused. They are com-

monly referred to as acts of vandalism.
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Figure 5.E.1: Event studies for di erent crimes

Note: Event-study for di erent crime outcomes, estimated using Callaway and SantAnna's estimator. Covariates:
size of the urban area, region, mayor's political a liation, tax potential, minimum distance to a QPV, interdecile
ratio. 95% bootstrap-estimated simultaneous con dence bands.
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Conclusion

1 Main results and contributions

This thesis examines the policies implemented by French municipalities to reduce light pollution,
and assesses their social acceptability and their e ects. Its contributions are threefold: contribu-
tions to the scienti c literature on light pollution mitigation policies, methodological contribu-

tions, and data contributions.

1.1 Contributions to the literature on light pollution mitigation policies

The main contribution of this thesis, which spans all chapters, is thematic. As explained in the
introduction, it makes a major contribution to the eld of light pollution to inform its socio-
economic aspects, a eld that has been largely unexplored.

Chapters 1, 2, and 3 explore the preferences of citizens in the Montpellier Metropolitan Area
(MMA) regarding changes to public lighting through a choice experiment. They provide the rst
guantitative and spatial assessment of the social acceptability of policies aimed at reducing light
pollution.

Chapter 1 analyzes global preferences across the MMA and identi es two distinct groups:
one (majority) group supportive of the proposed measures and another (minority) group partic-
ularly opposed to switch-o measures, while being rather indi erent to other interventions that
can signi cantly reduce light pollution (e.g. colour changes). Interestingly, we also nd that
prior municipal experience with light pollution mitigation policies increases support for more
ambitious measures. Chapter 2 extends the analysis, showing that the social acceptability of light
pollution mitigation policies varies geographically, depending on neighbourhood type (in terms
of density, urban versus suburban, sensitive urban areas) and on the socio-economic characteris-
tics of citizens (e.g. age, gender, wealth). Finally, Chapter 3 constitutes the rst analysis linking
biodiversity concerns and societal needs regarding arti cial light at night (ALAN). It shows that
identifying optimal lighting compromises requires considering both aspects, as the needs do not
necessarily fully overlap or directly con ict.

Chapter 4 o ers a rst overview of the characteristics of municipalities that have adopted
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switch-o policies compared to those that have not. These municipalities tend to be less popu-
lated, more likely to have a left-wing government than a right-wing or centrist one, possess fewer
nancial resources, and be located closer to international dark-sky reserves. Financial, energy,
and biodiversity considerations therefore appear to play a role in the decision to switch o public
lighting. To our knowledge, this is the rst study to quantitatively identify the characteristics of
these municipalities.

Chapter 5 provides the rst evaluation of the impact of switching o public lighting on crime
in French municipalities. Our results indicate that public lighting switch-o s have no e ect on
wilful degradation and destruction, sexual violence, intentional assault and battery, non violent
theft on individuals, violent theft with weapon, violent theft without weapon, theft of vehicle ac-
cessories, theft of vehicles, theft from vehicles, drug use and drug tra cking, but slightly increase
burglaries an e ect that is mainly driven by high-density municipalities. This helps inform the
relationship between crime and lighting, a topic long studied but still lacking research based on

robust methodology.

1.2 Methodological and data contributions

Chapter 2 makes a methodological contribution to the discrete choice experiment (DCE) liter-
ature by comparing two approaches for mapping preferences derived from choice experiments.
Both methods use the in uence of socio-economic variables on preferences to predict willingness
to pay at a small spatial scale. We compare them theoretically, using Monte Carlo simulations,
and empirically, by applying them to our case study on public lighting policies in the MMA.
The ndings provide methodological guidance for applied researchers interested in using DCEs
to map preferences at small spatial scales. While the two-step method may appear attractive for
its exibility in incorporating control variables under time constraints, we recommend the one-
step method whenever possible. The two-step method proves less e ective at capturing spatial
heterogeneity in preferences, which can be critical for public decision-making. Our results also
highlight the importance of explicitly accounting for uncertainty when comparing the two meth-

ods. Finally, although the two-step method may seem more time-e cient, this advantage is o set
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by the need to carefully account for all sources of uncertainty and to accurately estimate standard
errors, a process that is time-consuming in the case of the two-step method, and often overlooked
by researchers.

The second methodological contribution of the thesis lies in the combination of methods used
in Chapter 4: a break detection algorithm combined with a random forest classi er to distin-
guish actual switch-o s from other types of lighting changes. This method can be replicated in
other countries, such as Belgitihor the Netherland$, where municipalities have implemented
public-lighting switch-o s in recent years.

Chapter 4 also makes a data contribution. The database constructed records which French
municipalities with more than 1,500 inhabitants switched o public lighting between 2012 and
2023, and the timing of these switch-o s (to the nearest month), thus providing a consistent dataset
atthe national level. Such information is di cult to obtain from administrative sources because no
centralized database exists, and each municipality or local authority would need to be contacted
individually. Moreover, the information held by local authorities is highly heterogeneous, and
the exact date of implementation of switch-o policies is often undocumented. This results in
poor-quality data, which may also su er from selection bias, since municipalities that respond
voluntarily are unlikely to be representative of the broader population. The dataset we provide
overcomes these limitations and o ers a new source of information to support policy analysis

related to public lighting.

2 Policy implications

The results of this thesis make it possible to propose policy recommendations for managing public
lighting at the municipal level and reducing light pollution. Taking social factors into account is

both essential and feasible. Contrary to common belief, preserving biodiversity and meeting
human needs for light at night can be converging objectives. Our results show that a majority of

citizens are ready to accept changes in public lighting, including switch-o s.

11. https://www.belganewsagency.eu/ anders-plans-to-cut-o -street-light-after-11pm
12. https://lokaleregelgeving.overheid.nl/CVDR739762/
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The rst key message of this work is that policies must be highly context-speci c at the local
level. The need to apply strong measures such as switch-o s during long periods of the night
depends on the ecological interest of the area: a densely populated neighbourhood with mod-
erate ecological stakes will not need to adopt the same measures as a suburban neighbourhood.
Chapters 1 3 show that public support is lower in highly urbanized areas, and Chapter 5 nds an
increase in burglaries in dense municipalities. In contrast, suburban neighbourhoods (excluding
sensitive urban areas) show strong support for light pollution mitigation policies and often contain
important ecological stakes.

The second key message is that even for very dense neighbourhoods or sensitive urban ar-
eas, solutions exist to make public lighting more sustainable and biodiversity-friendly, with the
support of the population, as shown in Chapter 1. Other options include reducing light intensity,
adjusting colour, improving lamp orientation to avoid unnecessary upward light, or installing mo-
tion detectors. The latter, however, is expensive and di cult to implement under current nancial
constraints.

Overall, these ndings suggest that a uniform, top-down approach, such as a national law
requiring all municipalities to switch o public lighting - or conversely, to prohibit it would
be ine ective, as it would ignore very local contexts and likely provoke resistance. Instead, mayors
must adopt measures tailored to the speci ¢ circumstances of each neighbourhood within their
municipalities.

The third key message is that the results in Chapters 1 and 3 strongly indicate that imple-
menting gradual measures would enhance public support for ambitious light pollution mitigation
policies. Moreover, as safety and economic concerns are major factors a ecting acceptability, in-
forming the population about the real e ects of mitigation measures on these two aspects would
be highly bene cial, in addition to increasing awareness of the adverse e ects of light pollution
on health and biodiversity.

In any case, the implementation of light pollution mitigation policies must be designed to last
over time. In 2022, following the rise in electricity prices, many municipalities rushed to switch
o their lights but are now backtracking likely in uenced by the upcoming 2026 municipal

elections in response to citizen complaints, as in the case of Bordeaux.
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3 Research avenues

The topics covered in this thesis open several avenues for future research. Regarding the social ac-

ceptability of light-pollution mitigation policies, this thesis focuses only on ex ante analysis, i.e.,

before the policies are implemented. Respondents may, however, be subject to hypothetical bias
they may struggle to imagine what it is actually like to walk down an unlit street. The nding

that respondents living in municipalities where switch-o s are already in place are more willing

to extend them to 11 p.m. 6 a.m. suggests that such measures are more acceptable once experi-

enced than when considered hypothetically. This limitation is common in the DCE literature. To

address it, it would be essential to conduct ex post surveys, i.e., after policies are implemented.

Such analysis would greatly inform decision-making, as municipalities could then learn from the

experiences of their neighbours.

With regard to the mapping of preferences, one limitation of our work is that the preferences
attributed to each small spatial unit represent those of an average individual living there. However,
this average may conceal signi cant disparities in socio-demographic characteristics within the
unit's population. We do not account for heterogeneity in socio-economic characteristics and
thus in preferences within each unit, which may bias our social acceptability score. Addressing
this would require detailed data on the socio-demographic composition of the inhabitants of each
spatial unit.

Regarding the impact of switch-o s on crime, the next step would be to study e ects at the
intra-municipal level. Large municipalities rarely switch o lighting across their entire territory
but target speci ¢ neighbourhoods. It is therefore essential to understand how crime dynamics
evolve within municipalities that have switched o lighting in some areas but not others. This
would make it possible to tailor policies at the neighbourhood level, as was done in Chapter 3
for social acceptability. The literature on the relationship between lighting and crime suggests
possible spillover e ects: for certain types of crime, reductions may occur in switch-o areas
while increases appear in adjacent lit areas. Our results provide only an aggregate picture at the
municipal level and do not capture these internal dynamics. Yet understanding them is crucial

for sound policy advice, especially in high-density municipalities, where our ndings indicate
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that burglaries tend to increase following switch-o s. Such an analysis would require switch-o
data at the intra-municipal level, which in turn would involve adapting the method developed
in Chapter 4. This is not straightforward, since at this scale fewer pixels would be aggregated,
increasing variation in radiance time series and complicating break detection.

To develop e ective policies, it is also essential to conduct research that clari es the mech-
anisms underlying the observed overall e ects, particularly in the case of burglaries. Are they
linked to reduced vigilance among neighbours? To fewer police o cers on the streets? More
detailed data could shed light on these questions, but qualitative analyses and interviews are es-
pecially necessary to understand how burglars respond to lighting conditions.

Other topics, not developed in this thesis but crucial for mitigating light pollution, should
be included in the research agenda. In particular, while we focus here on public lighting, ques-
tions related to private lighting also need to be addressed. Indeed, private lighting, such as that
from advertising and commercial buildings, accounts for a large share of sky radiance. In France,
legislation exists regarding advertising and commercial building lighting, butit is often poorly en-
forced. The societal dimension of these policies is therefore essential to examine: What bene ts
do businesses or shops gain from keeping their lights on at night? Is there a real economic e ect?
And how can e ective policies be designed to reduce light pollution without negatively a ecting
commercial activity? This would also help make policies related to public lighting more accept-
able, as the persistence of private lighting is often perceived as unfair by the population when
they are asked to accept reductions in public lighting.

Finally, it would also be interesting to investigate inequalities in exposure to light pollution.
Since light pollution is a public health issue, it is important to identify which populations are
most a ected. One might expect deprived groups to be more exposed, as they are often located
near industrial areas with high levels of light pollution or near major roads. Understanding how
this type of inequality overlaps with others, such as unequal access to ecosystem services, would

highlight light pollution as a key public health concern.
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