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Abstract 

The purpose of this paper is to model electricity consumption using Artificial Neural Networks (ANN). Total 

electricity consumption and consumption generated by households (HH) were modeled. The input variables of the 

ANN were based on nighttime light images from VIIRS DNB. Studies conducted thus far have covered mainly linear 

models. Most of case studies focused on single countries or groups of countries with only few focusing on the sub-

national scale. This paper is pioneering in covering an area of Poland (Central Europe) at NUTS-2 level. The use of 

ANN enabled the modeling of the non-linear relations associated with the complex structure of electricity demand. 

Satellite data were collected for the period 2013–2016, and included images with improved quality (inter alia higher 

resolution), compared to the DMSP/OLS program. As images are available from April 2012 onwards, it is only 

recently that their number has become sufficient for ANN learning. The images were used to create models of 

multilayer perceptrons. The results achieved by ANN were compared with the results obtained using linear 

regressions. Studies have confirmed that electricity consumption can be determined with higher precision by the ANN 

method. 
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1. Introduction 

Electricity is a fundamental determinant of quality of 

life in modern society. Sustainable development in the 

field of energy requires knowledge of both the demand 

and supply side of the market. A significant part of 

electricity is consumed for lighting (and other purposes 

that produce visible light). The effects of such human 

activities are observable not only on Earth, but also 

beyond it. Orbiting satellites continuously observe the 

globe and record images. The sheer number of 

satellites and their sensors results in a variety of 

available data. These include nighttime light images 

developed and made available by The Earth 

Observations Group (EOG) at National Centers for 

Environmental Information (NOE) of the National 

Oceanic and Atmospheric Administration (NOAA). 

Publicly available data from the US Air Force Defense 

Meteorological Satellite Program (DMSP) Operational 

Linescan System (OLS) cover the period between 1992 

and 2013. As of April 2012, more detailed nighttime 

light images from the Visible Infrared Imaging 

Radiometer Suite (VIIRS) Day/Night Band (DNB) are 

available (see Fig. 1). These are used to monitor 

human activities and their impact on the environment. 

In particular, activities and the economic state of the 

population are analyzed, e.g. by modeling Gross 

Domestic Product (GDP) [1,2,3,4,5], its dynamics [6] 

and accuracy (assuming that it is misleading or biased) 

[7] or poverty level [8], as well as population numbers 

[9] and its density [10,11,12], seasonal population [13] 

and electricity consumption (more in [14]). In most 

studies mentioned here the authors use linear (e.g. 
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[1,2,6,8,9]), logarithmic (e.g. [3] – decimal logarithm, 

[4] – natural logarithm), quadratic polynomial [6], 

power function [6,7] and exponential [7] regression 

models to describe the relations in question. 

 
Fig. 1. Fragment of a night-light image from VIIRS DNB (part of Europe, December 2016). 

Source: NOE/NOAA. 

Based on NOE/NOAA data, Ghosh et al. [1] carried 

out a comparison between human well-being and 

electrification rates. The relation between the 

brightness of nighttime lights and electricity 

consumption is obvious. As Addison and Steward 

rightly pointed out [15], according to IEA/OECD 

2006, only 1% of lighting is based directly on burning 

fuels (not on electricity). While the nature of the 

relation between nighttime light intensity and 

electricity consumption for street lighting appears to be 

evident and well-established [16], the issue is more 

complex in the case of total energy demand due to the 

complex structure of demand itself. For example, street 

lighting (e.g. in road intersections) does not translate 

into the electricity consumption of households (HH). 

Rossi et al. [17] indicate the impact of lighting bulb 

types in use (e.g. LED, CMH lamps) on electricity 

consumption, and the flux degradation of an LED with 

time due to thermal and mechanical stress. In specific 

cases, this means that the time factor should be taken 

into account in the analyses carried out. The 

consumption of electricity in highly industrialized 

areas (concentration of production companies) is 

different than in other areas, e.g. with a predominance 

of residential buildings (a different pattern of energy 

consumption in these areas has been pointed out by i.e. 

To et al. [18] on the basis of empirical studies). 

Differentiation of electricity consumption can also be 

expected within HH. While the amount of electricity 

used for lighting purposes is relatively constant, other 

applications depend on many factors, including income 

(the eastern part of Poland is a less economically 

developed area than the rest of the country), the age 

structure of the population [19] and the method of 

heating (e.g. electricity, fossil fuels etc.). Hu et al. [20] 

presented an international comparison of final energy 

consumption per floor area. Among the countries 

surveyed, Chinese urban areas (excluding northern 

urban heating energy use) exhibited the lowest value of 

index (49 kWh/m
2
) and Russia the highest (384 

kWh/m
2
). These values differ from each other almost 

eight times clearly indicating the different patterns of 

energy consumption by households in different regions 

of the world. 

For these reasons, it can be assumed that relation 

between nighttime light intensity and total electricity 

consumption is not linear (especially for analyses 

covering a number of economically different areas). 

This assumption is in line with the results of earlier 

studies. Tripathy et al. [21] pointed out that the 

brightest areas could indicate both the most populated 

and most industrial areas (e.g. 24-hour power plants), 

for which the structure and volume of electricity 

consumption are different. Analyses conducted on the 

basis of nighttime light images, although usually 
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covering entire countries (Xie and Weng [22] – 

worldwide; Shi et al. [23] – initially Japan, and then 

worldwide, excluding countries for which data were 

not available; Shi et al. [24] – countries along the Belt 

and Road; Elvidge et al. [25] – 21 countries; He et al. 

[26] and Xie and Weng [27] – Mainland China; 

Ramdani and Setiani [28] – Indonesia), can be broken 

down to smaller parts. Doll et al. [29] have studied 

areas between NUTS-1 and NUTS-3, Letu et al. [30] 

11 selected regions in Japan, and Shi et al. provinces 

and prefectures level in China [31]. 

Fehrer and Krarti [32] used linear regression to build a 

model of electricity consumption for buildings in 49 

regions in the USA. For this purpose, they used the 

total night lights (TNL) defined according to Eq. 1. 

𝑇𝑁𝐿 = ∑ (𝐿𝑘 ×
𝐴𝑘

𝐴𝑅
)𝐾

𝑘=1  (1) 

where: K – number of pixels, Lk – total radiation 

measured in pixel no. k, Ak – area covered with k-th 

pixel, AR – reference area of a 15 arc-second pixel at 

the equator (463 m × 463 m).  

Previously, the TNL index has been used inter alia by 

Shi et al. [31]. 

It should be noted that there are alternative indicators 

of the amount of light in satellite images. In order to 

define regional economic development, Li et al. [33] 

used the sum of lights (SOL) defined as: 

𝑆𝑂𝐿 =  ∑ (𝑁𝑖 × 𝐵𝑖)
𝐵𝑚𝑎𝑥
𝑖=1  (2) 

where: Ni – number of pixels with value i (images are 

in grey scale, so every RGB component has equal 

value as i), Bi – brightness value, Bmax – maximum 

pixel value in the image. 

An similar approach was applied by Jing et al. [34], 

who additionally introduced the threshold value. Pixels 

with lower values were not summed. 

Further, Reza and Chasovskich [35] defined the 

compounded night-light index (CNLI): 

𝐶𝑁𝐿𝐼 = 1
𝑁𝐿 × 𝐵𝑚𝑎𝑥

⁄ × ∑ (𝑁𝑖 × 𝐵𝑖)
𝐵𝑚𝑎𝑥
𝑖=𝐵0

 (3) 

where: B0 – cut-off point (minimum value of pixels 

used in calculations), NL – number of pixels with 

values in the range [B0,Bmax]. The remaining variables 

were defined as in Eq. 2. 

The approaches presented above enable the calculation 

of total radiation. They do not afford the option to 

divide radiation into ranges by intensity, and do not 

allow for the averaging of results using many images. 

For the purposes of this paper, it was necessary to 

develop such a method. 

Attention should be paid to the study by Wang et al. 

[36], in which they demonstrated the high sensitivity of 

nighttime light images to the change of aerosols. By 

creating a model of linear regression, they linked the 

brightness of images with the concentration of surface 

particulate matter with aerodynamic diameters less 

than 2.5 mm (PM2.5). The research covered the area of 

Atlanta (Georgia, USA) in the period August–October 

2012. The presence of the described relations was 

confirmed by Fu et al. [37] in research conducted in 

Beijing (China). Based on the results of these studies, 

it should be noted that in the case of places with 

sudden changes in PM2.5, the brightness of pixels may 

differ to some extent from the actual radiation emitted 

in this area. When creating a model, it is necessary to 

bear in mind the risk of malfunctioning caused by this 

phenomenon, especially if the research has a long span 

of time. 

Studies have identified that there are at least two 

knowledge gaps when it comes to analyzing new 

images from the VIIRS DNB. The first concerns the 

use of Artificial Intelligence (AI) tools for the non-

linear modeling of electricity demand. The available 

test results are mostly based on data from the previous 

DMSP/OLS program with different image parameters, 

and do not use AI. The most commonly used linear 

regression in analyses, as indicated by R
2
 values (e.g. 

from 0.1832 to 0.8961 in [32] and from 0.9094 to 

0.9305 in [30]), is not able to explain fully the existing 

relations in studies covering smaller regions and not 

entire countries. Non-linear analyses – particularly 

those based on AI – have the ability to model at a 

much more advanced level and with fewer errors. An 

often observed advantage of AI (in particular ANN) to 

other techniques is related to the principles of its 

function, described in section 2. More specifically, it 

concerns the ability of ANN to search in a highly 

automated way for non-linear (often complex) relations 

between independent and dependent variables. 

Modeling does not require full knowledge of the type 
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and parameters of a relation, which in combination 

with the automation provided by ANN enables the 

discovery of previously unknown dependencies 

between variables. Thus, they provide an opportunity 

to improve the results achieved by models developed 

thus far. While these methods are widely used in many 

other areas related to the electricity market, there is a 

clear research gap as far as modeling based on satellite 

nighttime images is concerned. The number of 

publications covering the modeling of electricity 

consumption with AI (including ANN) based on 

nighttime light images in both the Scopus and Web 

of Science databases was zero as of August 24, 

2018.
1
 The second knowledge gap concerns the lack of 

research conducted at the regional level for Eastern 

European countries. Global analyses are interested in 

entire countries and, hence, do not take into account 

local differences within a given country. As the 

modeled relations are connected, among others, with 

economic, social and environmental factors, they differ 

from the countries analyzed so far in other regions of 

the world. An example of a country in Eastern Europe 

for which there are no detailed surveys at the NUTS-2 

level or lower, is Poland, a country with an area of 

312.696 km
2
 and a population of over 38 million (as of 

December 31, 2017 according to the Central Statistical 

Office). Almost 90% of electricity is produced from 

conventional thermal sources. This is the fourth highest 

result in the European Union (data from 2017 [38]). In 

addition, taking into account the growing demand for 

electricity both from HH and the entire economy, it 

should be noted that energy policy is an important 

component of the Polish economy. Models estimating 

electricity consumption in a selected area of the 

                                                           
1
 Searching for publication titles and abstracts, the following 

keywords were used in a Scopus query: TITLE-ABS-
KEY((energy OR electricity) AND (consumption OR demand 
OR usage) AND ("neural network*" OR "artificial 
intelligence" OR AI OR perceptron) AND ("nighttime 
image*" OR "night-time image*" OR "night time image*" 
OR "night-time light*" OR "nighttime light*" OR "night time 
light*" OR "night satellite imagery" OR "night light satellite 
imagery" OR (("satellite imagery") AND ("at night*")) OR 
linescan OR "DMSP*OLS" OR VIIRS OR "Day*Night" OR 
DNB)) and the equivalent WoS query. Scopus yielded one 

workshop proceedings. A thorough analysis of 19 

publications found, showed that only one [35] concerns the 

analysis of data from DMSP/OLS, while the applied 

research methods did not use tools from AI. 

country may constitute a tool supporting market 

analysis. The limited number of studies for Poland and 

other Central European countries is a potential obstacle 

towards sustainable development that needs to be 

redressed. 

An aim of this study was to verify empirically the 

possibility of using nighttime light images for 

modeling the electricity consumption of voivodships in 

Poland on an annual basis (in accordance with the 

NUTS-2 division in force until December 31, 2017). 

This required, among others, the development of an 

appropriate set of independent variables based on 

images acquired over many years. In order to build the 

model, artificial neural networks (ANNs) were used. 

As a result, it was possible to develop non-linear 

models with automatically selected parameters. 

Forecasts based on nighttime light images may give an 

opportunity to estimate energy consumption in areas 

where there is no or lack of access to statistical or 

system data. For Poland, satellite images are available 

more than six months before the official data provided 

by the Central Statistical Office. For current analyses 

of the energy market, the possibility of earlier 

estimation of energy consumption, both in total and 

divided into sectors of the economy, is undoubtedly 

highly desirable. 

2. Principles of Artificial Neural Networks 

ANNs were created in an attempt to imitate thought 

processes occurring in living organisms. They form a 

structure of connected nerve cells. The current 

definition of a single neuron was presented by 

McCulloch and Pitts in 1943 [39]. Fig. 2 shows a 

diagram of an artificial nerve cell. Numerous analogies 

with the biological model are visible. Inputs numbered 

x1 to xn are responsible for the introduction of signals 

into the cell and are the equivalent of dendrites. 

Weights marked w1 to wn in the figure are real 

numbers. Each xi input is connected with a wi weight. 

Signals entered into a cell are multiplied by the weight 

assigned to a given input. Therefore, network response 

depends on their value. In the learning process, the 

values of weights are modified in such a way that the 

network response becomes more precise. The 

discussed products of the values of the input signals 

and weights are added and then transformed by the so-
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called activation function. To a certain extent, this is 

the equivalent of the biological nucleus of a cell. The 

resulting value leaves the cell with an output marked as 

y. This is the equivalent of a biological structure called 

axon. 

 
Fig. 2. Neuron diagram. 

There are many types of ANNs, differing in the 

direction of signal flow, used learning algorithm and 

neuron definition. The multilayer perceptron (MLP) 

was used in this study. This is a network in which 

neurons are grouped into three types of layers: a single 

input layer, an output layer and at least one hidden 

layer between them (see [40]). Fig. 3 shows the MLP 

diagram with one hidden layer. Signals flow in one 

direction (from input to output). The neurons of the 

hidden and output layers take an active part in the 

learning process (their weights are modified). The cells 

grouped into the input layer do not gain any knowledge 

and have a technical function consisting mainly of 

disseminating model input signals among the neurons 

of the first hidden layer. 

The MLP is an example of a supervised network. This 

means that there is a sub-program called the teacher, 

which is responsible for the ANN training process. Its 

task is to check the error generated by the network 

during the learning process in response to input data, 

and then to modify weights in such a way as to reduce 

the error generated by the ANN. The multiple 

presentation of the network of input and output 

patterns combined with weight correction leads to the 

asymptotic reduction of error to zero. This process 

carries the risk of the phenomenon of network 

overtraining, which denotes that learning responds to 

memory coupled with the loss of the ability to 

generalize knowledge. In order to prevent this situation 

and to ensure the proper development of the training 

process, it is necessary to build appropriate data sets. 

In practice, three subsets are used: training, validation 

and testing. The first – as the name suggests – is used 

to learn ANN. The second – validation – is usually 

randomly selected and excluded from the training set. 

Typically, it is smaller in number and used to 

determine the moment in which the learning process 

stops. If the total model error for data from the 

validation set starts to increase, the further 

modification of weights should be interrupted, as 

otherwise it will trigger the overlearning effect. Fig. 4 

shows the model error for data from the training and 

validation sets as a function of the epoch (i.e. a single 

presentation of all data from the set). 

 
Fig. 3. MLP diagram. 

The purpose of the test set is to check the quality of the 

trained ANN operation. It should be noted that in the 

literature the nomenclature of subsets – in particular 

validation and test – is not consistent. What is more, 

sometimes they are even named inversely. This should 

be taken into account, in particular, when conducting a 

literature review. 

ANNs are now widely used in energy markets (see 

[41]). In particular, they are used in the forecasting (on 

the basis of system and meteorological data) of 

electricity prices (see MLP – [42,43,44]; MLP and pre-

processing data using discrete cosine transforms – 

[45]; Probability Neural Network (PNN) – [46]; Radial 

Basis Function (RBF) Network – [47]); demand and 
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consumption (see MLP – [48,49,50,51,52,53,54,55]; 

Recurrent Neural Networks (RNN) – [56]). In this 

paper, ANNs based on nighttime light images were 

used for modeling electricity consumption. 

 
Fig. 4. Error during teaching ANN in supervised mode. 

ANNs were used in the study due to their ability to 

model complex, nonlinear relations between 

independent and dependent variables. Based on 

Kolmogorov’s theorem, it was shown that MLPs with 

two hidden layers and an appropriate number of 

neurons have the potential to model a polynomial of 

any degree (see [57]). In this paper, a network with 

only one hidden layer was used because, as the initial 

empirical comparative research carried out by the 

author showed, these networks were characterized by 

lower error rates than networks with a greater number 

of hidden layers. The reason for this situation cannot 

be fully explained. It should be assumed that it is 

related to the currently used training algorithms, which 

are not always able to exploit fully the greater potential 

of networks with a greater number of learning layers. It 

should be noted that the phenomenon described does 

not concern only the research in question and that it is 

common in ANN-based models. 

3. Methodology 

The empirical research required the development of a 

model determining the amount of electricity consumed 

per year at NUTS-2 level, i.e. in regions of Poland. The 

amounts of electricity consumed by: (i) the total 

economy, (ii) HH, ware used as the dependent 

variables (both sets of data were obtained from the 

Central Statistical Office). This means that it was 

necessary to create a model that worked for relatively 

small areas. Building a set of dependent variables 

required obtaining satellite data. Satellite images from 

2013–2016 that showed average radiance composite 

images using nighttime data from the VIIRS DNB, and 

which were preliminarily processed by removing stray 

light, lightning, lunar illumination and cloud cover, 

were used in the research. NOE/NOAA stores images 

including radiance values that have undergone the 

stray-light correction procedure (see [58]) but not for 

the entirety of the period in question, while their 

resolution is lower than that of images used in this 

study. Chen and Nordhaus [59] emphasize that the 

pixel ground footprint of VIIRS images is 45 times 

smaller than the DMSP/OLS footprint, which in their 

opinion favors the use of the first in analyses covering 

small areas. It should be noted, however, that overpass 

time of the DMPS/OLS occurred approximately 

between 20:30 and 21:30, which corresponds more to 

the activity time of HH (especially for visible 

radiation) than the VIIRS’ overpass time around 01:30 

(detailed overpass times for a specific day can be 

found at https://ncc.nesdis.noaa.gov). As the model is 

expected to be workable in the future, it is assumed 

that only currently recorded images from the VIIRS 

DNB should be used. 

As images of annual average radiation were not 

available for the entire period, it was necessary to 

introduce a uniform method for its determination using 

averaged images from individual months. For the area 

in question, nighttime light images were available only 

for the first and last three months of each year. Due to 

seasonal differences in brightness (related, among 

others, to changes in surface reflectivity caused by 

snow and vegetation cover, as observed by Levin [60], 

Levin and Zhang [61] – see Fig. 6), it was necessary to 

include the same months for all years in the analysis. 

These images may have contained lights from auroras, 

fires, boats and other temporal lights. The applied 

averaging procedure, however, had reduced to some 

extent their potential impact on the model’s 

performance. Additionally, images from VIIRS in 

relation to DMSP-OLS, according to Elvidge et al. 

[58], are characterized by: vast reduction of the pixel 

footprint (ground instantaneous field of view – 

GIFOV), uniform GIFOV from nadir to edge of scan, 

lower detection limits, wider dynamic range, finer 

quantization and in-flight calibration. The last feature 

means that, at least to a certain extent, the need for 

calibration as related to the use of data from different 

https://ncc.nesdis.noaa.gov/
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sensors is eliminated (see [62]). Fig. 5 presents a 

fragment of the original Geo Tagged Image File 

Format (GeoTIFF) for December 2016, obtained from 

EOG resources, that shows an image of the entire 

country (Poland) and, separately, of all regions. It 

should be noted that where single images or full 

coverage of the analyzed area are lacking (which was 

not the case in this study), the presented procedure may 

be supplemented by patching the missing data. The 

method to address this was developed by Zhao et al. 

[3]. 

 
Fig. 5. Nighttime light image of Poland (left) and individual 

voivodships (right) for December 2016. 

Source: Author’s elaboration based on images from 

NOE/NOAA. 

The averaged values were determined as the arithmetic 

mean, of pixel numbers for the months of January to 

March and October to December of the same calendar 

year, categorized according to brightness range. For 

that purpose, GeoTIFF images were converted into 

comma-separated values (CSV) text files including the 

coordinates of each pixel and a value representing 

brightness originally scaled from 0 to 255. The annual 

average values were determined using the software 

developed by the author of this study. A total of 64 

images were received for four years. For all of them, 

the number of points was determined, which due to the 

represented brightness were classified into one of eight 

ranges: (i) 1–31, (ii) 32–63, (iii) 64–95, (iv) 96–127, 

(v) 128–159, (vi) 160–191, (vii) 192–223, (viii) 224–

255 (see Fig. 6). The zero value was not included in 

range (i) because it represents an area with radiance 

below the minimum detectable level. Table 1 shows 

the average data for 16 voivodships calculated on the 

basis of six images and the classification of each of the 

pixels into one of eight brightness classes (sample data 

for 2016). The set of independent variables was 

supplemented with information from the year the 

averaged images originated. 

For each year, the images were divided into 16 regions 

(voivodships). The QGIS application was used for this 

purpose. In total, 384 images were obtained.  

Total radiation (SOL) for each voivodship was 

calculated using Eq. (2). 

One of the factors strongly positively correlated with 

energy consumption is the total usable floor area of a 

dwelling. Fig. 7 and Fig. 8 show this dependence for 

16 regions for total electricity consumption and 

electricity consumed by HH respectively. Diagrams 

cover the years 2013, 2014 and 2016. The year 2015 

was not included due to lack of data from the Central 

Statistical Office. In real-world analyses, in addition to 

the incompleteness of data sets, another problem is the 

time of their creation. In practice, data on total usable 

floor area of dwellings is not available for periods 

earlier than those applicable to electricity consumption 

data. Thus, it is not possible to use them in the 

forecasting model. For this reason, it was necessary to 

use additional satellite images, which may to some 

extent replace inaccessible data and thus contribute to 

the improvement of the accuracy of ANN. 

Therefore, it is appropriate to add an additional 

indicator to the model in order to determine the type of 

spatial development. One such indicator is the 

Normalized Difference Vegetation Index (NDVI). Its 

calculation is possible by means of formula Eq. (4). 

𝑁𝐷𝑉𝐼 = (𝑁𝐼𝑅 − 𝑅𝐸𝐷)/(𝑁𝐼𝑅 + 𝑅𝐸𝐷) (4) 

where: 

NIR – near-infrared wavelength 

RED – red wavelength 

The study used a 16-day MODIS 250 m NDVI 

(MYD13Q1) acquired from Land Processes 

Distributed Active Archive Center [63]. For each year, 

images from the month of July were used. The mosaic 

command from SeaDAS was used to obtain one image 

covering the whole country. Then, in the QGIS 

application, fragments corresponding to the analyzed 

regions were identified. As built-up areas are 

particularly important from the point of view of 

electricity demand, an attempt was made on the basis 

of NDVI values to determine the number of pixels 

representing this type of spatial development. The 

procedure of cut-off thresholds, described in Taufik et 
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al. [64], was applied. This approach often does not 

provide reliable information on built-up areas. For this 

reason, Land Cover Type Yearly Global 500 m Band 1 

images, containing the global vegetation classification 

scheme defined in the International Geosphere-

Biosphere Programme (IGBP) [65], were used 

interchangeably. The input variable (BU) was the 

number of pixels of the analyzed area representing 

zones classified as urban and built-up (value 13). 

To a certain extent, this approach allowed for taking 

into account the existence of rural areas without 

nightlight. Their existence was indicated for Beijing 

and Hebei in Lu and Liu [66]. 

The quality of ANN performance was compared with 

results obtained using linear regressions. 

 

 

Fig. 6. Example of determination of the arithmetic averages of pixel numbers for the months of January to March and October to 

December of the same calendar year, categorized in eight brightness ranges for the Mazovian Voivodship (2016). 

 

 
Fig. 7. Scatter diagram of total electricity consumption and 

total usable floor area of a dwelling (16 regions for years 

2013–2016). 

 
Fig. 8. Scatter diagram of electricity consumed by HH and 

total usable floor area of a dwelling (16 regions for years 

2013–2016). 
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As the number of 64 images is relatively small, it was 

decided to use the K-Fold Cross Validation. From the 

initial set of all images, 16 images were randomly 

selected to form a test set (the rest were used as 

training and validation data). Next, out of the 

remaining 48 images, 16 were randomly selected to 

form another test set. Repeating the above procedure 

led to the creation of four sets of data, for each of 

which the test set consisted of different cases (the 

product of any two different test sets is an empty set). 

This approach makes it possible to reduce, to a certain 

extent, the risk of obtaining unreliable results due to 

the limited number of cases. 

 

Table 1 

Averaged pixel numbers in eight brightness ranges for 16 regions in 2016 

Region  
Averaged pixel numbers of brightness according to range after scaling 

[1,31] [32,63] [64,95] [96,127] [128,159] [160,191] [192,223] [224,255] 

Lower Silesia  73339.00 845.17 142.83 36.17 10.00 4.00 1.67 3.83 

Kuyavian-Pomeranian 58013.17 463.00 42.50 9.33 4.33 1.67 0.50 0.83 

Lublin  47449.00 533.33 100.67 25.33 4.17 1.83 1.50 16.67 

Lubusz  32273.50 191.17 8.67 1.17 0.67 0.17 0.00 0.00 

Łódź  60244.83 701.00 101.50 13.83 2.17 0.67 0.33 2.50 

Lesser Poland  71708.33 706.83 66.00 6.67 2.17 1.00 0.17 4.83 

Mazovian  117450.17 1804.33 290.67 63.00 21.33 6.83 3.67 10.33 

Opole  30656.50 164.17 25.33 5.50 0.83 0.00 0.00 0.00 

Subcarpathian  36576.67 338.17 40.00 3.33 1.33 1.17 0.00 10.33 

Podlaskie  38144.33 214.00 30.83 4.50 1.00 0.00 0.00 0.00 

Pomeranian  52244.83 926.67 114.00 18.83 6.33 1.67 1.67 1.67 

Silesian  67009.50 1376.67 105.83 14.83 9.50 6.17 3.50 25.17 

Świętokrzyskie  38718.67 211.33 27.17 2.00 0.50 0.33 0.00 0.00 

Warmian-Masurian  49174.33 226.67 21.67 2.33 0.17 0.00 0.00 0.00 

Greater Poland  110889.33 996.67 164.33 62.50 18.33 7.00 6.67 14.33 

West Pomeranian 43530.33 362.00 49.00 8.17 1.67 0.33 0.50 5.67 

 

3.1. Set of input variables and ANN parameters 

Eight variants of independent variables presented in 

Table 2 were used in the ANN model tests. 

Sets 1, 2, 5 and 7 differ from 3, 4, 6 and 8 respectively 

in the lack of a variable in the form of the number of 

pixels with the lowest value range. Its elimination can 

be compared by way of simplification (by analogy) to 

the use of a cut-off point in Eq. (3). 

The number of neurons in the input layer for technical 

reasons had to be equal to the number of independent 

variables listed in Table 2. Selection of the number of 

neurons in the hidden layer and activation function in 

both learning layers was carried out experimentally. 

The search for the optimal number of cells was carried 

out in the ranges from 4 to 12 according to the 

algorithm shown in Fig. 9. This procedure was 

repeated successively for different learning algorithms: 

(i) the Broyden-Fletcher-Goldfarb-Shanno (BFGS), (ii) 

back propagation (momentum version with different 

values of learning coefficients and momentum), (iii) 

conjugate gradient. 

Table 2 

Sets of ANN input variables 

No. Independent variables 

1 p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255 

2 p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255; SOL 

3 p1,31; p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255 

4 p1,31; p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255; 

SOL 

5 p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255; 

SOL ; NDVI 

6 p1,31; p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255; 

SOL ; NDVI 

7 p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255; 

SOL ; BU 

8 p1,31; p32,63; p64,95; p96,127; p128,159; p160,191; p192,223; p224,255; 

SOL, BU 

pi,j – number of pixels in the range [i,j] 

 

4. Comparative models 

Three versions of linear regression were used as 

reference models for both total electricity consumption 

and energy consumed by HH. 
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The first was regression of one variable (Reg. 1). SOL 

was used as an independent variable. 

Fig. 9. Algorithm for selection of the best ANN. 

The second regression (Reg. 2) was used to check 

whether the newly developed independent variables 

can be used not only in ANN, but also in linear 

models. In applied multiple regression as independent 

variables, the set of variables no. 3 (see Table 2) was 

assumed to be used. 

Table 3 

VIF values for potential independent variables 

Variable
1) VIF values in subsequent calculation steps

2) 

I II III 

p1,31 3.2016 3.0902 3.0899 

p32,63 10.9069 10.5409 4.1896 

p64,95 25.8585 24.3197  

p96,127 23.1500 17.9616 5.0556 

p128,159 43.0968   

p160,191 19.1697 6.4830 6.4495 

p192,223 8.6088 8.5650 7.9775 

p224,255 2.5573 2.2576 2.2314 

1) Bold font indicates variables with a final VIF value 

below 10. 

2) Bold font indicates the maximum VIF value in the 

calculation step. 

 

Table 4 

p-values for independent variables (Reg. 2) 

Variable Dataset 

Total electricity consumption  Electricity consumed by HH 

p-values in subsequent calculation steps 

I II III IV V  I II III IV V 

p1,31 

I 

0.7525 0.7812     0.0016 0.0015 0.0008 0.0005  

p32,63 0.0000 0.0000 0.0000 0.0000 0.0000  0.0000 0.0000 0.0000 0.0000  

p96,127 0.0031 0.0007 0.0006 0.0000 0.0000  0.0185 0.0044 0.0001 0.0001  

p160,191 0.5619 0.5624 0.0933 0.1017   0.3209 0.3237    

p192,223 0.2375 0.1137 0.5209    0.3575 0.1552 0.2963   

p224,255 0.8253      0.6483     

 

p1,31 

II 

0.1320 0.1209 0.2149    0.0003 0.0000 0.0000   

p32,63 0.0000 0.0000 0.0000 0.0000 0.0000  0.0000 0.0000 0.0000   

p96,127 0.1647 0.1306 0.0008 0.0010 0.0005  0.6802 0.6237    

p160,191 0.9318      0.2416 0.1615 0.0060   

p192,223 0.3735 0.3254     0.9344     

p224,255 0.0950 0.0863 0.1456 0.1540   0.0803 0.0420 0.0085   

             

p1,31 

III 

0.2515 0.1544 0.1477 0.1788   0.0000 0.0000 0.0000 0.0000  

p32,63 0.0000 0.0000 0.0000 0.0000 0.0000  0.0000 0.0000 0.0000 0.0000  

p96,127 0.0011 0.0009 0.0000 0.0000 0.0000  0.0232 0.0036 0.0005 0.0001  

p160,191 0.7996 0.6761     0.6886     

p192,223 0.8502      0.6589 0.7831    

p224,255 0.4508 0.3338 0.2047    0.2543 0.2600 0.1058   

             

p1,31 

IV 

0.5351 0.5293     0.0530 0.0479 0.0791 0.1379  

p32,63 0.0000 0.0000 0.0000 0.0000   0.0000 0.0000 0.0000 0.0000 0.0000 

p96,127 0.0333 0.0069 0.0015 0.0019   0.4960 0.2867 0.3109   

p160,191 0.9953      0.8068     

p192,223 0.3026 0.2088 0.2619    0.1876 0.1485 0.0225 0.0207 0.0103 

p224,255 0.0763 0.0713 0.0289 0.0029   0.3222 0.3266    

p-values to four decimal places; the largest p-value in a given calculation step is indicated in bold font. 
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The Variance Inflation Factors (VIF) were calculated 

for each of the new variables according to Eq. (5). The 

aim was to eliminate from the model those input 

variables which are characterized by too high a degree 

of correlations and associations with the remaining 

variables. The obtained VIF values are presented in 

Table 3. 

𝑉𝐼𝐹𝑘 = 1/(1 − 𝑅𝑘
2) (5) 

where: 𝑅𝑘
2 – the R

2
-value obtained by regressing the k-

th explanatory variable on the remaining explanatory 

variables. 

It was assumed that a variable for which the VIF value 

exceeded 10 to the highest degree should be removed 

from the model and the VIF value for a new, reduced 

set of independent variables was re-calculated. On this 

basis, two variables were removed from the model: 

p64,95 and p128,159. Further elimination of variables took 

place, due to p-values, separately for each of the four 

used sets of independent variables. As before, it was 

assumed that in each calculation step, one input 

variable of p-value exceeding 0.05 to the highest 

degree should be eliminated. The obtained results are 

presented in Table 4. 

Table 5 

Number of neurons in three layers 

 ANN 1 ANN 2 ANN 3 ANN 4 ANN 5 ANN 6 ANN 7 ANN 8 

 Forecasts of total electricity consumption 

no. of 

neurons 
7-6-1 8-7-1 8-9-1 9-10-1 9-7-1 10-7-1 9-7-1 10-7-1 

 Forecasts of electricity consumed by HH 

no. of 

neurons 
7-5-1 8-5-1 8-8-1 9-6-1 9-5-1 10-5-1 9-5-1 10-5-1 

 

The third variant (Reg. 3) was a multiple regression 

with eight independent variables as in set no. 3 (see 

Table 2). As the p-value analysis would lead to 

elimination of a significant number of variables and, 

consequently, to the creation of a model highly similar 

to model 2, it was decided to ignore very high p-values 

and introduce eight variables into the model in an 

unchanged form. 

4. Results 

More than 150,000 networks with MLP architecture 

were tested. Out of 64 images, 42 constituted a training 

set (65.63% of cases), 6 a validation set (9.37% of 

data) and 16 a test set (25.00% of cases). As only one 

dependent variable was modeled at all times, the 

networks had a single neuron in the output layer. The 

number of neurons in the input layer was adjusted 

(equal) to the number of independent variables. 

Table 5 provides a summary of the number of neurons 

from which the best ANNs modeling total electricity 

consumption and electricity consumed by HH at 

regional level were built. In all networks a hyperbolic 

tangent (in the hidden layer) and logistic (in the output 

layer) were used as activation functions. ANNs were 

trained using the Broyden-Fletcher-Goldfarb-Shanno 

algorithm (BFGS). Table 6 contains MAPEs for the 

best ANNs and three versions of linear regression (for 

each test set). In all cases ANN was clearly better than 

linear regression. The model that was characterized by 

the lowest MAPE value for the data being a sum of 

four 16-element test sets (created using the K-Fold 

Cross Validation) was network no. 2. Fig. 10 and Fig. 

11 show scatter diagrams of the obtained results from 

the actual values, corresponding to the test set by the 

best MLPs for total electricity consumption and 

electricity consumption by HH respectively. 

The largest forecast error for total electricity 

consumption (observation marked with an arrow in 

Fig. 10) was made for Łódź Voivodship in 2013 and 

amounted to 6247 GWh. For this Voivodship in the 

brightness range [128–159], there were definitely more 

pixels (44) than in other cases included in the training 

set. In the entire data set, a similarly high number of 

pixels in the above mentioned range occurred only for 

the Mazovian Voivodship in 2013, which was also 

randomly qualified to the test set. It should be assumed 

that the discussed model error is closely related to the 

lack of cases with a similar number of pixels in the 

brightness range [128–159] in the training set. 
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Table 6 

MAPEs for test data 

Dataset 
Model 

ANN 1 ANN 2 ANN 3 ANN 4 ANN 5 ANN 6 ANN 7 ANN 8 Reg. 1 Reg. 2 Reg. 3 

 Total electricity consumption 

Total 16.48 15.49 17.37 16.72 16.20 16.39 12.31 11.95 25.51 28.65 29.62 

I 18.25 14.89 16.00 13.96 14.65 12.14 12.89 13.77 25.59 32.63 33.11 

II 9.59 16.25 15.89 17.01 17.52 18.13 12.28 11.91 26.04 26.40 32.51 

III 12.42 12.59 14.56 12.80 14.66 15.39 10.92 10.80 21.63 23.60 18.99 

IV
 

25.68 18.23 23.04 23.12 17.97 19.90 13.15 11.34 28.80 31.97 33.88 

 Electricity consumed by HH 

Total 12.04 8.69 11.80 9.51 10.22 9.17 8.13 7.92 15.43 19.75 17.25 

I 14.66 7.71 16.69 11.44 11.67 9.38 10.38 9.64 18.26 22.08 21.32 

II 8.16 5.88 7.50 7.04 7.83 7.83 5.83 5.43 12.22 15.13 15.92 

III 7.74 10.14 10.85 8.91 8.79 9.55 8.70 8.80 14.79 15.79 14.98 

IV 17.61 11.06 12.14 10.65 12.58 9.92 7.60 7.82 16.47 26.00 16.78 

The smallest MAPE values for a given test set are marked in bold font. 

 
Fig. 10. Scatter diagram for total electricity consumption  

(ANN 2, testing dataset). 

 

 
Fig. 11 Scatter diagram for electricity consumption by HH 

(ANN 2, testing dataset). 

 

A similar situation (the same voivodship) occurred in 

modeling the electricity consumed by HH (model error 

907 GWh, observation marked with an arrow in Fig. 

11). 

MLPs with the lowest total MAPE (ANN 8) have been 

used to model total electricity consumption in 

Slovakia. This Central European country borders 

Poland. Its administrative division covers eight 

regions, whose average area is 6,129 km
2
 and is more 

than three times smaller than the average area of 

regions in Poland (19,543 km
2
). Slovakia has a 10% 

lower average population density and smaller regional 

variation, ranging from 68 to 136 inhabitants per km
2
, 

while in Poland it ranges from 59 to 369 inhabitants 

per km
2
. Slovakia also has a different economic 

structure than Poland. The case study of Slovakia has 

provided verification that the ANN 8 model could be 

successfully applied in other areas, different in 

economic and demographic terms. Data on electricity 

consumption were obtained from the Statistical Office 

of the Slovak Republic. MAPE for the forecast of total 

electricity consumption was 13.86%. 

5. Conclusions 

Research has shown that it is possible to determine the 

amount of electricity consumed on the basis of satellite 

nighttime light images. Models based on AI in the 

form of ANN are able to determine the amount of 

electricity used both in total and by selected economy 

sectors (on the example of HH). ANN modeling of 

total electricity consumption was characterized by 
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much higher error for the test set than for networks 

modeling electricity consumption by HH. It should be 

assumed that this is due to the closer relation between 

the amount of visible radiation emitted and the 

electricity consumed by HH. This is confirmed by 

analogous results obtained by the reference linear 

regression model (Reg. 1 – see Table 6). 

Extending the set of independent variables by the 

number of pixels of brightness between 1 and 31 for 

the total test set resulting from the application of K-

Fold Cross Validation translated into improvement in 

the quality of obtained results only in combination with 

BU. For three out of eight 16-element test sets, this led 

to the network (ANN 8) obtaining results with a lower 

MAPE value. The use of the SOL variable in the 

model resulted in ANN 2 and 4 obtaining the lowest 

values of error meter (for the entire test set) for both 

total electricity consumption and electricity consumed 

by HH. 

The best network (ANN 8) for Polish regions was 

achieved for two types of surveyed output variables 

MAPEs of 11.95% and 7.92% respectively. These 

values are 13.56% and 7.51% lower than the results of 

the best linear regression model (see Table 6). 

Satisfactory results were also achieved in the case of 

the Slovak regions (MAPE of 13.86% for total 

electricity consumption). This indicates the model’s 

ability to operate (even without optimizing its 

structure) in different areas under varying economic 

and demographic conditions. 

This confirms the appropriateness of using non-linear 

methods to associate nighttime light images with 

electricity consumption. 

It should be emphasized that among the independent 

variables there was no information that would clearly 

enable the identification of each voivodship. Thus, the 

ANNs were forced to model the dependent variable 

only on the basis of the brightness of the pixels in the 

satellite images, without the possibility to refer to 

electricity consumption in a given voivodship in 

another year, which was the case for a training set. 

This increases the objectivity of the research and 

indicates the potential of networks for modeling 

additional regions to those used for ANNs training. 

The limitations of the tests carried out should be noted. 

These are mainly due to the amount of available data. 

In the course of the analyses, data were available for 

only four years. In modeling 16 regions, this translated 

to 64 cases, 42 of which were used for a training set. 

This number is much smaller than the desired size of a 

training set. It is not possible to extend the data back to 

earlier years due to the lack of satellite images, nor is it 

feasible to include more recent data (e.g. for 2017) due 

to the lack of electricity consumption data (from the 

Energy Market Agency JSC made available by the 

Central Statistical Office). A solution to this problem 

could be to extend the area of research to other 

countries. An increase in the number of cases would 

enable the application of other types of ANN, 

including networks with a greater number of hidden 

layers, the so-called deep neural networks (deep 

learning) [67]. It should be taken into account, 

however, that there may be differences in the relations 

between nighttime lights and electricity consumption 

resulting e.g. from different household habits, different 

levels of use of electrical equipment (including 

heating) and different economic characteristics (as 

confirmed by the studies of Xie and Weng [21]). It is 

also possible to seek the improvement of the quality 

performance of the described model in a different 

structure of training data, in particular at a later stage 

of the study, where the differentiation of the brightness 

ranges of the pixels in the satellite images should be 

considered. Consideration should also be given to the 

modification of the procedure for averaging the 

number of pixels over a given brightness range on an 

annual basis. However, accurate identification and 

elimination from the calculation of averages of images 

characterized by nighttime lights of unusual brightness 

should be covered by the study. 
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