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ABSTRACT
Artificial light at night (ALAN) has positive and negative effects 
on social, economic, environmental, and ecological systems, and 
will increase with urban expansion. In this study, we used 
a multi-spectral 1.5 m resolution night-time acquisition from 
a Jilin-1 satellite over the city of Quito, Ecuador, to evaluate 
spatial lighting patterns in an expanding and topography com
plex-built environment. We demonstrated a requirement for 
robust georeferencing and orthorectification due to the com
plex topography, with errors on the order of 4–6 pixels (5.8–8.4  
m CE95). We also quantified differences in observed brightness 
due to the image acquisition and local geometry. Street light 
type was distinguishable between high-pressure sodium (HPS) 
and light emitting diode (LED) sources (F1-score = 0.72–0.83) 
using a shark random forest decision tree approach. 
Additionally, street lights could be located within 10 m (F1- 
score = 0.71) with balanced omissions and commissions. Spatial 
trends revealed that the road network was the dominant source 
of illumination, accounting for 45% of illuminated pixels, 
whereas built-up areas accounted for 23%. Overall, 68% of all 
illuminated pixels were on or within 10 m of the road. Higher 
socio-economic development was associated with higher pro
portions of LED lighting, greater road network lighting and 
density of street lights, higher overall radiance for built-up 
areas and the road network, and greater coverage and illumina
tion of designated green spaces. The broad impacts of ALAN 
mean that addressing the causes and consequences of lighting 
inequalities is a complex issue. Nonetheless, Jilin-1 night-time 
imagery offers a low-cost way to map and monitor light sources 
at high-resolution that will be beneficial to city-planners and 
progressing Sustainable Development Goals.
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Key policy highlights
● Image acquisition geometry affects the observed radiance and 

would require consideration when evaluating spatial and tem
poral trends.

● Jilin-1 night-time satellite imagery offers a low-cost mechanism 
to map and monitor light sources at high-resolution that is 
sufficient to identify individual sources such as street lights, 
buildings, and recreational spaces.

● Radiance intensity was correlated with the degree of socio- 
economic development. In the higher socio-economic classes, 
we observed higher proportions of LED lighting, greater road 
network lighting and density of street lights, higher overall 
radiance for built-up areas and the road network, and greater 
coverage and illumination of designated green spaces.

1. Introduction

Artificial light at night (ALAN) is now prevalent in built-up areas where buildings, street 
lights, and other anthropogenic sources emit light that is scattered and reflected into the 
atmosphere (Figure 1). ALAN is associated with potential benefits such as an improved 
perception of safety (Loewen, Daniel Steel, and Suedfeld 1993; Pedrosa et al. 2021), 
although associations between lighting and crime rates show mixed results (e.g. 
Steinbach et al. 2015; Welsh and Farrington 2008). Additionally, illuminated areas are 
long documented as a draw for economic activity, where lighting prolongs after sunset 
(Karekezi and Majoro 2002; Mellander et al. 2015; Bouman 1987). Night-time lights are also 
relevant to disaster risk reduction, where light disturbance and recovery can be monitored 
(Qiang, Huang, and Jinwen 2020; Wang et al. 2018) and community resilience to disaster 
events can be improved by designing safe spaces and evacuation routes with (solar) 
lighting (León and March 2016; French et al. 2019). However, exposure to ALAN is also 
associated with negative implications for public health (Navara and Nelson 2007; Touitou, 
Reinberg, and Touitou 2017; Keshet-Sitton et al. 2017) and biodiversity (Stone, Jones, and 
Harris 2012; Hölker et al. 2010; Giavi et al. 2020). The transition from high-pressure sodium 
(HPS) HPS to energy-efficient light emitting diode (LED) lighting, which illuminates over 
a broader range of wavelengths, could also further disrupt ecosystems (Davies and Smyth  
2018; Pawson and Bader 2014). The wide impact of ALAN makes it a key consideration for 
sustainable urban growth, where night-time light sources should be designed consider
ing the range of societal and natural impacts.

Night-time satellite images have measured ALAN for applications including urban 
development and electrification rates (Zhao et al. 2022; Min and Mensan Gaba 2014; 
Giacomo et al. 2020), poverty and economic activity (Bruederle and Hodler 2018; Doll 
Christopher, Muller, and Elvidge 2000; Mellander et al. 2015), disaggregating census 
population data (Lloyd, Sorichetta, and Tatem 2017; Tan et al. 2018), as a proxy for 
building volume (Shi et al. 2020; Peled and Fishman 2021), and disaster resilience and 
response (Qiang, Huang, and Jinwen 2020; Molthan and Jedlovec 2013). However, the 
number of studies using night-time satellite data was limited until the 1990s when the 
Defence Meteorological Satellite Program (DMSP) data became available in digital format 
(Levin et al. 2020). The spatial resolution of the available data was also limited to 100– 
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1000 m until the launch of the commercial satellites EROS-B in 2013 and Jilin-1 (3B) 
in 2017 offering <2 m resolution night images (Levin et al. 2020; Noam et al. 2014). 
Nonetheless, several studies have shown correlations between coarse resolution 
night-time light distribution and socio-economic datasets such as population and 
economic development (Henderson, Storeygard, and Weil 2011; Elvidge et al. 2012; 
Sutton et al. 2001), therefore offering the potential for satellite-derived proxy cen
suses. However, the strength of the observed trends was highly variable between 
and within countries (Mellander et al. 2015; Henderson, Storeygard, and Weil 2011), 
and it is not known if similar trends are observed using higher-resolution datasets. 

Figure 1. Sources, applications, and methodological considerations when using night-time light 
satellite imagery in a built environment. Illustrative spectral response plot shows light sources (high- 
pressure sodium and light-emitting diode) and Jilin-1 bands adapted from Pawson and Bader (2014) 
and Cheng et al. (2020) respectively.
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Nonetheless, night-time light data offer a valuable mechanism for monitoring 
Sustainable Development Goals (SDGs) including poverty (SDG 1), energy (SDG 7), 
inequalities (SDG 10), and sustainable cities and communities (SDG 11), particularly 
where informal settlements develop without state-provided infrastructure (Stokes 
and Seto 2019; Ivan et al. 2020).

Commercial satellites offer new opportunities for monitoring night-time lights at 
a resolution where individual sources of light, such as street lights and buildings, 
are resolvable (Cheng et al. 2020). For example, the recent availability of high- 
resolution multi-spectral night-time imagery from Jilin-1 creates new opportunities 
to quantify the spectral signature and therefore the type of light source, which is 
important as HPS sources are replaced with LEDs (Cheng et al. 2020). Therefore, 
this potentially enables analysis of socio-economic development and other vari
ables at scales that are relevant to urban planners (Noam et al. 2014). However, 
using these higher resolution data requires greater consideration of confounding 
factors affecting the observed brightness due to the variable satellite viewing 
geometry, screening due to vegetation and buildings, the orientation of light 
sources in relation to the satellite, time of acquisition, moonlight illumination, 
and the lack of atmospheric corrections (Figure 1) (Levin et al. 2020; Guk and 
Levin 2020; Noam et al. 2014; Katz and Levin 2016).

In this study, we tasked a night-time acquisition from the Jilin-1 Gaofen-03C01 satellite 
(1.5 m resolution and 3 band RGB) over the city of Quito, Ecuador, with the aim of 
evaluating spatial lighting patterns in an expanding and topography complex-built 
environment. Our objectives were to (1) quantify differences in observed brightness 
due to image acquisition geometry, (2) evaluate street light typology classification 
using the multi-spectral Jilin-1 imagery and geopositioning accuracy, and (3) assess the 
spatial variation in brightness in relation to socio-economic and land cover characteristics, 
including the density of street lights.

2. Methods

2.1. Study site

Quito is located in central Ecuador at an altitude of 2,800 m and is bounded by 
steep topography, including Pichincha Volcano to the west (Figure 2). The city is 
expanding to the north, east, and south (Bonilla-Bedoya et al. 2020) (Figure 2a), 
which exposes populations to a range of natural hazards including landslides, 
floods, volcanic hazards, and earthquakes (Watson et al. 2022; Chatelain et al.  
1999; Valcárcel et al. 2017; Hall et al. 2008). Westward expansion on the slopes 
of Pichincha is limited by designated protection following previous encroachment 
and the subsequent occurrence of debris flow and landslides (Vidal, Burgos, and 
Zevallos 2015). Informal settlements have traditionally formed on these slopes 
where natural hazard risk is greatest (Vidal, Burgos, and Zevallos 2015; Sierra  
2009). The diversity of built-up areas over a range of rugged and flat topographies, 
combined with social inequalities, makes Quito a useful test case for night-time 
satellite imagery.
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2.2. Jilin-1 night-time satellite imagery processing

Night-time satellite imagery from Jilin-1 (hereon: JL1-NT) Gaofen-03C01 satellite was 
acquired over Quito in three sequential acquisitions on 8 July 2021 at~10:30 UTC 
(05:30 local time) with 100 ms exposure time (Table 1). The imagery covers 401 km2 of 
Quito with 25.5 km2 of overlap between the three acquisitions. The imagery was 
provided at Level 1A with rational polynomial coefficient (RPC) files, radiometric 
correction information, and metadata indicating cloud-free conditions, though details 
of how this was determined were not known. The imagery is 8-bit multi-spectral data 
with three bands: 580–730 nm (red), 490–580 nm (green), and 430–520 nm (blue), at 
~1.2 m resolution (nadir) (EDAP 2022). The data are provided as digital numbers with 
per-band gain and offset calibration coefficients for conversion to radiance values 
(Table S1).

Figure 2. Study location overview of the city of Quito, Ecuador. (a) Footprints of the Jilin-1 night-time 
acquisitions overlaid on the urban expansion of Quito (1985–2015), which is shown from the World 
Settlement Footprint Evolution (WSF-Evo) dataset (Marconcini et al. 2020) with a hillshaded digital 
elevation model (DEM) background. Areas of green space are from Open Government data (https:// 
datosabiertos.Gob.ec/, last accessed: 04 November 2022). (b) Total population gridded to 1 km2 cells 
and socio-economic classification data (CIUQ 2020; Instituto Geográfico Militar 2019).

Table 1. Acquisition and processing parameters of the Jilin-1 GaoFen-03 multi-spectral imagery, listed 
in order of acquisition time on the 8 July 2021.

Image ID
Roll/Pitch/ 

Yaw
Satellite azimuth/Satellite 

elevation
Orthorectification errors (m). 

CE95/LE95*

[1] JL1GF03C01_MSS_20210708102944 
_200054991_102_0069_001_L1A_MSS

−2.02/30.92/ 
0.55

176.39/56.08 8.4/5.2

[2] L1GF03C01_MSS_20210708103041_ 
200054991_105_0210_001_L1A_MSS

−5.09/-7.58/- 
0.33

317.02/80.56 5.8/7.5

[3] JL1GF03C01_MSS_20210708103138_ 
200054991_108_0354_001_L1A_MSS

−5.92/- 
40.90/-2.24

343.46/44.80 7.6/5.9

*CE95 (horizontal error): circular standard error at 95% confidence. LE95 (vertical error): linear error at 95% confidence.
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Georeferencing night-time satellite imagery is complicated by the visual difference 
between features in an optical satellite image compared to a night-time satellite imagery, 
where illumination patterns are derived from one or more sources of light. Additionally, 
the source and illumination angle of a light source creates a variable and dispersed area of 
illumination depending on the reflecting surface, which is further complicated by off nadir 

Figure 3. (a) Jilin-1 night-time satellite acquisition processing. (b) Image IDs and footprints (Table 1) 
and the location of GCPs used to orthorectify each image. Offsets show the initial image georeferen
cing provided by the RPCs. (c – e) Examples of features used as GCP locations with optical satellite 
imagery (left panel) and corresponding Jilin-1 night-time imagery (right panel).
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viewing angles of the satellite that can obscure or distort the apparent light sources. 
Therefore, we identified 15 ground control points (GCPs) for georeferencing in each 
image using illuminated features such as buildings, path networks, and car parks, and 
assigned latitude and longitude positions using Google Satellite Basemap imagery 
(Figure 3). The GCP elevation values were derived from the Copernicus 30 m digital 
elevation model (DEM) (GLO-30) (Airbus Defence and Space GmbH 2020), accounting 
for the geoid-ellipsoid difference (EGM2008: mean of 26.98 ± 0.1 m). The GCPs revealed an 
initial horizontal georeferencing offset for each image [1–3] of 556 ± 83 m, 701 ± 25 m, 
and 1,429 ± 280 m, respectively (Figure 3). We tested two methods to georeference the 
imagery, which are detailed in the following sections.

2.2.1. Jilin-1 imagery georeferencing using a road network
The first georeferencing method followed a workflow presented by Schwind and Storch 
(2022), which was designed to georeference astronaut night-time imagery from the 
International Space Station. Briefly, the method used the OpenSteetMap (OSM) road 
network (Contributors 2022) as a reference image, and keypoint matching were used to 
identify the tie points of the night-time images. These tie points were used to apply 
a polynomial transformation to rectify the night-time images to the OSM road network. 
The rectification was expected to perform best over lower gradient, illuminated urban 
areas since the method relies on the tie point matching and did not use a sensor model or 
DEM to guide the rectification.

2.2.2. Jilin-1 imagery orthorectification
The second georeferencing method used the JL1-NT image RPC model and 15 GCPs in 
each image to orthorectify the imagery using the RPC Orthorectification workflow in ENVI 
5.6.1. Each image was orthorectified using the GLO-30 m DEM. The images were output in 
the UTM 17S coordinate system with bilinear resampling to 1.5 m resolution. The image 
row and column ground sampling distances reported in the metadata ranged from 1.23 to 
2.11 m and 1.22 to 1.6 m, respectively.

Digital number (DN) values were converted to radiance (L) using the per band (b) gain 
and bias radiometric calibration coefficients (Table S1; Equation (1)): 

Lb ¼ DNb � Gainbð Þ þ Biasb (1) 

The three acquisitions were mosaicked together into one image using the maximum pixel 
value in overlapping areas. Additionally, we derived a mean brightness dataset (JL1- 
mean) by taking the mean radiance value of the red, green, and blue (RGB) bands (e.g. 
Guk and Levin 2020).

2.3. Light type and street light classification

Cheng et al. (2020) demonstrated the use of Jilin-1 night-time imagery to classify and 
extract street lights over a 51 km2 low gradient area of Shanghai where street lights were 
the dominant source of illumination. We applied a similar approach to our Quito imagery 
to map light locations and type (HPS or LED), which were subsequently sampled using 
socio-economic data to determine the dominant lighting source and distribution of LED 
lighting (Section 2.4). Ground truth street light locations and type for 700 lights were 
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manually mapped using Google Earth imagery of Quito with reference to Streetview 
(dated 2014) (Figure S2). HPS lights (n = 500) were sampled across each of the three 
images, whereas the LED lights (n = 200) were only sampled in the central acquisition 
where the LED arrays were clearly distinguishable. Source type was assigned based on 
a visual inspection in the daytime imagery and were not confirmed in the field. This means 
that other light types could exist within these classes such as metal halide that would 
produce a similar spectral signature to LED (Zheng et al. 2018). Though covering a much 
larger area (>13,000 km2) than our study area, reporting from the electric utility company 
Empresa Eléctrica Quito suggests a breakdown of 92.3% HPS, 1.7% LED, and 6% other 
sources including mercury pressure lights (Galindo, Borge-Diez, and Icaza 2022; ARCONEL  
2020). Therefore, our LED class is expected to include other sources of light.

2.3.1. Light type classification
The 700 street light locations were buffered by 10 m (radius) and intersected with the JL1 
imagery (with background zero values removed) to train a Shark Random Forest Model 
implemented in Orfeo ToolBox (OTB) 7.1.0 in QGIS 3.16.16 using default parameters 
(maximum number of trees = 100, minimum size of the node for a split = 25). The 
model was then applied to the full JL1-NT Quito extent to classify light sources into HPS 
or LED classes. Since we could not validate street lighting in the field, we split the input 
training data (700 light sources) equally between validation and training and report 
common accuracy metrics including precision, recall, and F1-Score. High confidence 
pixels (confidence ≥0.9) in groups of at least 10 connected pixels were used as the final 
light source classification.

2.3.2. Street light location classification
The location of street lights were extracted by modifying the approach of Cheng et al. 
(2020), which improved the classification accuracy when applied to our study area. The 
modifications we implemented were to use the JL1-NT RGB band mean rather than sum, 
apply mean smoothing to the data, and use a smaller road buffer. We also did not 
consider potential illumination due to road traffic owing to the early morning night- 
time acquisition time (05:30).

JL1-mean data were clipped to an 8 m road buffer and a circular neighbourhood of 13 
pixels (19.5 m) was used to extract the maximum radiance value, which was assigned as 
the street light location. This circular neighbourhood represented a compromise in the 
ability to distinguish individual sources since the mean light spacing in our training data 
were 31.3 ± 10.2 m for HPS sources and 10.4 ± 4.1 m for LEDs. Where multiple connected 
pixels shared the same maximum value in the neighbourhood, they were converted to 
polygon and the polygon centroid was used as the final street light location. The ground 
truth of 700 street light locations was used as validation data. We assumed a 10 m radius 
positional uncertainty to account for mis-location of the validation dataset and the fact 
that the area of maximum brightness is likely to be offset from the street light location. 
Detections falling within 10 m of a validation point were classed as valid (true positive) 
and were evaluated alongside omissions (false negative) and commissions (false positive), 
which were used to derive the F1 accuracy score. The classified street light locations were 
buffered by 10 m and intersected with the light-type classification to find the majority 
class, which was assigned as the light type.
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2.4. Socio-economic analysis

We used socio-economic classification data (CIUQ 2020; Instituto Geográfico Militar  
2019) to evaluate the spatial differences in night-time lighting. The dataset char
acterizes housing characteristics, education level, household economic activity, 
ownership of assets, access to technology, and consumption habits into five socio- 
economic classes, ranging from High to Low. These data also included a population 
projection (from the 2010 census) for year 2019. We sampled the night-time light 
data using two methods since the irregular socio-economic polygons had variable 
proportions of built-up areas and populations (Table S2). First, using the original 
irregular socio-economic polygons (Figure 4a-c), and second using a standardized 
100 m square grid within the socio-economic polygons (Figure 4d-f). For each of 
these two methods, we sampled either all the intersecting night-time data (e.g. 
Figure 4a,d), data masked to the World Settlement Footprint 2019 (WSF-2019) 
built-up area mask (Marconcini et al. 2021) (e.g. Figure 4b,e), and data masked to 
a 10 m (radius) buffer of the OSM road network (e.g. Figure 4c,f). We exclude the 
following classes from the OSM road dataset for all analysis: steps, bridleway, 
cycleway, footway, raceway, track, construction, path, platform, bus stop, and 
pedestrian.

Figure 4. Two approaches used to sample Jilin-1 and socio-economic data. (a – c) Jilin-1 data 
sampled using irregular socio-economic polygons P1 and P2 labelled in (a). (d – f) Jilin-1 data 
sampled using a regular 100 m square grid falling within socio-economic polygons that were 
dissolved by class ID (merging neighbouring polygons with the same class). In this example, 
P1 and P2 were dissolved. Samples used all Jilin-1 data (a and d), data masked to WSF-2019 
built up areas (b and e), or data masked to OpenStreetMap roads with a 10 m (each side) 
buffer (c and f).
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2.5. Other datasets

The World Settlement Footprint Evolution (WSF-Evo) (Marconcini et al. 2021) dataset 
documented global built-up area expansion 1985–2015 and was intersected with our 
light-type classification to identify potential trends in LED uptake through time. One 
limitation of this approach is that the WSF-Evo does not account for urban redevelopment 
with a city (e.g. Watson et al. 2022), therefore old areas of the city that were modernized 
with LED lighting would still feature the date of original urbanization.

A land cover classification we applied to a 13-band Sentinel-2 L1-C image (5th 

July 2021) at 10 m resolution (resampled where required) was also used to evaluate 
spatial trends in illumination classified into CORINE 2018 schema land cover classes. The 
classification used a pre-trained U-net deep learning model with a reported overall 
accuracy of 82% (Esri 2021). Additionally, we evaluated a dataset of green spaces includ
ing city parks and recreation grounds (CIUQ 2017) against the JL1-mean night-time data 
to quantify their degree of illumination.

3. Results

3.1. Georeferencing and image overlap

Orthorectification errors for the JL1-NT data ranged from 5.8 to 8.4 m CE95 (Table 1), 
whereas the OSM road-based georeferencing method featured errors over 300 m in areas 
of steep topography (Figure S1). Therefore, the orthorectified JL1-NT data were used for 
all further analysis, and the three images were merged into a city-wide image (Figure 5). 
Since the orthorectification errors restrict pixel-level comparisons, we compared the mean 
radiance values in the area of JL1-NT acquisition overlap at grid sizes of 50, 100, and 200  
m, which revealed a trade-off between a reduction in root mean square error (RMSE) and 
sample size with an increasing grid size (Figure 6). A 100 m sample grid provided 
a suitable balance to sample spatial trends within socio-economic polygons whilst redu
cing RMSE, which ranged from 75 to 143 nanoWatts/cm2/sr for the two overlapping areas 
(Figure 6b, c). An example of the difference in radiance for the largest overlapping area is 
shown in Figure 7. There were notable differences in brightness between the overlapping 
JL1-NT acquisitions in flat areas of open green space, in built-up areas with a road network 
of varying orientation, and in areas of high-rise buildings (Figure 7).

3.2. Light type and street light classification

From the random forest light source classification, the precision, recall, and F1-scores for 
the LED class were 0.83, 0.66, and 0.74, respectively, whereas the same values for the HPS 
class were 0.72, 0.86, and 0.78. Therefore, the HPS classification was slightly more accu
rate. HPS was the main lighting type in Quito accounting for 74% (32.8 km2) of the 
observed illumination compared to 11.4 km2 for LED sources (Figure 8). LED sources 
were distributed around the city with a core area of high-density LED in the historic 
centre (Figure 8c). LED sources were generally distinguishable by eye in the true-colour 
JL1-NT imagery (white and blues, Figure 8b, c, d), and the mean band radiance for the 
ground truth lights showed LED sources were overall brighter, especially in the blue band 
(Figure 9a).
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Regarding the street light location classification, the F1-score was 0.71 with 
balanced omissions and commissions each totalling ~29% (n = 186) of the intersect
ing validation dataset (n = 642). A total of 90,279 street lights were classified and 
assigned source type, of which HPS made up 79% of the total number of lights and 
LED 21% (Table 2). The mean location difference between the classified and manually 

Figure 6. Plots of radiance for two areas of overlapping Jilin-1 images. (a – c) Overlapping images 0210 
and 0354 (Table 1). (d – f) Overlapping images 0210 and 069. Mean radiance values were extracted on 
a regular grid of sizes 50 m (a and d), 100 m (b and e) and 200 m (c and f).

Figure 7. Example of Jilin-1 image overlap for images 0210 and 0354. Mean radiance values and the 
difference in mean radiance values between the two images are shown on a 100 m grid. Reds indicate 
areas where image 0354 had higher radiance values compared to image 0210, and blues indicate the 
opposite. Values±144 nanoWatts/cm2/sr (one standard deviation from the mean) are masked out for 
clarity. Insets for areas (1) and (2) show examples of the radiance values for an area of open green 
space and an area of high-rise buildings respectively.
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mapped street lights was 3.8 ± 3.1 m. Examples of the street light classification are 
shown in Figure 10. Point sources of light were clearly identifiable when separated 
by decreasing illumination (Figure 10a, b), whereas localizing LED sources in the 

Figure 8. (a) LED and HPS light source classification. (b – d) Classification examples from each of the 
JL1 image acquisitions covering the north (b), centre (c) and south (d) of Quito. Panels (left to right) for 
(b – d) show the LED and HPS classification, the true colour JL1 image, and the Google Satellite 
Basemap view.

Figure 9. (a) Mean band radiance for the ground truth HPS and LED light sources. (b) Percentage of 
LED lighting by socio-economic classification. (c) Percentage HPS and LED lighting by built-up 
classification year from WSF-Evo, noting that this does not account for redevelopment, for example, 
the retrofitting of LED lighting in earlier built-up time periods (Section 2.5).

Table 2. Lighting type (high-pressure sodium and light emitting diode) 
and street light classification.

Light type Classified area (km2) Classified street light count

HPS 11.4 71,140
LED 32.8 19,139
Total 44.2 90,279
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built-up areas was still possible but with higher emissions, since the illuminated 
coverage was greater and the light source spacing was smaller (e.g. Figure 10c). 
Notably, the mean and standard deviation street light spacing in the training data 
was 31.3 ± 10.2 m for HPS sources and 10.4 ± 4.1 m for LEDs. The latter were confined 
to the historic centre in the manually mapped street lights (Figure S2).

3.3. Spatial trends

3.3.1. Lighting type
The percentage of lighting that was from an LED source was smaller in the Medium low 
(4%) and Low (1%) socio-economic classifications compared to High (19%) and Medium 
high (17%) (Figure 9b). A trend in LED lighting through time was less apparent since LED 
sources were present in all built-up areas 1985–2015; however, the proportion of LED 
lighting increased to over 25% in the last 10 years (Figure 9c). Additionally, LED lighting 
was the most prevalent (39%) in the Industrial commercial and transport unit land cover 
class, which also featured the highest radiance (median = 443 nanoWatts/cm2/sr) 
(Figure 11). The Urban fabric class comprised 11% LED with a median radiance of 313 
nanoWatts/cm2/sr (Figure 11). Other classes contained little illumination.

3.3.2. Illumination
The OSM road network was the dominant source of illumination across the AOI account
ing for 45% of the illuminated pixels (brightness greater than zero) (Figure 12a). Built-up 
areas (WSF-2019) accounted for 23% of the total illumination and a 10 m buffer area 
between the road network and built-up areas also accounted for 23%, meaning that 68% 
of all illuminated pixels were on or within 10 m of a road. The total length and illuminated 
proportion of the road network was lowest for the Medium low and Low socio-economic 

Figure 10. Examples of the street light location classification shown with the validation locations (a – 
c) and the JL1 mean band radiance used for the location classification. (d) Light classification in an area 
of LED lighting at the Municipal Wholesale Market corresponding to Figure 8d.
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classes, in addition to the number of street lights per kilometre of road (Figure 12b). These 
two classes had 19 and 9 street lights per kilometre of road, respectively, compared to 23 
for the High and Medium high classes.

Radiance values reduced with decreasing socio-economic classification for the two 
sampling methods (polygon and gridded (Figure 4)) and for each of the sampling areas 
(all JL1-NT data, built-up areas, and a 10 m road buffer) (Figure 13). The 10 m road buffer 
had the highest radiance values across all classes with median values of 722–948 
nanoWatts/cm2/sr for the High and Medium high classes compared to 0–525 
nanoWatts/cm2/sr for the Low and Medium low classes (Figure 13c,d). In comparison, 

Figure 11. (a) Proportion of HPS and LED lighting in each land cover class for a Sentinel-2 land cover 
classification following the CORINE 2018 classification scheme. (b) Mean radiance values for each land 
cover class. Classes representing less than 5% of the total AOI are grouped into ‘Other’.

Figure 12. (a) Illumination attributed to mutually exclusive classes: built-up areas (WSF 2019), the road 
network (OSM roads), a transitional 10 m buffer between the road network and built-up areas (WSF 
2019 and OSM roads intersection), and other undesignated areas (Other). (b) Illuminated road network 
and street lights per kilometre of road.
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the built-up areas had corresponding values of 273–395 (High and Medium high) and 0– 
208 (Low and Medium low) nanoWatts/cm2/sr respectively (Figure 13b,e).

Designated green space areas showed a similar illumination trend across socio- 
economic classes, with medium and higher classes having the greatest area of designated 
green space and with greatest illumination (Figure 14). Across all designated green 
spaces, the median percentage of illuminated area (brightness greater than zero) was 
25% and 32% for High and Medium high classes compared to 6% and 0% for the Medium 
low and Low classes, respectively (Figure 14b).

4. Discussion

4.1. Using JL1 night-time imagery

Image orthorectification was essential to fully utilize the high-resolution JL1-NT data in 
the complex topography of Quito, especially when comparing multiple acquisitions since 
the light sources and illumination patterns are more dynamic than an equivalent optical 
satellite image for example (Levin et al. 2020). Positional accuracy of our JL1-NT data 
ranged from 5.8 to 8.4 m CE95 (Table 1) following orthorectification. One other study 
reported JL1-NT image georeferencing errors, which ranged from 52 to 63 m using spline 
transformations (Guk and Levin 2020). The lack of reporting of the image processing level 

Figure 13. Mean radiance values within socio-economic classifications. (a – c) Mean radiance values 
sampled by individual socio-economic polygons (e.g. Fig 3 a – c). (d – f) mean radiance values sampled 
with a regular 100 m square grid falling within socio-economic polygons dissolved by class (e.g. Fig 3 
d – f). The plots are derived using all Jilin-1 data (a and d), data masked to WSF-2019 built up areas (b 
and e), and data masked to OpenStreetMap roads with a 10 m (each side) buffer (c and f). Mann- 
Whitney U tests showed that there was a significant difference (p < 0.5) between the radiance in the 
High and Medium high groups compared to the Medium low and Low groups for (a – f).
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(e.g. orthorectified or not) and georeferencing errors in other studies restricts compar
isons. Nonetheless, Guk and Levin (2020) also compared the radiance in an overlapping 
area of two JL1-NT images and found improved correlations using coarser sampling grids. 
Their correlation coefficients (maximum 0.71) were smaller than what we observed (0.89– 
0.94) using the same grid size (100 m), potentially since their acquisitions were separated 
by 3 days with similar acquisition geometries, whereas ours were near simultaneous 
(within 2 min). Guk and Levin (2020) calculated illumination statistics on a 100 m grid, 
which we also used after evaluating the RMSE in two overlapping areas. The maximum 
RMSE we observed was 143 nanoWatts/cm2/sr (Figure 6b), which although notable, was 
smaller than the differences we evaluated with socio-economic and landcover datasets. 
Nonetheless, the differences in observed radiance in the overlapping areas highlight the 
importance of image acquisition geometry and preclude pixel-level comparisons (Figure 
6, 7). The effects of screening and variable illumination sources and directions (e.g. 
Figure 1) also mean that the observed radiance is a function of local geometry that 
cannot be accounted for with a single correction (Levin et al. 2020), although a high- 
resolution DEM incorporating building heights and footprints could offer some insights.

4.2. Light type and street light classification

Several studies have used night-time imagery to classify light source types into HPS 
and LED classes. Zheng et al. (2018) used a workflow including ISODATA clustering, 
manual class merging, and a decision tree classifier, whereas Cheng et al. (2020) used 
a maximum likelihood classifier. We obtained a good classification accuracy (F1 = 0.72– 
0.83) using a shark random forest decision tree approach, which had the benefit of 
computational simplicity and low sensitivity to training data noise since our light types 
were not validated in the field. Our street light classification had an F1-score of 0.71 
with balanced omissions and commissions. Intersecting the street light classification 
with the light type classification revealed a breakdown of 79% (n = 71,140) HPS lights 
and 21% (n = 19,139) LED (Table 2). Independent validation datasets were not avail
able, though the electric utility company Empresa Eléctrica Quito reported 
a breakdown of 92.3% (n = 260,949) HPS, 1.7% (n = 4,738) LED and 6% other public 
light sources for a > 13,000 km2 area incorporating our study area (401 km2) (Galindo, 
Borge-Diez, and Icaza 2022; ARCONEL 2020). Therefore, our study reported a higher 
number of LED sources despite covering a much smaller area. This could be due in 
part to incorrect light type assignment in areas where LED sources dominate from 
buildings, rather than street lights, though is potentially due to the inclusion of non- 
public lighting sources, which we could not distinguish from public sources. This is 
supported by our ground truth dataset of 200 LED street lights in a small area of 
Quito’s historic centre covering 2 km of road. This area had over 45 km of LED-lit 
streets (e.g. Figure 8a, c) and could therefore potentially account for over 4,300 LED 
lights based on our observed 10.4 m mean spacing.

Lighting type is an indicator of infrastructure modernization as HPS sources are 
replaced with energy-efficient LEDs (Pimputkar et al. 2009; Bachanek et al. 2021) 
(Figure 9b). We demonstrated that JL1-NT data provided valuable mapping capabilities 
able to classify and locate street lights; however, the georeferencing uncertainties we 
observed in complex topography (5.8–8.4 m CE95 (Table 1)) may hinder multi-temporal 
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automated monitoring of specific light sources, especially when radiometric calibration 
and atmospheric corrections are not applied (Levin et al. 2020). Nonetheless, the relative 
low cost of the JL1-NT imagery (~$2,500 for our study area) should enable repeat 
acquisitions to monitor changes and improve calibration through time.

4.3. Illumination characteristics

4.3.1. Socio-economic trends
The association between illumination and socio-economic census data that we 
observed across Quito demonstrated that valuable information on inequalities in 
lighting distribution can be quantified using JL1-NT data at a city level. This was 
expected since similar trends were observed using coarse resolution night-time 
imagery (Henderson, Storeygard, and Weil 2011; Elvidge et al. 2012), though demon
strates the potential for more detailed evaluation of smaller areas, such as informal 
settlements. The relationship between lighting distribution and informal settlements 
in the case of Quito is important, as access to this service, like others such as water 
and sewerage, is universal. This implies that informal settlements have the right to 
request electric lighting services, even if they are not part of the city’s territorial 
planning. However, in reality, universal access has limitations related to the manage
ment capacity of Empresa Eléctrica Quito, which is in charge of providing the service. 
Our study was able to evaluate the difference in the level of lighting present in the 
different socio-economic sectors. In the higher socio-economic classes, we observed 
higher proportions of LED lighting (Figure 9b), higher proportions of road network 
lighting and density of street lights (Figure 12b), higher mean radiance for built-up 
areas and the road network (Figure 13), and greater coverage and illumination of 
designated green spaces (Figure 14). The High and Medium high classes accounted 
for a total population of 915,900 people compared to 121,200 for the Medium low 
and Low classes (Table S2) although we did not observe a relationship between 
population and illumination (Figure S3).

The spatial characteristics of the city, such as its topography, layout, and morphology, 
influence the structural conditions of socio-economic inequality, which in turn affect 
levels of insecurity (SSG., Secretaría de Seguridad y Gobernabilidad 2021). This spatial 
reality is in turn reflected in the lighting levels of public space and helps to understand 
the link between lower street lighting coverage and higher levels of socio-economic 
vulnerability (Figure 12b), especially in peripheries and areas of informal expansion 
(Interview AC2). The specific causes and consequences of these trends were not eval
uated in this study, though studies have shown, for example that light accessibility 
promotes economic activity, including the extension of trading hours (Karekezi and 
Majoro 2002; Bouman 1987), and that lighting is associated with reduced social disorder 
and improved perception of safety and was therefore historically more abundant in 
affluent areas (Moran et al. 2022; Clarke 2008; Bouman 1987). However, the potential 
negative effects of ALAN on public health and nature (Keshet-Sitton et al. 2017; Navara 
and Nelson 2007; Hölker et al. 2010) mean that addressing lighting inequalities is 
a complex issue.
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4.3.2. Perceptions of security
Night-time images could be used where violence and the perception of insecurity are 
of concern to citizens (SSG., Secretaría de Seguridad y Gobernabilidad 2021) since this 
is related to a lack of lighting in streets and public spaces. This influences the use of 
certain sectors of cities such as Quito, both spatially (avoiding places with poor 
lighting) and temporally (restriction of walking at night). Some statistics suggest that 
nine out of ten citizens feel unsafe in Quito (Interview E 2023); eight out of ten say 
they have changed their habits for fear of some kind of crime (SSG., Secretaría de 
Seguridad y Gobernabilidad 2021); and seven out of ten feel higher levels of insecurity 
at night (Tapia 2022). Therefore, the demand for public lighting in various sectors of 
Quito is related to security strategies aimed at reducing the perception of fear, 
encouraging the use and appropriation of public spaces, and to dissuade delinquency 
(Interview E 2023).

In Quito, the demands for lighting are channelled to the municipality through the 
neighbourhood safety committees. First, a diagnosis of the hotspots of insecurity is 
carried out in the territory; subsequently, the Secretaria de Seguridad Ciudadana 
y Gobernabilidad makes agreements with Empresa Eléctrica Quito, which grants 
a number of lighting quotas for the sites prioritized by the community (Interview 
E 2023, 2023, 2023). However, in some parts of the city, the lighting of public spaces 
has had adverse effects, such as problems of coexistence related to increased alcohol 
consumption in these areas (Interview E 2023).

4.4. Future applications

The high-resolution of JL1-NT enables analysis at a community level, even when 
degrading the analysis to a 100 m grid to reduce uncertainties. Therefore, the broad 
applications of night-time imagery (Figure 1) make it relevant for addressing a range 
of SDGs (Stokes and Seto 2019; Ivan et al. 2020), especially to provide proxy 
information on development and electrification status in data-poor areas. Urban 
areas are projected to continue to expand in coming decades (Chen et al. 2020; 
Jing and O’Neill 2020). Therefore, future urban growth presents an opportunity to 
modify the spatio-temporal dynamics of ALAN to minimize negative social, environ
mental, and ecological effects (Gaston et al. 2012). Our methodology using JL1-NT 
imagery is transferable to other locations since we used open access datasets with 
near global coverage to process the data (e.g. the GLO-30 DEM) and evaluate spatial 
trends, including the OSM Road network, light source validation data from Google 
Earth and Google Street View, a land cover classification derived using Sentinel-2 
imagery, a built-up area mask from the WSF-2019 dataset, and an urban growth 
classification obtained from the WSF-Evo dataset.

In the case of cities such as Quito, ALAN could become an input to environmental, 
climate action, productive development, and public safety plans. For example, the Plan 
Metropolitano de Ordenamiento Territorial (PMDOT) sees street lighting primarily as an 
infrastructure problem and ALAN is indirectly addressed in the public space management 
and mobility plans (Municipio del Distrito Metropolitano de Quito – MDMQ 2021). In 
terms of urban design, for example, since 2014, Empresa Eléctrica Quito and the Instituto 
Metropolitano de Patrimonio, have promoted a lighting project in the city’s historic 
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centre, in streets, squares and churches, based on aesthetic criteria (enhancement of 
architectural heritage) and energy efficiency (use of LED technology) (e.g. Figure 8c). JL1- 
NT imagery offers city planners a unique tool with the capability to identify individual 
light sources such as street lights, buildings, and recreational spaces. However, since the 
JL1-NT acquisition is for a single point in time, the notable spatial and temporal variation 
in urban lighting cannot be captured. These changes can instead be characterized using 
uncrewed aerial vehicle surveys, although these cover smaller areas and are time inten
sive (Li et al. 2020).

5. Conclusion

In this study, we evaluated the applications of night-time satellite imagery over the 
expanding and topographically complex city of Quito, Ecuador. We orthorectified 
three ~1.5 m resolution multi-spectral night-time acquisitions from the Jilin-1 
Gaofen-03C01 satellite with an accuracy (5.8–8.4 m CE95). We then developed 
a classification to distinguish high-pressure sodium and light emitting diode 
sources (F1-score = 0.72–0.83) using a shark random forest decision tree approach. 
We found that the road network was the dominant source of illumination, account
ing for 45% of illuminated pixels (68% of all illuminated pixels were on or within 
10 m of a road), whereas built-up areas accounted for 23%. Additionally, higher 
socio-economic development was associated with higher proportions of LED light
ing, greater road network lighting and density of street lights, higher overall 
radiance in built-up areas, and greater illumination of designated green spaces. 
Our analysis highlighted the ability of Jilin-1 night-time satellite imagery to map 
and monitor light sources at high-resolution. However, image acquisition geometry, 
local topography, and built-up areas affects the observed radiance and would 
require consideration when evaluating spatial and temporal trends within and 
between study locations.
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