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Accounting for artificial light
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Introduction

Urbanization is characterized by an increase of impervious surfaces [START_REF] Mckinney | Urbanization, biodiversity and conservation[END_REF] but also by the emission of environmental stressors such as chemical, noise, and light pollution (Isaksson, 2015). Amongst these pollutants the least understood, in terms of impacts on species and ecosystems, is light pollution [START_REF] Gaston | The biological impacts of artificial light at night: the research challenge[END_REF]Hölker, Moss, Griefahn, & Kloas, 2010), i.e. the emission of artificial light that alter the natural patterns of light and dark in ecosystems [START_REF] Longcore | Ecological Light Pollution[END_REF]. The modification of the natural day/night rhythm can have considerable impacts on ecosystems [START_REF] Navara | The dark side of light at night: physiological, epidemiological, and ecological consequences[END_REF] especially as nocturnal species represent 30% of vertebrates and more than 60% of invertebrates (Hölker, Wolter, Perkin, & Tockner, 2010). In recent decades, light emissions increased globally at an average rate of 6% per year (Hölker, Moss, et al., 2010) and currently, 88% of Europe experience light-polluted nights [START_REF] Falchi | The new world atlas of artificial night sky brightness[END_REF]. Moreover, there is a shift in lighting technologies from yellow light sources (e.g., high-and low-pressure sodium vapor lamps) to broader-spectrum white light sources with a higher proportion of blue wavelength (e.g., metal halide and light emitting diodes) that have a higher energy efficiency [START_REF] Gaston | The biological impacts of artificial light at night: the research challenge[END_REF]. This change will most likely result in a global increase in short wavelength (i.e. blue light) emission [START_REF] Falchi | Limiting the impact of light pollution on human health, environment and stellar visibility[END_REF] and might have major impacts on nocturnal biodiversity.

A green infrastructure policy was adopted by the European Union to preserve and promote ecological corridors and landscape connectivity. However the green infrastructure policy does not account for the impact of artificial light. Thus the corridors designed following this policy might be ineffective for nocturnal species. Taking into account light pollution's effects on nocturnal species is crucial to design biodiversity-friendly urban lighting plans.

Recommendations to mitigate the negative impacts of artificial lighting on biodiversity are scarce with only few studies proposing possible local measures (e.g., [START_REF] Azam | Evidence for distance and illuminance thresholds in the effects of artificial lighting on bat activity[END_REF][START_REF] Rydell | Age of enlightenment: long-term effects of outdoor aesthetic lights on bats in churches[END_REF]. More quantitative information on the impact of artificial light is needed to be able to design a city's lighting plan preserving some dark areas that can be used as habitats and corridors for nocturnal biodiversity.

Due to their nocturnal lifestyle, bats are good model species to study the impact of artificial light.

European bats are long-lived insectivorous species that have great potential as bio-indicators partly because their population trends tend to reflect those of lower trophic levels species such as arthropods (Jones, Jacobs, Kunz, Willig, & Racey, 2009;[START_REF] Stahlschmidt | Bats as bioindicators -the need of a standardized method for acoustic bat activity surveys[END_REF]. Some bat species can live in urban areas and are hence directly confronted to light pollution. For instance, species such as Pipistrellus spp., Plecotus spp., Rhinolophus ferrumequinum, R. hipposideros, Myotis daubentonii, and Myotis myotis often use man-made structures as breeding roosts and can live in built areas [START_REF] Marnell | Protection of overground roosts for bats[END_REF][START_REF] Simon | Ecology and conservation of bats in villages and towns[END_REF]). In addition, since all bat species are protected at the EU level (Council Directive 92/43/EEC, 1992), they represent one of the few cases of protected species living within urban environments.

Light-sensitive species such as Rhinolophus and Myotis species are negatively impacted by artificial lighting through a decrease of their fitness [START_REF] Boldogh | The effects of the illumination of buildings on housedwelling bats and its conservation consequences[END_REF] and a loss and fragmentation of their habitat [START_REF] Stone | Street Lighting Disturbs Commuting Bats[END_REF], 2012). Yet species such as P. pipistrellus, P. Kuhlii, and Nyctalus leisleri forage in urbanized and illuminated areas [START_REF] Bartonicka | Flight acitvity and habitat use of four bat species in a small town revealed by bat detectors[END_REF][START_REF] Gaisler | Habitat preference and flight activity of bats in a city[END_REF][START_REF] Rainho | Summer foraging habitats of bats in a Mediterranean region of the Iberian Peninsula[END_REF]. These three species are qualified as light tolerant because they prey on insects that are attracted and trapped within the halo of streetlights [START_REF] Eisenbeis | Artificial night lighting and insects: attraction of insects to streetlamps in a rural setting in Germany[END_REF][START_REF] Van Langevelde | 29 Effect of spectral composition of artificial light on the attraction of moths[END_REF]. But although the short-term installation of streetlights on a previously dark flying route did not change Pipistrellus species activity level [START_REF] Stone | Conserving energy at a cost to biodiversity? Impacts of LED lighting on bats[END_REF], a study showed that the activity of P. pipistrellus was similar or lower in lit areas compared to dark areas in environments with scattered vegetation [START_REF] Mathews | Barriers and benefits: implications of artificial night-lighting for the distribution of common bats in Britain and Ireland[END_REF] and another that, P. pipistrellus will not cross brightly lit gaps while flying along a hedgerow [START_REF] Hale | The ecological 2017[END_REF]. While considering a large scale dataset, collected at a national scale across 8 years and mostly looking at permanent street lighting, [START_REF] Azam | Disentangling the relative effect of light pollution, impervious surfaces and intensive agriculture on bat activity with a national-scale monitoring program[END_REF] showed that bat activity was negatively affected by artificial light even for species described as light tolerant. Hence, overall it would seem that the global effect of light pollution might actually be deleterious even to light tolerant species.

Assessing the impact of light pollution on biodiversity first requires the ability to measure it. This is not straightforward as artificial light is composed of several measurable characteristics such as intensity, spectral composition, or flux directionality. As street lighting is the most persistent, aggregated, and intense source of lighting in urban areas [START_REF] Gaston | REVIEW: Reducing the ecological consequences of night-time light pollution: options and developments[END_REF], the location of streetlights can be a relevant source of information. Streetlight location data exist for most large cities and are easy to understand, however they do not contain information on the light characteristics or on private lighting which could have a substantial role in light pollution [START_REF] Gaston | REVIEW: Reducing the ecological consequences of night-time light pollution: options and developments[END_REF]. Remote sensing data, such as aerial or satellite pictures are another information source and include all types of lighting (public and private) and also the skyglow [START_REF] Kyba | Do artificially illuminated skies affect biodiversity in nocturnal landscapes?[END_REF]. Aerial pictures can have a spatial resolution up to 1 m [START_REF] Hale | Mapping Lightscapes: Spatial Patterning of Artificial Lighting in an Urban Landscape[END_REF][START_REF] Kuechly | Aerial survey and spatial analysis of sources of light pollution in Berlin, Germany[END_REF], but are seldom available as they are very expensive to produce. DMSP OLS and VIIRS Day-Night Band are grey-scale satellite images of the surface of the Earth at night (https://www.ngdc.noaa.gov/eog/) but due to their coarse resolution they cannot be used for city-scale land management studies (Fig. 1). Another remote sensing information source are the pictures taken from the International Space Station (ISS ; https://eol.jsc.nasa.gov) that have started to be geo-referenced by the citizen science program Cities at Night (http://citiesatnight.org - Sánchez De Miguel et al., 2014). ISS pictures can reach a spatial resolution of 10 m, contain four spectral bands in the visible range (one red, two green, one blue), and each pixel's intensity is proportional to the emitted light (Fig. 1). There are a variety of sources of information on artificial light with different spatial resolution, extent, and information on light characteristics. Ground-based and remote sensing data sources both have advantages and drawbacks (presented in Table 1) and represent an opportunity to better understand the impact of artificial light on biodiversity as well as a challenge for their application to an ecological and land management context [START_REF] Kyba | High-Resolution Imagery of Earth at Night: New Sources, Opportunities and Challenges[END_REF].

This study investigated the impact of light pollution on bat activity at the city scale comparing two sources of information on artificial light: the location of streetlights and ISS nocturnal pictures. We chose these two sources of information because their resolution was coherent with the scale of our study, they were easily accessible, and their comparison may bring insights on which source of information is the most adapted to measure the impact of light pollution on bats.

Our aims were (i) to evaluate how light pollution affected P.pipistrellus activity at the city scale, (ii) to determine which source of information on artificial light was the most relevant to measure the effect of light pollution and (iii) to define a reproducible methodology that could be used in land management to make recommendations for a biodiversity-friendly lighting planning and hence keeping low data requirements. To achieve these goals, we examined how P. pipistrellus activity was affected by artificial light within three large cities of using a panel of light variables based on either source of information. Although P. pipistrellus is considered a light tolerant species, we expected a negative impact of light pollution on its activity as at the national scale the average radiance had a negative effect [START_REF] Azam | Disentangling the relative effect of light pollution, impervious surfaces and intensive agriculture on bat activity with a national-scale monitoring program[END_REF].

Methods

Study sites

To address our main research questions we based the analysis on bat activity and environmental data from three large and highly urbanized cities of France: Paris, Lille, and Montpellier (Fig. 2).

These three cities are amongst the most light-polluted areas of France with nights 20 to 40 times brighter than natural illumination in Lille and Montpellier and over 40 times brighter in Paris [START_REF] Falchi | The new world atlas of artificial night sky brightness[END_REF]. Paris is the largest of the three cities with 105 km 2 (Fig. 2.A). There are few green areas in Paris' center but there are two large parks on the outskirts (Vincennes on the East side and Boulogne on the West side) which represent 17 km 2 in total. Tree cover represented 21% of Paris' surface however, when not including the two large parks, it only represented 12%.

Montpellier and Lille have a smaller surface than Paris (respectively, 57 and 40 km 2 -Fig 2 .B and 2.C). Only 14% of the surface of Lille corresponded to vegetation whereas Montpellier was the greenest of the tree cities with 21% of vegetation distributed in small patches across the city.

The three cities had a similar overall density of streetlights per square kilometer (549 SL/km 2 ).

Bat monitoring

Bat activity recordings were taken following the recommendations of the French national batmonitoring scheme 'Vigie-Chiro' (http://vigienature.mnhn.fr/page/vigie-chiro), a citizen-science program running since 2006 and coordinated by the National Museum of Natural History of Paris (France). All recordings occurred between June and October, the seasonal peak in bat activity. Recordings were only carried out when weather conditions were favorable (i.e. no rain, wind speed below 7 m/s, temperature at sunset above 12°C).

The data for Paris and Montpellier were provided by the French bat-monitoring scheme (http://vigienature.mnhn.fr/page/vigie-chiro/page/protocoles) following two different protocols.

The first was the pedestrian protocol for which volunteer surveyors recorded bat activity for 6 minutes at 10 selected locations within a 4 km 2 area. The volunteers began their sampling 30 minutes after sunset. In Paris, volunteers used a time expansion detector (Tranquility Transect Bat detector, Courtpan Design Ltd, UK) and in Montpellier, they used a SM2BAT detector (Widlife Acoustics Inc). The second protocol was the full-night protocol for which volunteers placed a SM2BAT detector at a given location 30 minutes before sunset and let it until the morning (30 minutes after sunrise) to record bat activity all night. Data for Lille were recorded by authors following the full-night protocol and using SM2BAT detectors. In Paris, 923 recordings lasting 6 minutes were taken at 282 different points following the pedestrian protocol between 2008 and 2013. In Lille, each of the 73 points was sampled once in 2015 using the fullnight protocol. In Montpellier, 82 points were sampled with the full-night protocol and 71 points sampled with the pedestrian protocol (2011 and 2012). To have a similar data sampling unit among cities, we only took into account recordings of the full-night protocol occurring during the first two hours of the night (beginning 30 minutes after sunset) and split the recordings into 6 minutes time slots. Then, to avoid pseudo-replication, we calculated the mean activity per point.

When considering entire nights of recordings, bat activity was fairly stable throughout the night, slightly decreasing toward the end of the night (see Appendix A -Fig. A.1).

Bat acoustic data analysis

All bat calls recorded in Paris and Montpellier were identified by volunteers and then validated by experts using Syrinx software version 2.6 (Burt, 2006). For data recorded in Lille, we used the software SonoChiro (Bas et al. 2013) to automatically classify the echolocation calls to the most accurate taxonomic level possible. All ambiguous calls were then checked manually using Syrinx software. As it is impossible to identify individual bats from their echolocation calls, we calculated bat activity as the number of bat passes per species. A bat pass is defined as the occurrence of a single or several echolocation calls of the same bat species during a 5-second interval [START_REF] Millon | Bat activity in intensively farmed landscapes with wind turbines and offset measures[END_REF]. Although bat activity did not allow us to assess bat abundance, it reflected the suitability of the habitat in terms of food resource. P. pipistrellus and P. nathusii were the only bat species detected in the three cities (Appendix A -Table A .1). However the number of bat passes of P. nathusii was very low in Paris and Lille (respectively 6 and 37 bat passes) hence we only performed the analysis on P. pipistrellus.

Light pollution variables

We used two sources of information for light pollution. Firstly, we used the location of streetlights. Data for Montpellier were accessible for free at http://data.montpellier3m.fr/ and data for Paris and Lille were provided by the private companies managing the cities' public lights (Engie Ineo for Lille and Evesa for Paris). Secondly, we used nighttime ISS pictures from the Cities At Night program. The images were corrected for linearity of the sensor, vidgenting, and calibrated absolutely using reference stars on other lenses and relatively to the VIIRS image of May 2014 using synthetic photometry [START_REF] De | Variación espacial , temporal y espectral de la contaminación lumínica y sus fuentes : Metodología y resultados[END_REF]. There was no atmospheric correction. The value of each pixel corresponded to the radiance which is the radiant flux reflected or emitted by a given surface (units nW/cm 2 /sr/A).

A study investigating the impact of light pollution on bat at different scales showed that the best spatial scale to study the impact of artificial light on P. pipistrellus was 200 m (the smaller spatial scale tested; [START_REF] Azam | Disentangling the relative effect of light pollution, impervious surfaces and intensive agriculture on bat activity with a national-scale monitoring program[END_REF]. Thus we defined our light variables within a 200 m buffer but also within a 100 m buffer to explore if a smaller spatial scale could bring further insights. We calculated several light variables based on either source using QGIS 2.8.3 (QGIS Development Team, 2017). Using the streetlight location, we calculated the distance to the closest streetlight from each recording point, the number of streetlights within a 100 m and a 200 m buffer around each recording point, and the weighted density of streetlights within the same buffers (the sum of the multiplicative inverse of the distance to streetlights within the 100 m and 200 m buffers). For several species, the impact of a streetlight seems to be detectable within a 25 m distance [START_REF] Azam | Evidence for distance and illuminance thresholds in the effects of artificial lighting on bat activity[END_REF] so we built two more variables based on this information: the presence of a streetlight within 25 m of the recording point (binary variable) and the proportion of surface impacted by artificial light within a 100 m and a 200 m buffer. As [START_REF] Azam | Evidence for distance and illuminance thresholds in the effects of artificial lighting on bat activity[END_REF] found that light had an effect up to 25 m away from a streetlight, we considered that all surface within 25 m of a streetlight was impacted by light pollution. We used the four color bands (one red, one blue, and two green bands) that compose the ISS pictures separately and calculated two variables for each color band: the pixel value at each recording point and the mean pixel value within a 100 m and a 200 m buffer around the recording point. Hence in total there were 8 variables based on the location of streetlights and 12 based on the ISS pictures (Table 2). All variables were calculated using the same 60 m x 60 m grid in order to have the same resolution.

For the analysis, we removed recordings taken at four points considered as outliers because of their very high radiance value due to a singular urban context (e.g., Eiffel Tower illuminations ; n=12; 1% of the dataset). Note that similar results were obtained when including these recordings in the analysis (see Appendix B).

Environmental and meteorological variables

Bat activity is influenced by environmental conditions both at a fine (i.e. flight path) and intermediate (i.e home range) scale hence we included several variables to account for their effect using BD TOPO data (IGN; Table 2). Several studies identified aquatic habitat as a favorable habitat for bats (Kaňuch et al., 2008;[START_REF] Rainho | The Importance of Distance to Resources in the Spatial Modelling of Bat Foraging Habitat[END_REF][START_REF] Russo | Use of foraging habitats by bats in a Mediterranean area determined by acoustic surveys: conservation implications[END_REF] thus we calculated the distance to the closest water source(in meters). In addition, as the distance and the extent of wooded areas are positively correlated with bat presence [START_REF] Boughey | Effects of landscape-scale broadleaved woodland configuration and extent on roost location for six bat species across the UK[END_REF], we calculated the distance to the nearest tree cover (in meters), and the proportion (%) of tree cover within a 200 m buffer. A set of complementary variables were used as fixed effects to control for specific recording conditions: the method (pedestrian or full-night protocol), the year [START_REF] Azam | Evidence for distance and illuminance thresholds in the effects of artificial lighting on bat activity[END_REF], the Julian day and its associated quadratic term as bat activity is expected not to be linear across the study period and include a peak when young start to fly [START_REF] Azam | Evidence for distance and illuminance thresholds in the effects of artificial lighting on bat activity[END_REF][START_REF] Newson | A novel citizen science approach for largescale standardised monitoring of bat activity and distribution, evaluated in eastern England[END_REF], and meteorological conditions at sunset (temperature C°, wind speed m/s, and humidity %; Ciechanowski, Zając, Biłas, & Dunajski, 2008;[START_REF] O'donnell | Influence of season, habitat, temperature, and invertebrate availability on nocturnal activity of the New Zealand long-tailed bat (Chalinolobus tuberculatus)[END_REF].

Bat activity modeling

We built statistical models to test the effect of light pollution on P. pipistrellus activity (response variable) while accounting for environmental and meteorological parameters. To outline a general pattern and build robust models, data from the three cities were analyzed as a single dataset. Several light variables were correlated with one another (Spearman's |r|>0.7; Dormann et al., 2013; see Appendix C) thus we built a separate full model for each light variable (i.e. 20 models). We ensured that all the variables used within the same model had a Spearman's rho between -0.7 and 0.7. As all variables showed a VIF value <3 (Heiberger & Holland, 2004) and as the mean of VIF values <2 [START_REF] Chatterjee | VARIANCE ESTIMATION IN HIGH DIMENSIONAL REGRESSION MODELS[END_REF] there was no obvious sign of multicollinearity.

We performed Generalized Linear Mixed Models (GLMM ; glmmTMB 0.2.0 ; [START_REF] Brooks | Modeling Zero-Inflated Count Data With glmmTMB[END_REF] using bat activity as the response variable and a light variable, environmental variables and, meteorological variables as fixed effects. According to the nature of the response variable (i.e. count data with over-dispersion) we used a negative binomial error distribution with a log link [START_REF] Zuur | Mixed effects models and extensions in ecology with R[END_REF]; See Appendix A -Fig A .2). Recording points were distributed within the three cities and sometimes replicated hence we included the city as a fixed effect and a random effect on the recording point. Explanatory variables were standardized to facilitate comparisons between estimates. We added an interaction between the light variable and the proportion of vegetation as a study found a difference in the responses of P. pipistrellus activity to the presence of streetlights depending on the local tree cover [START_REF] Mathews | Barriers and benefits: implications of artificial night-lighting for the distribution of common bats in Britain and Ireland[END_REF]. The full models were written as follow: Where light variable was one of the 20 light variables listed in Table 2. Hence we had 20 full models. For each full model, we ran all possible combinations (subsets) of fixed effects (MuMIn 1.15.6 ; [START_REF] Barton | MuMIn: Multi-Model Inference[END_REF]. Among each ensemble of candidate models (one full model and its subset models), we selected the best model using Akaike's Information criterion (AIC; [START_REF] Burnham | Model selection and multimodel inference: a practical information-theoretic approach[END_REF]. However, the AIC tends to overestimate the number of parameters in a model by adding uninformative variables that do not improve fit [START_REF] Guthery | Invited Paper: Information Theory in Wildlife Science: Critique and Viewpoint[END_REF] hence, amongst the best models (i.e. within a ΔAIC of two of the minimum AIC), we selected the simplest model that had significant parameters. Thus, at the end of the selection process, we had 20 best models, one per light variable. We compared these 20 models using the AIC. To explore the possible nonlinear effect of the light variable, we tested a GAMM (mgcv 1.8-16 ;[START_REF] Wood | Fast stable restricted maximum likelihood and marginal likelihood estimation of semiparametric generalized linear models[END_REF] model with the same structure as the overall best model (lowest AIC) with a smoothing effect on the light variable. The degree of smoothness is left to be estimated as part of the fitting. All analyses were conducted using R 3.3.3 (R Core Team, 2017).

Results

Bat acoustic data analysis

A total of 20,599 bat passes of P. pipistrellus were recorded at the 508 recording points [START_REF] Kuechly | Aerial survey and spatial analysis of sources of light pollution in Berlin, Germany[END_REF]205 in Paris,7,035 in Montpellier,and 12,359 in Lille; see Appendix A -Table A.1 for details on all the species recorded). P. pipistrellus represented 47% of the overall bat passes recorded (86% in Paris, 24% in Montpellier, and 98% in Lille) and was detected in 48% of the recordings (27% in Paris, 40% in Montpellier, and 98% in Lille).

Bat activity modeling

We selected one best model for each light variable (Table 3). After model selection on the full models, for five models, the light variable was not retained and the best model was the one without light variable. Three of the light variables not retained were based on streetlight location (streetlight distance, streetlight presence and streetlight density in a 100 m radius) and two on ISS pictures (pixel value for the Red 1 and Green 3 color band). In all models with a light variable, P. pipistrellus activity was negatively affected by light. Seven out of the eight models containing a light variable based on streetlight location did not perform better than the model containing no light variable. The three models that performed the best (ΔAIC<2) were based on mean values of the ISS picture in a 100 m or 200 m radius. Globally, among the 15 models where a light variable was retained, all the models containing a light variable based on the ISS pictures performed better than models containing a light variable based on the streetlight location. For six models, the interaction between the light variable and the proportion of tree cover was retained. Within these six models, five had a light variable based on one of the green color band of the ISS picture and one on the red color band. The interaction showed that for low proportions of tree cover, the radiance level had a negative effect on bat activity whereas for high proportions of tree cover, the radiance level had a positive effect on bat activity (Fig. 3). However no recording were taken at points combining high levels of vegetation and high level of radiance. The GAMM model built with the same structure as the best overall model with a smooth function on the light variable (mean pixel value of the blue color band in a 100 m radius)

showed that there was no nonlinear effect of the light variable.

After model selection, all the best models contained the same environmental and meteorological variables except for the distance to tree cover that was not retained in six models. The distance to water and to tree cover negatively impacted the activity of P. pipistrellus and the proportion of tree cover had a positive effect on P. pipistrellus activity (Appendix D -Table D.1) as expected.

The Julian day and its quadratic term were retained, reflecting the fluctuations of bat activity along the seasons (see Appendix . The wind speed had a positive effect on P. pipistrellus activity. Wind speed usually has a negative effect on bat activity when considering high wind speed. Here wind speed were always low with 91% of data taken for wind speed below 5.5 m/s.

Discussion

We found that, whatever the light variables tested, P. pipistrellus activity was negatively affected by artificial light at the city scale. This result is coherent with large scale studies [START_REF] Azam | Disentangling the relative effect of light pollution, impervious surfaces and intensive agriculture on bat activity with a national-scale monitoring program[END_REF][START_REF] Mathews | Barriers and benefits: implications of artificial night-lighting for the distribution of common bats in Britain and Ireland[END_REF] although numerous small scale studies showed a local positive effect of artificial light on light tolerant bat species (e.g., [START_REF] Azam | Evidence for distance and illuminance thresholds in the effects of artificial lighting on bat activity[END_REF][START_REF] Rydell | Exploitation of insects around streetlamps by bats in Sweden[END_REF]. The models containing ISS picture based variables were better in terms of AIC than the models with streetlight location based variables showing that ISS pictures explain the effect of light than streetlight location for bats. The methodology we used to measure the impact of artificial light on bats had low data requirements and could be reproduced elsewhere as these data are available for most cities. Prediction derived from our models could be used to produce maps to identify favorable areas for bats that should be preserved and to work on landscape connectivity.

The negative effect of light pollution on P.pipistrellus at the city scale suggests that the local foraging advantage streetlights can represent [START_REF] Rydell | Exploitation of insects around streetlamps by bats in Sweden[END_REF] is outweighed by the global negative impact of artificial light. Moths preyed on by bats are attracted to short wavelengths (blue) [START_REF] Koh | BIRDS DEFEND OIL PALMS FROM HERBIVOROUS INSECTS[END_REF][START_REF] Van Langevelde | 29 Effect of spectral composition of artificial light on the attraction of moths[END_REF] thus we could have expected areas with high values of radiance of the blue color band to be areas of high concentration of prey and consequently areas of high bat activity. But on the contrary, our results showed that high radiance values affected negatively the activity of P. pipistrellus irrespective of the color band used. The underlying mechanisms that drive the negative response of bats to artificial light are not clear. [START_REF] Rydell | Exploitation of insects around streetlamps by bats in Sweden[END_REF] suggested that bats might avoid lit areas due to an intrinsic perception of increased predation risk. However the interaction between the proportion of tree cover and the radiance level showed that the effect of light on bat activity could be positive in areas with important tree cover although this combination was not present in our study areas. Similarly, [START_REF] Mathews | Barriers and benefits: implications of artificial night-lighting for the distribution of common bats in Britain and Ireland[END_REF] found that P. pipistrellus activity was higher in lit than dark environments when there was an important tree cover although in open areas, light had a negative effect on this species' activity.

Hence it is possible that the tree cover reduces the risk of predation linked to lit areas but also that streetlights close to wooded areas attract more insects and therefore are particularly advantageous foraging grounds. Despite the negative effect of artificial light, P. pipistrellus is still present in urbanized and strongly illuminated areas. This species is more resilient to anthropogenic pressures than other species that are seldom found in urban landscapes. Hence species that are more sensitive to light pollution might experience an even more detrimental impact highlighting the importance of including biodiversity in artificial lighting planning schemes.

Surprisingly, the two sources of data on artificial light were weakly correlated (Spearman's |r| = 0.13±0.06, Appendix C). This absence of clear relationship between the two types of data is most likely due to the absence of information on private lighting such as monuments, university or shop lights in the streetlight location data although they can be a major source of illumination within cities. Moreover, location data do not inform on light characteristics (e.g., height, type, intensity) which determine the repartition and brightness of the light. Conversely, ISS pictures include both public and private lighting and are a measure the radiance due direct and reflected light emissions, including skyglow. The ISS pictures encompass the global level of radiance and hence might be a closer representation of what bats experience than streetlight location.

Nevertheless, the streetlight density in a 200 m radius was informative and had a similar effect as ISS picture based variables. Hence ideally, using the mean pixel value of an ISS picture within a 100 radius would be best but if there is no picture available, streetlight location data can be useful. Moreover, if information on streetlight characteristics are available, this could further increase the explicative power of the ground-based data.

We deliberately kept a low data requirement to allow our model to be reproducible although complex models using streetlights characteristics and light dispersion models have been developed to map cities nighttime light emissions [START_REF] Bennie | Mapping artificial lightscapes for ecological studies[END_REF]. Our goal was to construct a methodology using fairly simple variables and analysis to be applied to other cities as a management tool. Our model can be used to produce predictive maps of bat activity and to visualize areas where light pollution should be reduced. Furthermore, in addition to preserving dark areas, it is crucial to also consider the landscape scale through which this species move. Favorable habitat patches need to be connected to one another by corridors to sustain populations and allow for daily movement (e.g., foraging), seasonal movement (e.g., migration), and dispersion (i.e. gene flow). As artificial light can have a barrier effect on bats [START_REF] Hale | The ecological 2017[END_REF], it is important to evaluate its impact on landscape connectivity and our methodology could help map potential ecological corridors for bats at the city scale. Then, to adapt lighting at a fine scale, the information brought by studies on light types [START_REF] Lewanzik | Transition from conventional to light-emitting diode street lighting changes activity of urban bats[END_REF][START_REF] Rowse | The switch from low-pressure sodium to light emitting diodes does not affect bat activity at street lights[END_REF][START_REF] Stone | The impacts of new street light technologies: experimentally testing the effects on bats of changing from low-pressure sodium to white metal halide[END_REF] and spectrum [START_REF] Spoelstra | Response of bats to light with different spectra: light-shy and agile bat presence is affected by white and green, but not red light[END_REF] could help target light sources that might have important impacts on bats. We found a linear negative effect of artificial light on bat activity, whereby increasing radiance was associated with a proportional decrease in bat activity. This relationship suggests that reducing lighting pollution will have a positive effect on bats. Moreover it was shown that even a slight decrease in artificial light intensity could greatly enhance the number of dark patches necessary to nocturnal species [START_REF] Marcantonio | The integration of Artificial Night-Time Lights in landscape ecology: A remote sensing approach[END_REF]. With the development of adaptable lighting technologies in terms of flux directionality and light intensity, it seems feasible to decrease light intensity and limit trespass while still complying with socio-economic and security constraints [START_REF] Gaston | REVIEW: Reducing the ecological consequences of night-time light pollution: options and developments[END_REF].

Remote sensing data offer promising opportunities to account for artificial light impact in urban planning and their availability increases greatly with citizen-science initiatives such as Cities At Night (http://citiesatnight.org - Sánchez De Miguel et al., 2014). Although some technical difficulties remain (need for location, calibration, and correction of the images) the technological advances in nocturnal remote sensing represent an opportunity to have a direct representation of the global artificial light emissions at fine resolutions. Thus citizen science programs of biodiversity monitoring and remote sensing imaging and interdisciplinary collaboration between ecologists and astrophysicists will undoubtedly help increase our understanding of light pollution and its impact on the environment. List of all the variables used as explanatory variables to model bat activity. Each light variables were used in a separate full model and all environmental variables, meteorological variables and covariables were included in all full models. Variables based on the ISS pictures are defined for each color band, the red (Red 1), the two green (Green 2 and Green 3), and the blue (Blue 4). Variables with a ( * ) are defined for a 100 m and 200 m buffer. Selection of best models to explain bat activity using a light variable and best model without light variable. Estimates of the light variable and the interaction between the light variable and the proportion of tree cover (when retained in the model selection). After model selection on the 20 full models, for five models, the light variable was not retained and the best model was the The Julian day and its quadratic term were retained in all models as they reflect the fluctuations of bat activity along the seasons. A GAMM model with a smoothed term on the Julian day variable showed a significant nonlinear effect (edf = 4.4, p-value = 0.0006) ( 
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  one without light variable. (**) indicates a p-value between 0.001 and 0.01; (*) indicates a pvalue between 0.01 and 0.05 and (.) indicates a p-value between 0.05 and 0.1.

Fig. 1 .

 1 Fig. 1. Different possible sources of information on light pollution. DMSP -OLS (A) and VIIRS -DNB (B) satellite images of France with a zoom on Paris and its surrounding. The resolution of the images is too low (930 m for DMSP -OLS and 460 m for VIIRS -DNB) to see the difference of radiance emitted in Paris. The better resolution (60m) of this ISS picture of Paris (C) allows to distinguish areas with low and high radiance at a fine scale. Also, this picture is composed by 4 color bands (2 green, 1 blue, and 1 red) which represent the radiance emitted in each spectral band. Another source of information on light pollution is the location of streetlights (D). Each orange dot represent a streetlight (over 51 000 in Paris).

Fig. 2 .

 2 Fig. 2. Study sites: Lille (A), Paris (B), and Montpellier (C). Triangles represent points of fullnight recordings and dots represent points of pedestrian recordings.

Fig. 3 Fig. 1 .

 31 Fig. 3 Interaction between the light variable (mean value of radiance within a 100 m radius for the Green 2 color band of the ISS picture) and the proportion of tree cover. The color scale represent the predicted mean number of bat passes per six minutes. Black dots represent combination of light variable values and tree cover proportion sampled in the data.
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 2 Fig. 2 Study sites: Lille (A), Paris (B), and Montpellier (C). Triangles represent points of fullnight recordings and dots represent points of pedestrian recordings.
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 1 Fig D.1. Representation of the non-linear effect of the date on P. pipistrellus activity.
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Table C . 1 .

 C1 Number of P. pipistrellus passes in 6 minutes of recording. For full-night recordings, we only considered the two first hours of the night and the activity of the night was the average number of bat passes per 6 minutes time slots. The number of occurrence of each number of bat passes is given in bold above the x-axis. Correlation (Spearman's r) between the light variables tested. Values above 0.5 and below -0.5 are in bold. Correlations between variables based on streetlight location are in the dashed rectangle and correlations between variables based on the ISS satellite picture are in the dash-dotted rectangle.

	Myotis emarginatus Appendix C. Correlation between light variables		0%	
	Myotis nattereri		0%	
	Miniopterus schreibersii Plecotus austriacus	Estimates	0% 1%	Light
	Tadarida teniotis		0% Dist. to	variable *
	Hypsugo savii Single-genus group P. nathusii / P. kuhlii Myotis spp. Plecotus spp. Mult-genus group Nyctalus / Eptesicus model Intercept Green 2 -100 2.94 *** -3.13 *** -2.60 *** 0.33 *** -0.28 ** 0.16 . -0.27 ** 5 0% 1 0% 4 0% City -Paris City -Montpellier Julian Day (Julian day)2 Wind speed Dist. to water Blue 4 -100 2.92 *** -3.12 *** -2.62 *** 0.32 *** -0.28 ** 0.16 . -0.27 ** Red 1 -200 2.95 *** -3.14 *** -2.61 *** 0.34 *** -0.29 ** 0.15 . -0.26 ** Green 2 -pixel 3.00 *** -3.20 *** -2.63 *** 0.33 *** -0.28 ** 0.16 . -0.28 ** Green 2 -200 2.94 *** -3.13 *** -2.60 *** 0.34 *** -0.30 ** 0.16 . -0.26 ** Blue 4 -pixel 3.02 *** -3.22 *** -2.67 *** 0.34 *** -0.30 ** 0.14 -0.26 ** -0.19 . 0.43 *** -0.22 * 0.25 * 0% 0% 0% tree cover Prop. of tree cover Light variable Tree cover 0.61 *** -0.35 ** 0.50 *** 3363.2 0.0 AIC ΔAIC 0.55 *** -0.30 ** 0.38 ** 3365.0 1.8 0.65 *** -0.45 ** 0.60 *** 3365.4 2.2 0.58 *** -0.19 . 0.36 ** 3365.4 2.2 0.63 *** -0.38 ** 0.52 *** 3366.0 2.8 3366.1 2.9 Red 1 -100 2.89 7 4.5 Green 3 -200 3.01 8 4.6 Green 3 -100 2.92 3 5.1 Blue 4 -200 3.04 8 5.6 SL density -200 3.04 *** -3.33 *** -2.67 *** 0.34 *** -0.29 ** 0.14 -0.20 * -0.26 * 0.27 * -0.20 * 3369.1 5.9 SL density -100 3.00 *** -3.28 *** -2.66 *** 0.33 *** -0.29 ** 0.15 . -0.20 * -0.27 * 0.29 ** -0.18 * 3369.8 6.6 Impacted surf. -200 2.99 *** -3.27 *** -2.63 *** 0.33 *** -0.29 ** 0.16 . -0.19 . -0.25 * 0.27 * -0.20 . 3369.9 6.7 Impacted surf. -100 2.93 3370.1 6.9 SL weighted density -200 3.05 *** -3.34 *** -2.70 *** 0.34 *** -0.29 ** 0.15 . -0.21 * -0.26 * 0.29 ** -0.16 . 3370.3 7.1 None 2.89 *** -3.18 *** -2.58 *** 0.33 *** -0.28 ** 0.16 . -0.23 * -0.24 * 0.35 *** 3371.7 8.5 Red 1 Green 2Green 3 Blue 4 Red 1 Green 2Green 3 Blue 4 Weights Marginal R2 0.32 0.34 0.13 0.34 0.11 0.33 0.11 0.33 0.08 0.33 0.08 0.33 0.03 0.33 0.03 0.32 0.03 0.32 0.02 0.32 0..02 0.31 0.01 0.31 0.01 0.31 0.01 0.31 0.01 0.31 0.01 0.30 100 100 100 100 200 200 200 200 -0.52 -0.50 0.87 -0.49 0.90 0.79 -0.50 0.91 0.93 0.94 -0.69 0.82 0.74 0.71 0.73 -0.65 0.73 0.86 0.65 0.76 0.84 -0.01 -0.01 -0.03 0.00 -0.02 -0.06 -0.06 -0.12 0.14 0.13 0.13 0.13 0.09 0.10 0.77 -0.07 0.08 0.06 0.08 0.07 0.03 0.02 0.93 0.84 -0.13 0.15 0.16 0.14 0.15 0.11 0.14 0.55 0.85 0.69 Red 1 100 -0.10 0.11 0.11 0.08 0.09 0.05 0.07 0.80 0.79 0.82 0.60 Green 2 100 -0.17 0.20 0.18 0.16 0.17 0.14 0.13 0.73 0.81 0.80 0.68 0.93 Green 3 100 -0.15 0.19 0.20 0.16 0.18 0.13 0.15 0.74 0.80 0.82 0.67 0.94 0.96 Blue 4 100 -0.14 0.18 0.18 0.15 0.16 0.11 0.11 0.63 0.74 0.72 0.73 0.80 0.90 0.87 Red 1 200 -0.22 0.28 0.32 0.23 0.28 0.21 0.28 0.48 0.63 0.56 0.54 0.78 0.79 0.80 0.74 Green 2 200 -0.24 0.33 0.37 0.26 0.33 0.24 0.30 0.44 0.61 0.54 0.56 0.71 0.79 0.78 0.76 0.95 Green 3 200 -0.22 0.30 0.34 0.24 0.30 0.23 0.27 0.42 0.59 0.52 0.54 0.68 0.74 0.75 0.73 0.95 0.97 Fig. A.2. Light variable inthe Blue 4 200 -0.18 0.28 0.30 0.22 0.28 0.19 0.23 0.35 0.53 0.45 0.53 0.60 0.68 0.67 0.75 0.85 0.92 0.93	Cond R 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

*** -3.10 *** -2.56 *** 0.32 *** -0.28 ** 0.17 . -0.27 ** 0.56 *** -0.27 * 0.37 ** 3367.*** -3.23 *** -2.68 *** 0.34 *** -0.29 ** 0.16 . -0.27 ** 0.61 *** -0.42 ** 0.55 ** 3367.*** -3.15 *** -2.60 *** 0.32 *** -0.28 ** 0.16 . -0.27 ** 0.56 *** -0.40 ** 0.50 ** 3368.*** -3.26 *** -2.72 *** 0.34 *** -0.29 ** 0.16 . -0.26 ** 0.56 *** -0.25 * 0.34 ** 3368.*** -3.21 *** -2.61 *** 0.33 *** -0.29 ** 0.16 . -0.19 * -0.26 * 0.28 ** -0.18 .

List of tables

 Table 1Comparison of the advantages and drawbacks of two sources of information on artificial light: ground-based (GB) data and remote sensing (RS) data.

Table 2

List of all the variables used as explanatory variables to model bat activity. Each light variables were used in a separate full model and all environmental variables, meteorological variables and covariables were included in all full models. Variables based on the ISS pictures are defined for each color band, the red (Red 1), the two green (Green 2 and Green 3), and the blue (Blue 4).

Variables with a ( * ) are defined for a 100 m and 200 m buffer.

Table 3

Selection of best models to explain bat activity using a light variable. Estimates of the light variable and the interaction between the light variable and the proportion of tree cover (when retained in the model selection) and best model without light variable. After model selection on the 20 full models, for five models, the light variable was not retained and the best model was the one without light variable. (**) indicates a p-value between 0.001 and 0.01; (*) indicates a pvalue between 0.01 and 0.05 and (.) indicates a p-value between 0.05 and 0.1. Table 1 Comparison of the advantages and drawbacks of two sources of information on artificial light: ground-based data (GB; e.g.. streetlights location) and remote sensing data (RS, e.g., ISS pictures). We carried the same analysis as in the core paper and found similar results when including the 4 outlier points (Table B.1.). 

Individual tables