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Abstract 

Abstract: Artificial Light at Night (ALAN) prediction can inform the 

development of strategies to minimise future light pollution and mitigate its 

adverse health, ecological, and environmental impacts. Population growth and 

GDP expansion significantly influence ALAN dynamics. This study quantifies 

changes in light pollution across Türkiye for 2012, 2017, and 2022, and predicts 

and maps potential changes in ALAN for 2027 and 2037 using the MOLUSCE 

plugin (MLP-ANN) in QGIS version 2.18, incorporating population and GDP as 

driving variables. The predicted and observed ALAN maps for 2022 show a 

satisfactory level of agreement, with an overall kappa coefficient of 0.63 and a 

general accuracy of 73.16%. The predicted and observed ALAN maps for 2022 

exhibit an overall kappa coefficient of 0.63 and a general accuracy of 73.16%. 

Based on this validation, potential changes in ALAN according to Bortle classes 

were projected for 2027 and 2037. From 2022 onwards, ALAN intensity in the 

light suburban zone (20.1–19.1 mag/arcsec²) is projected to increase by 

34,792.87 km², while the suburban–urban transition zone (19.1–18 

mag/arcsec²) is expected to expand by 2,979.80 km² by 2037. The predicted 

spatial patterns provide critical insights into future urbanisation trends and 

light pollution dynamics. The contraction of rural areas and expansion of 

suburban zones pose notable risks to environmental sustainability. Gains and 

losses among Bortle classes indicate that ALAN dynamics can be managed 

through spatial planning and that ALAN projections can serve as early-warning 

and scenario-based decision-support tools. Integrating ALAN maps into 

Environmental Impact Assessment (EIA) processes and spatial planning 

policies can help preserve dark-sky areas and mitigate the impacts of light 

pollution. 

Keywords: Artificial Light at Night (ALAN), Bortle Scale, 

Environmental Sustainability, Remote Sensing Ecology 



Nüfus ve GSYİH'ye Dayalı Işık Kirliliğinin 

Projeksiyonu ve Çevresel Etki Tahmini: Türkiye 

Örneği 

Öz 

ALAN (Gece Yapay Işık) tahmini, gelecekte ışık kirliliğini en aza indirmeye ve 

ışık kirliliğinin sağlık, ekolojik ve çevresel zararlarını azaltmaya yönelik 

stratejilerin geliştirilmesine katkıda bulunabilir. Nüfus ve GSYİH büyümesi, 

ALAN dinamikleri üzerinde önemli bir etkiye sahiptir. Bu çalışma, Türkiye’de 

ışık kirliliğindeki değişimleri 2012, 2017 ve 2022 yılları için ortaya koymayı; 

QGIS 2.18 yazılımında yer alan MOLUSCE eklentisi (MLP-ANN) ile nüfus ve 

GSYİH değişkenlerini kullanarak 2027 ve 2037 yıllarına yönelik olası ışık 

kirliliği değişimlerini tahmin etmeyi ve haritalamayı amaçlamaktadır. 2022 
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yılına ait tahmini ve gerçek ALAN haritaları, 0.63’lük toplam kappa katsayısı ve %73.16’lık genel doğruluk değerine 

sahiptir. Bu doğrulama sonuçlarının ardından, 2027 ve 2037 yılları için Bortle sınıflarına göre ALAN’daki olası 

değişimler tahmin edilmiştir. 2022'den itibaren, hafif banliyö bölgesindeki (20.1-19.1) ALAN yükü 34792.87 km² 

artacak ve banliyö/kentsel geçiş bölgesindeki (19.1-18) ALAN yükü 2037 yılına kadar 2979.80 km² artacaktır. Tahmin 

edilen mekânsal değişimler, kentleşme ve ışık kirliliği dinamiklerinin gelecekteki eğilimlerine ilişkin önemli ipuçları 

sunmaktadır. Kırsal alanların daralması ve banliyölerin genişlemesi, çevresel sürdürülebilirlik açısından dikkat çekici 

riskler oluşturmaktadır. Borthle sınıfları arasındaki kayıp ve kazanımlar, ALAN dinamiklerinin planlama yoluyla 

yönlendirilebilir olduğunu ve ALAN projeksiyonlarının erken uyarı ve senaryo temelli bir karar destek aracı olarak 

kullanılabileceğini göstermektedir. Bu kapsamda, ALAN haritalarının ÇED süreçleri ve mekânsal planlama 

politikalarına entegre edilmesi, karanlık gökyüzü alanlarının korunmasına ve ışık kirliliğinin olumsuz etkilerinin 

azaltılmasına katkı sağlayacaktır. 

Anahtar kelimeler: Gece Yapay Işık (ALAN), Bortle Ölçeği, Çevresel Sürdürülebilirlik, Uzaktan Algılama 

Ekoloji 

 

1. Introduction  

Light pollution is not only a problem that limits the visibility of the night sky, but also has a 
variety of negative effects on the environment and living organisms. This phenomenon, which is 
increasingly influenced by urbanization and industrialization, negatively affects ecological systems [1], 
wildlife behavior patterns [2], human health [3], and environmental processes on a larger scale [4]. 

One of the most obvious effects of light pollution is the disruption of the natural behavioral 
rhythms of flora and fauna [5]. It is scientifically proven that artificial light disrupts the circadian 
rhythms of nocturnal organisms, leading to changes in feeding, mating and migration behavior [5]; [6]. 
These disruptions negatively impact nocturnal pollinators, which threaten ecosystem health and play 
a critical role in agricultural productivity [7]. At the same time, artificial light has been observed to 
reduce predator-prey interactions [8] and disrupt the ecological balance [7]. In aquatic ecosystems, 
ALAN (Artificial Light At Night) complicates the dynamics between species within the habitat by 
affecting the behavioral responses of aquatic organisms [9]. It also poses a potential threat to molluscs 
[10]. 

The impact of light pollution on human health is also important. High levels of artificial lighting 
suppress melatonin production and cause sleep disturbances, anxiety and other emotional disorders 
[3]; [11]; [12]; [13]. However, chronic sleep disturbances have been shown to be associated with 
obesity, diabetes, cardiovascular disease [14] and certain cancers [12]; [15]; [16]. 

From an environmental perspective, light pollution reduces biodiversity and leads to a 
deterioration of ecosystem services [6]; [17]; [18]. Increased artificial brightness alters the natural 
habitats of various species and reduces their reproductive success. For example, many plants rely on 
certain light stimuli to flower and reproduce, while animals rely on darkness to protect themselves 
from predators [6]; [19]. In addition, insects, which are essential for agricultural productivity, become 
less active in bright environments, which can have a negative impact on agricultural production [18]. 

The relationship between light pollution and socio-economic factors is also striking. Artificial 
light exposure increases in areas with denser population and economic activities. Industrial and 
urbanized areas have the greatest problems with light pollution, especially at night [20]. Studies have 
shown that light pollution has a strong correlation with population (R2=0.85) and GDP (R2=0.84) 
(Aksaker et al., 2020) [21]. 

Public awareness of the health and environmental risks of light pollution is insufficient, which 
often leads to the negative consequences of light pollution being underestimated [13]; [16]. In this 
context, recognizing light pollution and raising awareness are crucial. Light pollution can be detected 
by ground-based and satellite-based measurements [22]. Satellite remote sensing data provides more 
holistic information as it covers large geographical areas. The Molusce plugin and Bortle classification 



 Projection of Light Pollution and Environmental Impact Estimation Based on Population and GDP: The Case of Türkiye 

 

|261| 

E
rc

iy
es

 U
n

iv
er

si
ty

 J
o

u
rn

al
 o

f 
In

st
it

u
e 

O
f 

Sc
ie

n
ce

 a
n

d
 

T
ec

h
n

o
lo

gy
 

4
2

(1
),

 2
0

2
6

 
C

C
: B

Y
-N

D
-N

C
 

were used for the first time in the temporal and spatial analysis of light pollution in Italy [23]. 

This study aims to estimate the changes in light pollution in Turkey for the years 2027 and 2037 
by using thematic ALAN layers divided into Bortle classes, GDP (Gross domestic product) and 
population density maps and the MOLUSCE plugin. This approach provides an innovative methodology 
that combines spatial analysis and modeling techniques to predict the future trajectory of light 
pollution. 

2.  Material and method 

2.1 Study area 

Turkey lies between 36–42° north latitude and 26–45° east longitude. 3% of the country's total 
area is on the European continent (Thrace), while the rest is on the Asian continent (Anatolia) (see 
Figure 1). With a total area of 783.568 km², Turkey is one of the most populous countries in Europe 
with a population of around 85.33 million people. The average population density per square 
kilometer is around 111 people, and the annual population growth rate is given as 0.11% (TurkStat). 
In terms of total GDP, Turkey ranks sixth in the European Union [24]. According to the World Bank, 
Turkey is ranked 17th in the world economy [25]. In addition, the total amount of energy released into 
space by Turkey increased by 80% in 2019 compared to 2012 [26]. 

 

 

Figure 1 Turkey's location in the world and the 2022 ALAN map. 

2.2 Moluse plugin 

MOLUSCE (Land Use Change Assessment Modules) is an innovative plugin developed for QGIS 
that can be used to estimate potential land cover changes. This tool, based on the Cellular Automata 
(CA) model, includes a transition probability matrix that is widely used by researchers [27];[28]. 
MOLUSCE supports four different algorithms: Multilayer Perceptron Artificial Neural Networks (MLP-
ANN), Logistic Regression (LR), Multicriteria Evaluation (MCE) and Weight of Evidence (WoE). 
MOLUSCE was developed based on the CA-ANN model and contributes to the prediction of future land 
use scenarios by analyzing raster data on a pixel basis [29]; [30]; [31]. This model helps to determine 
spatial change processes by evaluating the initial data, the influence of neighboring cells and transition 
probabilities. 

2.3 Data and Criteria 

The datasets of the study include gross domestic product (GDP), population, and two thematic 
ALAN maps for the years 2017 and 2022. The ALAN maps were created using the thematic VNL annual 
layers of the Day-Night Band (DNB) of the Visible and Infrared Imaging Suite (VIIRS) 
(https://eogdata.mines.edu/products/vnl/). The population and GDP data are taken from the Turkish 
Statistical Institute datasets (https://www.tuik.gov.tr/). Detailed information on the source of the 
datasets can be found in Table 1. 
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Table 1 Source of the dataset maps. 

Data Criteria ALAN 
simulation 

Year Description Source Data 
format 

Light 
pollution 

ALAN Input maps 2012-
2017-
2022 

NOAA-
SUOMI-NPP-
VIIRS/DNB 
spatial 
resolution 
750 m 

https://eogdata.mines.edu
/products/vnl/   

.tif 

Population Population 
density 

Special 
variable 
maps 

2024 Address 
Based 
Population 
Registration 
System 

https://data.tuik.gov.tr/ 
 
Turkish Statistical Institute 

.xls to 

.tif 

GDP GDP 
density 

Special 
variable 
maps 

2023 Gross 
Domestic 
Product by 
Province 

https://data.tuik.gov.tr/ 
Turkish Statistical Institute 

.xls to 

.tif 

To increase the accuracy of future projections, special variable maps can be used which are 
highly correlated with light pollution. Various studies have shown that GDP and population are closely 
linked to light pollution [6]; [32]. In this study, in addition to the three thematic area maps, GDP and 
population density maps were also created and included in the analysis process. The downloaded 
VIIRS/DNB maps were converted from nW/cm²/sr to magnitude/arcsecond² using the ArcGIS 10.8 
infrastructure and basic formulas (see [33]). The converted thematic levels were classified according 
to the Bortle scale. Population and GDP data were downloaded in Excel format and linked to the GADM 
provincial map of the study area. Density maps were created with the ArcGIS Kernel Density Tool using 
provincial data values, and these data were converted to a classified raster format. Finally, all thematic 
maps were resized to the same cell size and prepared for analysis using the Molusce plugin in Quantum 
GIS 2.18. 

2.4 Methods 

The MOLUSCE plugin in Quantum GIS (QGIS) 2.18 uses the MLP-ANN learning process to predict 
changes in the input raster maps in the CA model and assess transition probabilities. The plugin 
performs future projections according to the procedure listed below [34]. The pixel-based model of 
MOLUSCE is based on the principle that each pixel is considered as an independent land unit in the 
raster data. This approach makes it possible to analyze spatial relationships and examine changes in 
land use at the local level in detail [35]. The flow chart of the study is presented in Figure 2. 

 

Figure 2 Flowchart of the methodology. 

https://data.tuik.gov.tr/
https://data.tuik.gov.tr/
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2.4.1 Inputs 

In the first stage of the model, area maps are used for the initial year 2012 and the final year 
2017. Population and GDP can be included as spatial variables in the model [36]; [37]. These factors 
are used to create a change map to analyze the patterns of change that occurred in the study area 
between 2012 and 2017 ( see Figure 3). The descriptive maps are created in the same raster format 
in all datasets and extracted with the WGS 1984 geographic projection system with a pixel resolution 
of 50 meters. In the creation of the population and GDP density layers across Turkey, the city 
boundaries and total area are digitized from the GADM dataset, and the provincial population and GDP 
data are integrated and processed with the Kernel Density tool of ArcGIS Desktop 10.4.1 to convert 
them into density maps. 

 

Figure 3 Explanatory maps: GDP density and population density. 

The MLP-ANN plugin is used to determine the change in area [38]; [39]. This plugin calculates 
the annual rate of area change over the selected period. MOLUSCE makes it possible to accurately 
determine the transitions between Bortle classes over time using a pixel-based method. The model 
generates transition probability matrices to predict future land cover changes by linking them to input 
parameters [40]; [41]. The transition probability matrix expresses the pixel rates of transformation 
from one class to another. In addition, thematic maps are created to reflect the changes in demographic 
and economic factors such as population and GDP between 2017 and 2022. Based on the current 
territorial patterns and change trends, spatial processes affecting thematic layers are modeled [42]. 

The study predicts the changes that will occur in the ALAN depending on the changes in the 
Bortle classes in 2027 and 2037 using classified raster images of the years 2017 and 2022 and 2017 
and 2027. 

2.4.2 Evaluation of the correlation 

The MOLUSCE plugin uses common analysis methods such as Pearson correlation, Cramer 
coefficient and mutual information uncertainty to evaluate the relationship between raster maps and 
geographic variables [34]. The Cramer V coefficient quantifies this relationship with values between 0 
and 1; a value of 1 indicates a strong association between raster maps and spatial determinants, while 
0 indicates no relationship. Although these values do not provide definitive results, they give an 
impression of the applicability of transition potential modeling. In general, variables with a value 
above 0.1 are considered important for the assessment of transition potential [43]. 

2.4.3 Change area 

This method uses thematic layers determined for the start and end year to calculate pixel-based 
changes over the relevant period and presents the results in the form of raster units, square kilometers 
and hectares [29]; [44]. The study used the ALAN maps for the years 2017-2022 and 2017-2027 as 
input data and calculated the area changes for these periods (see Tables 5 and 6). 

2.4.4 Modeling the transition potential 

The application is capable of using various methods such as MLP-ANN, Weights of Evidence 
(WoE), Logistic Regression (LR), and Multi-Criteria Evaluation (MCE) in the creation of potential 
transition maps [38]; [45]; [46]. In this study, the MLP-ANN method, which is widely preferred in the 
literature [28]; [47], was used to predict the ALAN map for the year 2022. The prediction accuracy and 
reliability of the MOLUSCE model can be verified using statistical methods such as kappa statistics and 
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confusion matrices [41]. In the study, the kappa coefficient was used to determine the accuracy of the 
ALAN maps generated. 

2.4.5 MLP-ANN 

In the MOLUSCE application, the ALAN dataset can be effectively modeled with the combination 
of artificial neural networks (multilayer perceptron, MLP) and fuzzy logic techniques. The MLP model 
is a powerful method for pattern recognition and contributes to a better understanding of 
environmental changes. Supported by the application of the Markov chain, MLP can effectively analyze 
the changes that occur in the input maps [48]. Artificial neural networks (ANN) determine their 
usability by assigning values between 0 and 1 to the input maps using the fuzzy logic approach [28]. 
The basic elements of ANN are the interactions between interconnected neurons and the weight 
changes in these connections [49]. In this study, the following parameters were set for the estimation 
of ALAN maps: 1.000 iterations, 0.06 impulse value, 1-unit neighborhood, 0.001 learning rate, and 10 
hidden layers [45]; [50]; [51]. 

2.4.6 Validation 

The kappa coefficient is an important statistical indicator that evaluates the degree of agreement 
of the predicted results with the real maps and gives an impression of the accuracy of the modeling 
process. This coefficient is a widely used method for measuring the similarity between the observed 
and predicted classifications. In the study, a forecast map for 2022 was created on the basis of the real 
ALAN maps from 2012 and 2017. The accuracy of this map was analyzed using the kappa coefficient 
by comparing it with the real map of 2022. The kappa coefficient was calculated using the formula 
given below [52]; [53]. 

 

𝐾𝑎𝑝𝑝𝑎 =
𝑝0−𝑝𝑒

1−𝑝𝑒
                                         (1) 

Here, 𝑝0 represents the observed compliance rate and 𝑝𝑒 represents the expected compliance rate. 

𝑝0 = ∑ 𝑝𝑖𝑗
𝑐
𝑖=1             (2) 

𝑝𝑒 = ∑ 𝑝𝑖 𝑇𝑝𝑇𝑗
𝑐
𝑖=1            (3) 

Where 𝑝𝑖𝑗 is the ratio of the cell in the i-th row and j-th column of the contingency table. 𝑝𝑖  𝑇 is 

the sum of all cells in the i-th row of the contingency table. 𝑝𝑇𝑗  is the sum of all cells in the j-th column 

of the contingency table. c is the number of grid categories, i.e. the total number of different categories 
classified or evaluated. 

The contingency table is used to determine the relationships between two variables and to 
evaluate the classification performance. In this study, each cell in the matrix numerically expresses 
how the raters agree or disagree on a particular category. Thus, it shows the agreement or differences 
in the evaluation criteria for each category [30]. 

To estimate the ALAN change map 2022, two spatial variables were combined and maps were 
simulated in which the factors of the spatial variables were integrated. 

The analysis showed that the maximum kappa value of 0.63 and the maximum degree of 
accuracy of 73.16% were achieved for the combinations of population density, GDP density, and ALAN 
maps (see Figure 4). The maximum kappa value obtained was accepted as a good accuracy value in 
many studies [31]; [54]. Therefore, it was concluded that this combination has a satisfactory effect on 
the prediction of the classified ALAN maps. Subsequently, the ALAN map for 2027 and 2037 was 
predicted using the ALAN maps of 2017 and 2022 with the same combinations of spatial variables. 
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Figure 4 Validation diagram between the observed 2022 ALAN map and the projected 2022 ALAN 
map. 

2.5 Bortle Scale 

The Bortle scale is an important astronomical measure that allows astronomers and astronomy 
enthusiasts to classify the night sky by its brightness and assess the suitability of the regions they will 
observe. This scale, first developed by John E. Bortle [55], consists of nine different levels, ranging from 
Class 1 (perfectly dark sky) to Class 9 (urban sky with heavy light pollution) [56]. 

This classification is based on observation criteria such as the Naked Eye Limiting Magnitude 
(NELM) for measuring the brightness of the night sky [57]. In a Class 1 region, observers can see stars 
up to a magnitude of +8 with the naked eye, while in urban areas, referred to as Class 8 and 9, visibility 
is severely limited by intense artificial light [57].  

The Molusce plugin performs spatial analysis by focusing on pixel changes between classified 
thematic layers. In this study, the ALAN classes were created with reference to the Bortle scale, and all 
maps were categorized and colored according to the class boundaries in the Bortle scale (see Table 
2). 

The 2022 ALAN dataset contains 8 Bortle classes between 22.88-15.2 magnitude/arcsecond2, 
the 2017 ALAN dataset contains 6 Bortle classes between 21.48-15.34 magnitude/ arcsecond2 and the 
2017 ALAN dataset contains 5 Bortle classes between 21.11-15.31 magnitude/ arcsecond2. The Bortle 
classes between 22.88-20.8 magnitude/ arcsecond2 in the 2022 ALAN dataset and the Bortle classes 
between 21.11-20.8 magnitude/ arcsecond2 in the 2017 ALAN dataset were merged and reduced to a 
single class (rural/suburban transition). While this process neglects the analysis of Bortle classes lost 
between 2012 and 2022, it allows Molusce to make more effective predictions for the future as all input 
datasets are characterized by the same number of classes (5 classes). 

Table 2 Bortle Class and Sky Brightness Table. 

Color Bortle  Sky Brightness Sky Class 

Magnitude Class Mag/Arcsecond2  
  1 >21.9 Perfect (Excellent) sky 

  2 21.9-21.5 Typical dark sky 

  3 21.5-21.3 Rural sky 

  4 21.3-20.8 Rural/suburban transition 

  4.5 20.8-20.1 Suburban 

  5 20.1-19.1 Light(Bright) suburban 

  6.7 19.1-18 Suburban/urban transition 

  8.9 <18 City Sky 
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3. Results and discussion 

Table 3 shows the probability matrix of change in ALAN classes from 2012 to 2017. The values 
in the table range from 0 to 1, with values closer to 1 representing larger changes. However, the 
diagonal cells are an exception, showing no change because they are in the same class. 

Table 3 Changes in the ALAN probability matrix between 2012 and 2017. 

Year 2017 

2012 

Sky Brightness 
 Mag/Arcsec2 

21.3-20.8 20.8-20.1 20.1-19.1 19.1-18 <18 

21.3-20.8 0.602909 0.381680 0.014652 0.000688 0.000071 

20.8-20.1 0.011180 0.449557 0.526550 0.011539 0.001173 

20.1-19.1 0.003774 0.044276 0.697345 0.246886 0.007720 

19.1-18 0.001593 0.006155 0.053793 0.727327 0.211133 

<18 0.000214 0.000444 0.001545 0.041356 0.956442 

The change trend of ALAN from 2012 to 2022 is shown in Table 4 and Table 5 shows the ALAN 
analysis for each of the five years. Figure 5 shows the spatial change of ALAN from 2012 to 2022. In 
2012, the (21.3-20.8) Rural/Suburban transition class accounted for 78.26% of the total area, followed 
by (20.8-20.1) Suburban 11.79%, (20.1-19.1) Light Suburban 6.62%, (19.1-18) Suburban/ Urban 
transition 2.04%, (<18) City Sky 1.3%. It was found that the trend for all ALAN classes changed 
between 2012, 2017, and 2022. Compared to 2012, in 2022, (21.3-20.8) Rural/Suburban Transition 
decreased by 58.8%, while (20.8-20.1) Suburban, (20.1-19.1) Light Suburban, (19.1-18) Suburban/ 
Urban Transition, and (<18) City Sky increased by 45.08%, 10.3%, 2.62%, and 0.82%, respectively. 
This change in the classes of light pollution is related to many anthropogenic, atmospheric changes, 
and the main reason for this is the increase in population by 13.03% and the increase in GDP per capita 
by %833 in TL in Turkey 1 from 2012 to 2022. These values reveal that the spatial reflection of 
economic growth accelerates the transformation of ALAN classes through more intense lighting and 
suburbanisation. Furthermore, the significant change in Rural/Suburban Transition areas between 
2012 and 2022 (21.3–20.8) is of a scale that cannot be explained solely by natural urbanisation 
dynamics and can be associated with the administrative inclusion of rural areas into the urban system 
by Law No. 6360 [58]. Indeed, the examples of Samsun and Konya show that the transformation of 
villages into neighbourhood status accelerates the "forced urbanisation" process by effectively 
opening rural spaces to urban use [59]. 

Table 4 Analysis of ALAN from 2012 to 2022. % indicates what percentage of the total surface area of 
the classroom it covers. 

Sky Brightness  2012  % 2017  % 2022  % 

Mag/Arcsec2 km2  km2  km2  

21.3-20.8 624228.17 78.26 375832.07 47.11 155078.47 19.44 

20.8-20.1 94066.20 11.79 285582.04 35.80 453618.51 56.87 

20.1-19.1 52776.77 6.62 96110.35 12.05 134981.15 16.92 

19.1-18 16265.64 2.04 26286.41 3.30 37152.83 4.66 

<18 10333.12 1.30 13895.85 1.74 16875.19 2.12 

 

 

 
1 https://data.tuik.gov.tr/ 

https://data.tuik.gov.tr/
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Table 5 ALAN analysis for each of the five years from 2012 to 2022. 

Sky Brightness              2012-2017          2017-2022 

Mag/Arcsec2 km2 % Changes km2 % Changes 

21.3-20.8 -248396.10 -31.14 -220753.60 -27.67 

20.8-20.1 191515.83 24.01 168036.47 21.06 

20.1-19.1 43333.57 5.43 38870.81 4.87 

19.1-18 10020.77 1.26 10866.42 1.36 

<18 3562.72 0.45 2979.34 0.37 

Table 5 shows that the increase in suburban (20.8–20.1) areas (168,036 km²) during the 2017–2022 
period maintained its momentum from the previous period. This trend can be attributed to reverse 
migration during the pandemic [60] and the shift towards low-density settlements after the 
earthquake [61]; [62], in addition to structural urbanisation dynamics. Thus, we believe that 
suburbanisation has accelerated under the influence of forced spatial mobility. 

 

 

Figure 5 maps of the ALAN for the years 2012, 2017, 2022. 

Table 6 shows the changes in the ALAN categories between 2022 and 2027. It can be seen that 
the Light Suburban (20.1-19.1) and Suburban/Urban Transition (19.1-18) classes can increase by 
26209.79 km2and 19.33 km2 respectively, while the Rural/Suburban Transition (21.3-20.8), Suburban 
(20.8-20.1) and City Sky (<18) classes can decrease by 961.42 km2, 25260.94 km2 and 6.75 km2 
respectively. In addition, the changes in the classified ALAN classes are analyzed as a percentage of the 
total area of the study area boundaries. Positive values indicate that the ALAN class has improved, 
while negative values indicate a deterioration of the class. 

Table 6 Distribution of ALAN categories between 2022 and 2027. 

Sky Brightness  2022 2027 Change  Area in %  Area in %  Percentage change  

Mag/Arcsec2 (km2) (km2) (km2) 2022 2027 (2022–2027) 

21.3-20.8 155078.47 154117.05 -961.42 19.44 19.32 -0.12 

20.8-20.1 453618.51 428357.56 -25260.94 56.87 53.70 -3.17 

20.1-19.1 134981.15 161190.94 26209.79 16.92 20.21 3.29 

19.1-18 37152.83 37172.16 19.33 4.66 4.66 0.00 

<18 16875.19 16868.44 -6.75 2.12 2.11 0.00 
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Table 7 shows how the ALAN classification could change between 2022 and 2037. By 2037, an 
increase in the area of influence of 34792.87 km2 and 2979.80 km2 is observed for the light suburban 
(20.1-19.1) and transitional Suburban/Urban (19.1-18) categories, respectively. A decrease in impact 
of 5408.84 km2, 32076.01 km2 and 287.83 km2 is projected for the rural/suburban transition (21.3-
20.8), suburban (20.8-20.1) and City Sky (<18), respectively. Figure 6 shows the expected ALAN 
changes in 2027 and 2037. 

Table 7 Distribution of ALAN categories between 2022 and 2037. 

Sky Brightness  2022 2037 Change  Area in %  Area in %  Percentage change  

Mag/Arcsec2 (km2) (km2) (km2) 2022 2037 (2022–2037) 

21.3-20.8 155078.47 149669.63 -5408.84 19.44 18.76 -0.68 

20.8-20.1 453618.51 421542.50 -32076.01 56.87 52.84 -4.02 

20.1-19.1 134981.15 169774.02 34792.87 16.92 21.28 4.36 

19.1-18 37152.83 40132.63 2979.80 4.66 5.03 0.37 
<18 16875.19 16587.36 -287.83 2.12 2.08 -0.04 

 

 

Figure 6 Projected ALAN maps for 2027 and 2037. 

Between 2022 and 2037, the percentage difference in ALAN classes decreased by 0.68% for 
Rural/Suburban Transition (21.3-20.8), by 4.02% for Suburban (20.8-20.1), and by 0.04% for City Sky 
(<18), while the other categories of Light Suburban (20.1-19.1) and Suburban/Urban Transition (19.1-
18) increased by 4.36% and 0.37%, respectively. The analysis showed that the loss of area in one class 
led to an increase in area in another class and that the percentage area gains and losses by class 
transition were balanced. 

Tables 4 and 7 show that suburban areas (20.8–20.1) increased by 45.08% during the 2012–
2022 period, and that the light suburban class is projected to expand by 34,792 km² by 2037. This 
trend aligns with the leapfrog development model observed in cities such as Ankara, Konya, and 
Samsun [58];[59]; [63]; [64]; [65], and indicates that suburban classes are growing faster than urban 
cores, with new settlements and lighting centres forming on city outskirts. 

Table 7 predicts a contraction in the “City Sky” (<18) class and that suburbanisation will become 
the dominant spatial form by 2037. This prediction is consistent with TÜİK population projections, 
population momentum2, and the economic pressure on city centres [66]. We suggest that the 
approximately 34,000 km² increase in suburban areas, driven by population displacement to lower-
cost suburban zones on the periphery, could be a spatial reflection of demographic and economic 
congestion. 

Most studies investigating the effects of ALAN on ecosystems have focused on impacts at the 
level of individual organisms. These studies encompass a wide range of biological responses, including 
gene expression, physiology, feeding behavior, diel activity patterns, migration, and reproductive 
behaviors [67]. For example, one experimental study demonstrated that exposure to artificial light acts 
as a stressor that alters gene expression levels in mice [68]. In another study, it was shown that by 
disrupting natural light regimes, masking natural environmental cues, and providing misleading 

 
2  https://data.tuik.gov.tr/Bulten/Index?p=Nufus-Projeksiyonlari-2023-2100-53699 

https://data.tuik.gov.tr/Bulten/Index?p=Nufus-Projeksiyonlari-2023-2100-53699
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information, ALAN can impair visual perception and biological rhythms, thereby altering the natural 
behaviors and activity patterns of nocturnal insects [69]. 

These data show that, as a natural consequence of the urbanization process, more and more 
rural areas are gradually becoming more densely populated. In the course of urban sprawl, suburban 
areas gain space from rural areas, while dense suburbs become City Skys. As a result, the class 
transitions even out and the total area lost reappears as area gained in another category. This trend 
can provide urban planners with important data for the development of sustainable growth strategies. 

3.1 Solution 

The estimation of ALAN can contribute to the development of strategies to minimize light 
pollution in the future. MLP-ANN was used to simulate and predict classified ALAN maps in Turkey. 
Two spatial variable factors, namely population and GDP density, had a significant impact on the 
estimation and simulation process of the country's ALAN maps. The kappa value of 0.63 indicates the 
highest degree of accuracy between the actual and predicted ALAN maps of 2022. 

The ALAN maps for 2027 and 2037 were created based on the ALAN maps for 2012 and 2017 
using the combinations of spatial variable factors. From 2022, the ALAN burden in the slightly 
suburban region (20.1-19.1) will increase by 34792.87 km², and the ALAN burden in the 
suburban/Urban transition region (19.1-18) will increase by 2979.80 km² by 2037. In the 
rural/suburban transition (21.3-20.8), suburban (20.8-20.1), and city center (<18) categories, the 
impact is predicted to decrease by 5408.84 km2, 32076.01 km2, and 287.83 km2 respectively. The 
projected spatial changes provide important indications of how urbanization and the dynamics of light 
pollution will develop in the future. In particular, the shrinking of rural areas and the expansion of 
suburbs pose considerable risks to environmental sustainability. 

3.1.1 Expected environmental impact 

The observed shrinkage of the Rural/Suburban Transition class (21.3–20.8) is likely to reflect 
the progressive conversion of rural landscapes into residential and semi-urban land uses. This 
transformation may result in the loss of agricultural land, leading to reduced food production capacity 
and increased pressure on remaining arable areas. In addition to economic consequences for rural 
communities, the decline in agricultural land may also disrupt ecosystem services such as soil fertility, 
water regulation, and carbon sequestration, thereby negatively affecting biodiversity and landscape 
sustainability. 

The continued expansion of suburban areas, particularly within the light suburban and 
suburban/urban transition classes, is expected to intensify habitat fragmentation across forested and 
semi-natural environments. Habitat fragmentation can reduce habitat connectivity, limit species 
dispersal, and increase edge effects, ultimately leading to population declines in sensitive species. Such 
changes may alter trophic interactions, reduce genetic diversity, and compromise the long-term 
resilience of local ecosystems, posing significant threats to native flora and fauna. 

Urban sprawl associated with suburban expansion is also expected to influence transportation 
patterns and energy consumption. Reduced accessibility to public transportation systems and 
increased dependence on private vehicles may lead to higher fossil fuel consumption, elevated 
greenhouse gas emissions, and intensified contributions to climate change. Furthermore, the 
conversion of vegetated and permeable surfaces into built-up areas is likely to exacerbate the loss of 
green spaces, resulting in diminished air quality, reduced carbon uptake, and increased surface and air 
temperatures. These changes may intensify the urban heat island effect, elevate energy demand for 
cooling, and adversely affect both environmental quality and human well-being. 

Collectively, these processes highlight the potential for long-term environmental degradation 
driven by land-use transitions, emphasizing the need for sustainable spatial planning strategies that 
balance urban development with the conservation of agricultural lands, natural habitats, and 
ecosystem services. 
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3.1.2 Proposed solutions 

Compact and sustainable urban planning should be pursued, and multi-story, densely populated 
areas should be encouraged instead of irregular suburbanization. Cities should be expanded by 
creating green corridors and ecological connections. 

Special protection zones should be established to protect agricultural and forest areas and 
development in these areas should be restricted. The public transport infrastructure should be 
strengthened and new suburban areas should be integrated into the public transport system.  

Dependence on private transport should be reduced, and energy-efficient lighting technologies 
(e.g., low-spectral impact and directional LED systems) should be made mandatory. 

Special protection zones should be established to limit the ecological impact of the ALAN, restrict 
lighting standards in rural areas, and implement planning decisions that preserve rural character. 

The inter-class land losses and gains identified in the study demonstrate that ALAN dynamics 
can be managed through planning, and show that ALAN projections can serve as an early warning and 
scenario-based decision support tool for planning authorities. In this context, it is recommended that 
ALAN maps be integrated into environmental impact assessment (EIA) processes, master plans, and 
regional development strategies. This recommendation can help ensure the preservation of areas that 
maintain dark-sky conditions (21.3–20.8 mag/arcsec²) for future generations and mitigate the adverse 
impacts of ALAN. 

3.1.3 Limitations of the Model  

MOLUSCE, due to its simulation logic based solely on integer multiples of time differences 
between two dates, cannot represent continuity in the intervening years and, because its structure is 
based on past trends, cannot predict sudden breaks that may occur in the future, such as rapid 
economic changes, planning interventions, or disasters [70];[71].  

Furthermore, as this study represents the dynamics of artificial light distribution only through 
macro-scale drivers such as population growth and GDP per capita, multidimensional factors 
influencing artificial light distribution (such as planning policies, infrastructure, technological changes, 
and local astrometeorological and atmospheric conditions) are excluded from the model's scope. 
Future research should enhance the explanatory power and spatial sensitivity of artificial light 
distribution by integrating these variables into a multi-criteria or hybrid modelling framework. 

4. Conclusion 

• The estimation and simulation of ALAN using MLP-ANN models, based on spatial factors such 
as population and GDP density, can provide valuable insights for urban planning and light 
pollution management. 

• The kappa accuracy value of 0.63 and an overall accuracy rate of 73.16% between actual and 
predicted ALAN maps for 2022 demonstrate the model's reliability. 

• The 2037 projections reveal that ALAN exposure will increase in suburban zones and decrease 
in rural and city center areas, indicating urban sprawl, rural shrinkage, and growing risks to 
environmental sustainability. 

• The transformation of rural areas and suburban expansion may lead to agricultural loss, 
habitat fragmentation, and a decline in biodiversity. 

• Current evidence indicates that light pollution has become an increasingly urgent 
environmental issue threatening ecological security. Given the practical indispensability of 
ALAN, it is recommended that strategies be developed to minimize its adverse effects on 
ecosystems. 

• In particular, the spatial deployment of ALAN should be planned in accordance with ecological 



 Projection of Light Pollution and Environmental Impact Estimation Based on Population and GDP: The Case of Türkiye 

 

|271| 

E
rc

iy
es

 U
n

iv
er

si
ty

 J
o

u
rn

al
 o

f 
In

st
it

u
e 

O
f 

Sc
ie

n
ce

 a
n

d
 

T
ec

h
n

o
lo

gy
 

4
2

(1
),

 2
0

2
6

 
C

C
: B

Y
-N

D
-N

C
 

sensitivities, while limitations on light intensity, duration, and spectral composition, along with 
the implementation of effective regulatory and monitoring frameworks, are essential for 
mitigating the ecological impacts of light pollution. 

• The inter-class land losses and gains identified in the study demonstrate that ALAN dynamics 
can be managed through planning, and show that ALAN projections can serve as an early warning 
and scenario-based decision support tool for planning authorities. 

• In this context, it is recommended that ALAN maps be integrated into environmental impact 
assessment (EIA) processes, master plans, and regional development strategies. This 
recommendation can help ensure the preservation of areas that maintain dark-sky conditions 
(21.3–20.8 mag/arcsec²) for future generations and mitigate the adverse impacts of ALAN. 
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