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Abstract: Improving human well-being is increasingly recognized as essential for 

movement toward a sustainable and desirable future. Estimates of different aspects of 

human well-being, such as Gross Domestic Product, or percentage of population with 

access to electric power, or measuring the distribution of income in society are often 

fraught with problems. There are few standardized methods of data collection; in addition, 

the required data is not obtained in a reliable manner and on a repetitive basis in many 

parts of the world. Consequently, inter-comparability of the data that does exist becomes 

problematic. Data derived from nighttime satellite imagery has helped develop various 

globally consistent proxy measures of human well-being at the gridded, sub-national, and 

national level. We review several ways in which nighttime satellite imagery has been used 

to measure the human well-being within nations. 
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1. Introduction 

Images of the ―Earth at Night‖ derived from nighttime satellite imagery provided by the Defense 

Meteorological Satellite Program’s Operational Linescan System (DMSP-OLS) have become a 

recognizable spatially explicit global icon of human presence on the planet. Nighttime imagery has 

been used to develop several proxy measures of human well-being. 

Gross Domestic Product (GDP), which is the monetary market value of all final goods and services 

produced in a country over a period of a year, is often used as an indicator for judging the relative 

―standard of living‖ of a country in comparison to other countries. GDP growth is implicitly and often 

explicitly recognized as a determining factor of social welfare [1]. 

The close relation between the spatial distribution of nighttime lights and economic activity has 

been observed and utilized in several studies before [2–7]. These studies have only expanded  

the interest of examining the spatial and temporal relationships between the spatially explicit  

remotely-sensed nighttime imagery and national-level GDPs or sub-national-level Gross State 

Products (GSPs). Current studies include the creation of a global grid of estimated economic activity at 

1 km
2
 spatial resolution [8], and probing the relationships for other countries [9–17]. 

Poverty-afflicted areas are associated with deprivation of not only material possessions, but also 

basic human needs including food, water, sanitation, clothing, shelter, health care, and education. 

Objective metrics of human well-being derived from nighttime imagery helps identify areas of the 

world in great need of improved human development. The nighttime light satellite images have also 

been used to examine poverty at the grid-level, as well as at the sub-national and national levels [18–21]. 

Questions have been raised time and again about the utility of GDP or GDP per capita as a sole 

measure of a country’s well-being. GDP cannot provide any guarantee about the quality of the goods 

and services produced in a country, or whether it adds any value to social progress or human  

happiness [22]. For instance, GDP does not differentiate between expenditure on good things, for 

example, education, and bad things, for example, alcohol, drugs, or cigarettes. GDP does not quantify 

work that does not have a market price attached to it, and disregards informal transactions outside 

markets. For instance, subsistence agriculture, voluntary work, household work, and childcare, are 

completely overlooked in the national accounting of GDP. Per capita GDP emphasizes average income 

but neglects income distribution, albeit uneven distribution of income results in unequal opportunities 

for personal development and well-being. GDP does not quantify the economic services provided by 

nature, for example, the value of forests in protecting watersheds and in the storage of carbon, or the 

importance of wetlands in flood protection, and protecting areas from storm surges [1]. 

Because of the questions raised about the validity and utility of GDP as a measure of well-being, 

researchers have used nighttime light images to not only quantify the economic well-being of nations, 

but have also estimated informal economy [23], evaluated inequality in human development (Nighlight 

Development Index or NLDI) [24], and have examined the anthropological impacts or ―costs‖ inflicted 

by human activities on earth [25]. Measuring the anthropological impacts of human activities adds an 

environmental dimension to the measurement of a country’s well-being. 

Two other aspects of human well-being which have been measured using nighttime light images 

that are discussed in this paper are—the relation of nighttime lights and electrification rates [26],  
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and the development of surrogate measures of the Information and Communication Technology 

Development Index (IDI) for determining the development of countries as information societies [27]. 

The nature of urban form and the patterns of urban development are regarded as having a 

fundamentally important impact on ecosystem function, ecosystem health, and sustainability [28]. 

Continuing studies of the dynamics of urbanization through time using nighttime lights enables  

the comprehension of adverse effects of urbanization related to loss of vegetation, increase in 

temperatures, air and water pollution, loss of species’ habitats, growth and spread of urban slums, 

poverty, and unemployment. Nighttime light images have also informed studies of urban  

dynamics [29–32]. 

This paper reviews some of the recent studies in which nighttime satellite imagery has been used to 

measure various aspects of the human well-being of nations, with particular emphasis on some of the 

pioneering studies. The ―Methods and Results‖ for each of the studies is discussed in Section 2, 

followed by the ―Discussion‖ section in Section 3, and ―Conclusion‖ in Section 4. 

2. Methods and Results: Estimates of Various Indicators of Human Well-Being Using  

Nighttime Lights 

The source of all the nighttime imageries used in these studies is from the Earth Observation Group 

(EOG), the National Geophysical Data Center (NGDC) of the National Oceanic and Atmospheric 

Administration (NOAA). The EOG at NOAA has been archiving and processing Defense 

Meteorological Satellite Program’s Operational Linescan System (DMSP-OLS) nighttime lights data 

since 1994. The EOG produces two types of nighttime images at approximately 1 km resolution  

(30 arc-seconds)—the stable light images and the radiance-calibrated images. In all of the following 

studies, one or both types of nighttime images have been used. The annual, global stable lights are 

generated by averaging the individual, cloud-free orbits of the Operation Linescan System (OLS) 

visible band data. In the creation of the stable lights product, fires and other ephemeral lights are 

removed based on their high brightness and short duration [33]. Annual stable lights images from 1992 

to 2012 are available for free download from EOG’s website [34]. One of the problems associated with 

the stable lights data is the saturation of the recorded data in the city centers because of six bit 

quantization and limited dynamic range. 

To overcome this problem, a limited set of observations was obtained at low lunar illumination and 

at significantly lower gain settings for some years. The radiance-calibrated images for those years were 

created by combining these sparse data (fixed gain data) acquired at low gain settings with the 

operational data (stable lights data) acquired at high gain settings. The radiance-calibrated data are 

characterized by unsaturated values in the urban centers [35]. The radiance-calibrated data of 2006 is 

available for free download from the EOG’s website [36]. 

Another dataset which has been used for many of these studies is the LandScan population dataset. 

The LandScan population data produced by the U.S. Department of Energy at Oak Ridge National 

Laboratory (ORNL) represents ambient population count (averaged over 24 h) at approximately 1 km
2
 

resolution (the same spatial resolution as the data products derived from the nighttime images). A 

progressive series of spatially disaggregated global population count datasets have been made 

available through the years. However, previous versions of the LandScan data are made unavailable as 
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new datasets are released because the makers of the LandScan data at ORNL caution against using the 

data as a change detection or migration tool [37]. 

2.1. Nighttime Lights and Gross Domestic Product (GDP) 

Amongst the recent studies linking the spatially explicit DMSP-OLS nighttime lights data and GDP 

at the national level or GSP at the sub-national level has been the creation of a global grid of total 

economic activity [8]. This study acted as a milestone as it was the finest resolution grid of economic 

activity with global coverage that was ever created. Moreover, it also took into account informal 

economic activity, and the distribution of agricultural economic activity. 

The radiance-calibrated nighttime image of 2006 and the LandScan population data of 2006 were 

used in this study. As a first step towards creating the disaggregated global grid of estimated total 

(formal plus informal) economic activity at a spatial resolution of 1 km
2
 for states and countries of the 

world, sum of light (SOL) intensity values for the countries of the world and for the states of the 

United States (U.S.), China, Mexico, and India, were computed from the radiance-calibrated nighttime 

image of 2006. The SOL were computed at the sub-national level for the countries of China, India, 

Mexico, and the U.S. because when the SOL were regressed against the official GDP values, these 

countries proved to be outliers, and provided the greatest weight in increasing the R
2
 value. Thus, the 

GSPs, or in other words, GDP at the state level, were considered for these four countries, and GDP 

was considered for rest of the countries of the world. Ratios (Ri) of the sum of lights (SLi) to the 

official GSPi (Equation (1)) or GDPi (Equation (2)) for each administrative unit were calculated  

as follows: 

Ri = SLi/GSPi (1) 

or, 

Ri = SLi/GDPi (2) 

The calculated ratios enabled the grouping of administrative units (countries and states) on the  

basis of their SOL values relative to their GDP or GSP values, as it was observed that administrative 

units may be brighter or dimmer in comparison to their levels of economic activity. This created  

36 overlapping groups of administrative units such that even if each group had administrative units 

representing different levels of economic development, they were included in the specific range of 

lighting to GSP or GDP ratio. Estimates of the informal economy as a percentage of total official GDP 

was taken from Schneider’s computations [38–40]. Regression models were developed to calibrate the 

SOL to the official GDP and GSP values plus informal economy for all the 36 groups, and R
2
 greater 

than 0.9 was obtained for all the groups (Figure 1). 
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Figure 1. Regression models for estimating coefficients for sample groups. 

  

An empirical relationship was identified between the ratios of SOL and GDP or GSP for each 

administrative unit (Ri), and the estimated beta coefficients across all groups (βj). This relationship was 

described as a natural logarithmic function between these two variables (Equation (3)) and 

exponentiating ln (βj) provided unique coefficients (βi´) for each of the administrative units. 

ln (βj) = 0.58 − 0.95*ln (Ri) (3) 

βi´ = Exp (0.58 − 0.95*ln (Ri) (4) 

These unique coefficients were multiplied with the SOL of each of the administrative units to 

derive the estimated GDP (GDPIi) or GSP (GSPIi) values (Equations (5) and (6)). 

βi´ × SLi = GSPIi (5) 

βi´ × SLi = GDPIi (6) 

These estimated total values of economic activity were distributed using both the nighttime lights 

grid and the LandScan population grid of 2006. The percentage contribution of agriculture towards  

the total economic activity for the administrative unit was distributed according to the LandScan 

population grid, with the assumption that distribution of agricultural activity is associated with rural 

population who might not show up in the nighttime light images, but are captured in the LandScan 

population grid. This created the grid of agricultural economic activity. A grid of non-agricultural 

economic activity was created by distributing the percentage of economic activity attributed to the 

commercial/industrial sector on the basis of the nighttime lights. The grids of agricultural and  

non-agricultural economic activity were added to produce the grid of total economic activity. This 

resulted in a disaggregated global map of economic activity at the spatial resolution of 1 km
2
 pixels, 

with each pixel representing millions of dollars (i.e., $Mn/km
2
) (Figures 2 and 3). 
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Figure 2. Grid of total economic activity in millions of dollars per km
2
 pixel. 

 

Figure 3. Grid of total economic activity in millions of dollars per km
2
 pixel  

(a) North-eastern United States, (b) Japan, (c) Nile Delta, Egypt, (d) New Delhi, India. 

  

  

(a) (b) 

(c) (d) 
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The estimated GSPIi and GDPIi were aggregated to the state and the country level, respectively,  

and were compared to the official estimates of GSP and GDP. The estimated values were greater than 

official estimates by up to 30 percent for almost all the administrative units. This was as expected 

because the estimated values were derived through calibration of the SOL with the official GDP or 

GSP with the addition of an estimate of the informal economy. When compared with GDP or GSP 

with added informal economy percentages, it showed a mixed picture of underestimation to about  

40 percent and overestimation to about 25 percent at the national and sub-national level [8]. 

In another landmark study three economists from Brown University put forward the significance of 

the nighttime lights data in measuring economic growth of countries, especially for those with  

low-quality income data. They developed a statistical framework to demonstrate how changes in night 

light data from 1992 to 2003 could be used to complement official income data to get improved 

estimates of true income growth of countries [12]. When the researchers applied their developed 

methodology to countries with low-quality income data, the derived estimates were significantly 

different from the official estimates. For example, while official estimates suggested a negative  

2.6 percent annual growth in GDP for the Democratic Republic of Congo, lights suggested a  

2.4 percent annual growth rate in GDP. Thus, lights suggested Congo as growing faster than what 

official estimates suggested. On the other hand, although Myanmar had an official growth rate of  

8.6 percent a year, lights implied a much slower growth rate at 3.4 percent. The results obtained from 

the nighttime images were more believable considering the socio-economic and political situations of 

those countries. 

Pestalozzi et al. [15] in their intensive analysis of the spatial distribution of lights over 17 years 

(1992–2009) have found that the global ―center of gravity‖ of the nighttime lights has been moving 

east and south as emerging economies in India, China, and Southeast Asia have ―lit up‖. Further 

analysis of brightly lit city growth covering 160 countries demonstrated the efficacy of the nighttime 

light images in monitoring the expansion of developing countries (like India and Brazil), the expansion 

of agglomeration sizes (like Shanghai in China and the Nile delta of Egypt), the degeneration of 

countries undergoing a demographic decline and a reduction in urban population (like Russia and the 

Ukraine), and the successful implementation of light abatement programs like that of Canada and the 

United Kingdom. 

The spatial relationship between nighttime lights and economic activity has been examined in 

greater depth for studies conducted in other countries. For example, Xiangdi et al. [14] found a clear 

logarithmic linear relationship between nightlight index and the sum of secondary and tertiary industry 

at the national level for China. They extended the relationship to create a 1km grid GDP map of  

China reflecting the national distribution of the secondary and tertiary industry of China at a finer 

spatial resolution. 

Similarly, in a current study for Myanmar, the spatial relationships between nighttime light patterns 

and economic activity were exploited to estimate GDP at the district level, and later the relationship 

between spatial distributions of economic activity with population was also examined, which would 

have important policy implications for the country [16]. An investigation of the applicability of the 

DMSP-OLS data in monitoring settlement patterns, population, electricity consumption, GDP, and 

carbon dioxide emissions at different spatial levels for the Republic of Kazakhstan proved the value of 

the DMSP-OLS data in monitoring such socio-economic parameters [13]. 
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Investigations were also conducted to estimate total GDP and sector-wise GDP (primary, secondary 

and tertiary sector) at a greater granular level, that is, at the district-level for developing countries like 

India. Log-linear models between sum of lights (SOL) and official GDP values, with dummy variables 

for districts with hierarchical urban clusters (metros, sub-metros, capital cities), and snow-covered 

areas, were developed. Through these models it was observed that nighttime lights data could explain a 

large part of the variation in district level GDP. Sector-wise examination revealed that the nighttime 

lights had the highest coefficients for the GDP of secondary or the manufacturing sector [10]. In 

another study, relationship between nighttime lights and households within different income brackets 

at the district level for India was examined. It was observed that although a good relationship exists 

between nighttime lights and households in low, middle, and high income brackets, the relationship is 

much stronger for households in higher income brackets than those in the lower income brackets [11]. 

Mellander et al. [17] investigated the relationship between stable lights and radiance-calibrated 

nighttime lights, and economic activity, population, and establishment density, for geo-coded  

micro-data of Swedish establishments and individuals. They found that the nighttime lights could 

serve as a better proxy for population and establishment density, indicating levels of urbanization 

rather than total population. They also suggested the nighttime lights were a good indicator or proxy 

measure of number of establishments, or total production and consumption in terms of wages. They 

also found that the radiance-calibrated images had a stronger correlation with economic activity than 

the stable lights images. 

2.2. Nighttime Lights and Poverty 

Poverty is antithetical to human well-being. Therefore, attempts are made to quantify areas of 

poverty and population in poverty so that aid and development resources can be targeted most 

effectively and efficiently. Consequently, poverty maps assume great importance. However, many 

poverty maps are available only at the national level in which one value is representative of an entire 

administrative unit. Elvidge et al. [18] conducted a novel study by creating the first spatially 

disaggregated 1 km
2
 resolution map of population in poverty. Two spatially disaggregated data 

sources—the nighttime stable lights satellite image of 2003 along with the LandScan population grid 

of 2004 were used for this purpose. The LandScan 2004 grid depicting population count numbers were 

divided by the average visible band digital number from the stable lights nighttime image to develop 

the grid of Poverty Index (PI). In areas where population was present but no light was detected, the full 

population count was passed to the index (Equation (7)). 

For estimating the population in poverty, a calibration was developed based on the poverty line data 

available from the World Development Indicators (WDI) 2006 national level estimates. The 

international poverty line in WDI in purchasing power parity was specified in terms of the number of 

individuals living on less than $1.08 and $2.15 a day at 1993 international prices. The calibration was 

developed on the basis of the WDI 2006 national level estimates for the percentage of people living on 

$2 or less per day [41]. To establish the calibration, the sum of the PI values was extracted for each 

country, divided by the total population count, and then multiplied by 100 to form a Normalized 

Poverty Index (NPI). The NPI was then regressed to the percentage of population living on $2 per day 

or less and this gave an R2 of 0.72 (Equation (8)). 
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Poverty Index (PI) at the grid level = LandScan 2004 population grid (7) 

                                                                                Stable lights nighttime image of 2003 

                     Normalized Poverty Index (NPI) at the country level =  

Sum of PI for each country × 100 (8) 

                                                Total population of each country 

The calibration coefficients derived from the regression were applied to the NPI grid to get a 

percent estimate of poverty in each grid cell and then multiplied with the population count grid to yield 

an estimate of the population count in poverty (poverty count) (Figure 4). 

Figure 4. Poverty count grid. 

 

Poverty count could then be aggregated to the national or sub-national level. Aggregating the 

poverty counts to the sub-national level administrative units (states/provinces) (Figure 5) gave rise to 

patterns which matched expected patterns, with lower poverty levels in the more prosperous areas. For 

instance, coastal China showed lower poverty levels than interior areas, north-eastern India showed 

higher poverty rates than western and southern India, and the prosperous Sao Paolo region of Brazil 

demonstrated as having lower poverty rates than the rest of Brazil. 

Figure 5. Percentage of population in poverty for sub-national administrative units based 

on satellite data-derived poverty index. 
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Nighttime light images were used as a proxy measure of poverty at the Administrative 1 level for 

African countries to enable health interventions in the most required areas [19]. Mean brightness of 

nightlight pixels, distance to nightlight pixels, and proportion of area covered by nightlights were 

computed for each administrative level polygon. Asset-based indices were computed from national 

household survey data using principal components analysis. Correlation was examined between the 

asset-based indices and the three nightlight metrics in both continuous and ordinal forms. It was seen 

that the mean brightness of nightlights had the highest correlation coefficient with the asset-based 

wealth index in both continuous and ordinal forms. Realizing the usefulness of these nightlight metrics 

as a proxy for asset-based indices, the authors concluded that this proxy variable could be used to 

explore economic inequality in health outcomes and access to healthcare facilities at sub-national 

level, when data at the required resolution are not available. 

Understanding the importance of estimating regional poverty levels for undertaking measures for 

eradicating poverty, Weng et al. [20] investigated the value of the DMSP-OLS stable lights nighttime 

imagery in estimating regional poverty for 31 regions at a provincial scale for China. Principal 

component analysis (PCA) was used to develop an integrated poverty index (IPI) from 17  

socio-economic indexes, which have been proven to be good representatives of poverty levels in 

China. Average Light Index (ALI) was computed for each region on the basis of the total number of lit 

pixels. Regression analysis between IPI and ALI for the 31 provinces in China gave an R
2
 of 0.85. This 

research proved yet again the significance of the nighttime images as a proxy variable in analyzing 

poverty at the regional level. 

Perhaps the most recent and important recognition of using nighttime lights as a proxy variable for 

estimating poverty came up in the DC Big Data Exploration workshop held between 15–17 March 

2013 in Washington, DC, USA. DataKind, in partnership with the World Bank, and its partners 

UNDP, UNDB, UN Global Pulse, and the Qatar Computing Research Initiative, conducted the 

workshop to explore innovative ways to fight poverty and corruption [21]. A team of experts in the 

span of a weekend explored the possibility of the nighttime image to be used as a substitute variable 

for estimating sub-national poverty levels. They overlaid light information with other geospatial 

indicators (for example, population, change in poverty) and performed statistical analysis illustrating 

that lighting levels in the nighttime images could predict poverty level in 2001 for Bangladesh. They 

put forward their suggestion to the World Bank to use these findings to carry out more sophisticated 

experiments relating nighttime lights and poverty, and to construct a software application which would 

enable monitoring poverty in real-time from remote sensing images. 

2.3. Use of Nighttime Lights for Estimating Informal Economic Activity and Remittances 

One of the criticisms of GDP as a measure of social welfare is that it does not take into account the 

informal transactions in the economy. For example, transactions of street vendors in Mexico City, 

rickshaw pullers in Kolkata, barbers, cobblers, and vendors selling a diverse array of products 

including vegetables, fruit, cigarettes, toys, etc.; women selling goods or produce from their homes, 

garment makers, embroiderers, are all informal workers, whose transactions are not recorded in the 

national accounts. However, informal economic activities are a means of livelihood for large fractions 
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of populations, especially in developing countries. Informal economic activity is essential to many 

people’s very survival. 

Remittances are the funds that the international migrants send back to their countries of origin. 

Remittances contribute to the Gross National Income (GNI) of a country, where GNI is the sum of 

GDP plus net receipts of compensation of employees and property income from abroad. Remittances 

are a major source of external financing in developing countries and often help to improve the 

economic conditions of families in domestic countries. Obtaining official estimates of inflow of 

remittances is fraught with problems. 

Because of the problems associated in obtaining informal economy estimates, an attempt was made 

by Ghosh et al. [23] to estimate informal economy using nighttime light image. This was based on the 

assumption that since the official estimates of GSP, GDP, and GNI, are believed to include most of the 

formal transactions in the economy, any surplus of these economic values measured from the spatial 

patterns of nighttime lights can be attributed to informal economy and inflow of remittances, which 

often are underestimated in the official figures. Thus, models were developed to estimate the Gross 

Domestic Income, informal economy and remittances of Mexico on the basis of the spatial patterns of 

nighttime lights and the more reliable official figures of Gross State Product (GSP) of the United 

States (U.S.). The radiance-calibrated nighttime satellite imagery data of 2000–2001, and the 

LandScan population data of 2000 were used in this study. 

In the model developed, a brightness threshold was selected to determine the lit urban regions of the 

U.S. on the DMSP-OLS nighttime image. Aggregated values of the lit areas were obtained for all  

the U.S. states. Population sums of the corresponding lit areas were acquired from the LandScan 

population grid. Then on the basis of the law of allometric growth [42], and the aggregated values of 

the areas and populations of the U.S. states, estimated populations of the U.S. states were computed. 

Next, a multiple regression model was developed to estimate the Gross State Income (formal plus 

informal economy) for each U.S. state, using the estimated urban population of each state, the sum of 

light intensity value of all lights above zero for each U.S. state, and GSP of each U.S. state inflated by 

adding 10 percent of informal economy contribution to the GSP of each state [43,44]. In the next step, 

the same threshold which was used to demarcate the urban areas of the U.S. was used to demarcate the 

urban regions of Mexico, and the ―U.S. equivalent‖ urban population of Mexico was estimated  

(P´ Mexi) using the model developed for the U.S. The same regression model developed for the U.S. 

was used to estimate the Gross State Income (EGSI Mexi) of each Mexican state using the ―sum of 

lights‖ for each Mexican state (S Mexi) and estimated urban population of each Mexican state (P´ Mexi) 

(Equation (9)). 

EGSI Mexi = α USi + β USi × P´ Mexi + β USi × S Mexi (9) 

The EGSI Mexi was assumed to include the formal economy, informal economy, and inflow of 

remittances. Adding the EGSI of each Mexican state provided the Estimated Gross Domestic Income 

(EGDI Mex) for Mexico. The EGSI values were compared to the GSP values of each Mexican state, 

although they should be compared with the GNI values. However, GNI values were not available at 

the state level. Plotting the EGSI of Mexico against the GSP of each Mexican state, excluding Distrito 

Federal or Mexico City, showed that GSP of Mexico was overestimated for 27 Mexican states and 
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underestimated for one state. The Pearson’s correlation coefficient of the official GSP versus modeled 

EGSI was 0.87 indicating a strong association between the two variables (Figure 6). 

Figure 6. Official GSPMexi versus Modeled EGSIMexi of the Mexican states, excluding 

Distrito Federal. (Source: adapted from [23]). 

 

The model underestimated the EGSI of Mexico City by 86 percent in comparison to the official 

GSP. Thus, the EGSI of Mexico City was an outlier, and had to be excluded from the graph. However, 

it was included in the calculation of the EGDI Mex. In the last step of the analysis, underestimation of 

informal economy (UIER) and remittances in the official GNI estimate was calculated by subtracting 

the GNI of Mexico from the EGDI of Mexico. The result demonstrated that the informal economy and 

inflow of remittances for Mexico was about 150 percent larger than what was recorded in the official 

estimates of Gross National Income (GNI) (Table 1). 

Table 1. Determining the magnitude of underestimation of informal economy and 

remittances in the official estimates of GNI of Mexico. (Source: adapted from [23]).  

Row 

No.   

In U.S. $ 

billions 

1 Nighttime lights Estimated GDI of Mexico (EGDIMex) (formal+informal+remittances)  1,041 

2 Official estimates of the GNI of Mexico (GNIMex) (formal+informal+remittances) * 886 

3 Predicted underestimation of remittances and informal economy (UIER) 155 

4 Official estimates of Informal economy in 2000 ● 99 

5 Official estimates of remittances in 2000 ♦ 7 

6 Total official estimates of informal economy and remittances 106 

7 Predicted underestimation of remittances and informal economy  155 

8 Total official estimates of informal economy and remittances 106 

9 Magnitude of underestimation  ~ 150% 

* Data source: INEGI, Sistema de Cuentas Nacionales de Mexico, Producto interno bruto, a precios 

de Mercado, 1999-2004; ● Source: INEGI, Sistema de Cuentas Nacionales de México, Cuentas por 

Sectores Insititucionales, Cuenta Satelite del Subsector informal de los hogares, 1998–2003;  
♦  Data source: Bank of Mexico, Annual Report, 2004. 
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The model provided an objective and independent measure of economic activity based on the 

spatial pattern of lights and the more reliable measure of economic activity of a developed country. 

Even with its flaws it can be looked upon as an approach, which provides a standardized methodology 

for estimating economic activities, including informal economy and remittances, for all countries of 

the world, as well as the potential for estimating disaggregate economic activity at the sub-national level. 

2.4. Use of Nighttime Lights for Developing the Night Light Development Index (NLDI) 

There is an increasing recognition that the distribution of wealth and income amongst the 

population in a nation or region correlates strongly with the level of human development of the 

population of that nation or region. This in turn is correlated to the happiness and well-being of the 

population of the nation or region [45]. Gini coefficients derived from Lorenz curves are a  

well-established method for measuring income distribution. However, measuring the distribution of 

wealth and income at national and regional scales is a challenging problem. Thus, an alternative 

measure of the distribution of wealth was developed using the nighttime lights image and the 

LandScan population grid. This was called the Night Light Development Index (NLDI) [24]. 

The NLDI was developed using the same concept of the Lorenz curve and Gini coefficient.  

A tabular list was created with data on population count extracted from the LandScan population grid 

of 2006, and lighting radiance data extracted from the radiance-calibrated nighttime image of 2006. 

The tabular list was sorted from the dimmest to the brightest, and the cumulative percentages of light 

and population were calculated. The Lorenz curve was drawn after plotting the cumulative percentage 

of population on the x-axis and the cumulative percentage of light on the y-axis. The ratio of the area 

between the diagonal line of 45 degrees (depicting the line of perfect equality) and the Lorenz curve 

(pink area in Figure), and the area between the line of perfect equality and perfect inequality (yellow 

area in Figure) gave the NLDI (similar to the Gini coefficient). The NLDI varies from 0 to 1 as does 

the traditional Gini Coefficient and the Human Development Index (HDI) (Figure 7). 

The NLDI measures how emitted light as observed by the DMSP-OLS is spatially distributed 

relative to the spatial distribution of the human population. If one person in a nation or region had 

lived by themselves in the only square kilometer that produced nighttime light emissions detected by 

the DMSP-OLS then that nation or region would have a spatial Gini coefficient of 1.0. If all people in 

a nation or region lived in areas of the country such that they all had the same average amount of 

nighttime light emission per person the NLDI would have a value of 0. 

NLDI coefficients were calculated at the global level, national level (for each country), at the  

sub-national level (for each state or province within each country), and at the Gridded level (that is on 

a quarter degree grid, with no consideration of national or sub-national boundaries). The global NLDI 

was 0.893 and was driven to higher values by the 1.2 billion people who live in areas with no 

detectable lighting. The NLDI values at the national level depicted a wide range of values with the 

overall trend being such that highly developed countries had low NLDI values, and less and least 

developed countries had high values. Island states were also seen to have unusually low NLDI values. 

NLDI values for the sub-national units (primarily states and provinces) made it possible to see the 

variation of NLDI within individual countries (Figure 8). It was observed that developed, urbanized, 

and industrialized areas within countries have higher sub-national NLDI values than the less developed 
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areas. For instance, eastern China, which is more developed than the western Chinese provinces, had 

much lower NLDI values. Again, for India, the developed areas around Bangalore, Hyderabad, 

Mumbai and Delhi had lower NLDI values than the rural interior areas between Delhi and Kolkata. 

The gridded NLDI at a spatial resolution of 0.25 degree provides great spatial detail revealing the 

variation in the NLDI values within countries on a uniform spatial grid (Figure 9). 

Figure 7. Graphical representation of the Gini coefficient. (Source: adapted from [24]). 

 

Figure 8. Map of sub-national Night Light Development Index (NLDI) values. 
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Figure 9. Spatial grid of NLDI values. 

 

Correlations were examined between the country-level NLDI and several other national level 

indices, including the income Gini coefficient. The NLDI showed weak correlations with traditional 

Gini coefficients measured by the World Bank with an R
2
 of 0.1 (Figure 10a). However, the NLDI 

showed strong negative correlations with the electrification rates (Figure 10b) and Human 

Development Index (HDI) (Figure 10c) with R
2
 values of 0.69 and 0.71, respectively. 

Figure 10. National NLDI vs. Income Gini, Electrification rates, and Human Development 

Index. (Source: adapted from [24]). 

  

 

(a) (b) 

(c) 
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The weak relationship between NLDI and the income Gini highlights the fact that brightly lit areas 

in the DMSP imagery correspond to areas of high population densities having a varied mix of 

individual income levels and not only to lower population densities of a few wealthy people. Thus, 

even though the Lorenz curve methodology of measuring income inequality motivated this work, it 

was realized that NLDI was a more appropriate index for measuring development than income 

distribution. The HDI is a composite statistic that uses life expectancy, literacy, education, and 

standards of living to measure human well-being. The strong inverse relationship between NLDI and 

HDI influences the consideration of NLDI as a supplemental measure of human development. 

2.5. Use of Nighttime Satellite for Mapping and Monetizing the Human Ecological Footprint 

Since the nighttime light images correspond to areas of human habitation, the anthropological 

impacts of human activities were also studied using these images. Minimizing the human ecological 

footprint and not exceeding the carrying capacity of the earth have become key ecological indicators of 

the bio-physical sustainability for the human race. Human well-being is undoubtedly linked to leading 

a sustainable lifestyle. 

A new method was devised for measuring anthropogenic environmental impact, which was 

monetized as an environmental cost. Two global maps—Net Primary Productivity (NPP) and 

Impervious Surface Area (ISA) were used for this purpose. Anthropogenic Impervious Surface Area 

(ISA) was used as a spatially explicit proxy measure of human ―demand‖ on the planet and NPP was 

used as a spatially explicit proxy of the ecosystem services ―supplied‖ by the planet. ISA are those 

land surfaces that have been converted by human action to impervious surfaces. These two global 

values were set to the same number ($50 trillion), with the assumption that the human impact on the 

world is balanced by the earth’s ability to absorb the impact. This assumption causes the resulting table 

of national deficits and national surpluses to have a zero sum. The final map presented a map of 

ecological surpluses and deficits (in U.S. dollars). This map was summarized at the country level for 

easy comparisons. 

The ISA map was made from the nighttime satellite imagery, LandScan population data, and 

impervious surface area data for the conterminous USA derived from Landsat. High-resolution aerial 

photography was used to develop regression parameters to create a model for predicting impervious 

surface area with nighttime lights and population. The U.S. Geological Survey (USGS) impervious 

surface product for the conterminous USA was used as calibration data for the model. The final 

product was a 1-km
2
 resolution grid with a global distribution of 580,000 km

2
 of impervious surface 

area. The ISA per person and Ecological footprint (developed by Wackernagel and Rees, [46]) in 

global hectares (gha) per person were shown to be highly correlated with an R
2
 of 0.78. The pixel 

values of the ISA product ranged from 0 to 100 percent [47]. The $50 trillion dollars was 

disaggregated to those pixel values on a simple linear basis to produce the monetized map of human 

impact on earth (Figure 11). 
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Figure 11. Anthropogenic impervious surface area monetized to $50 Trillion for the  

year 2000. 

 

In an identical manner, $50 trillion dollars were disaggregated to a global dataset of NPP developed 

and disseminated at the Oak Ridge National Laboratory [48]. NPP is the ―net amount of solar energy 

converted to plant organic matter through photosynthesis. It can be measured in units of elemental 

carbon and represents the primary food energy source for the world’s ecosystems‖. In the model 

developed, the dollar values of earth’s renewable natural endowment was produced by spreading  

$50 trillion dollars in a simple linear allocation to the pixel values of this global NPP dataset (Figure 12). 

Figure 12. Net primary productivity monetized to $50 Trillion for the year 2000. 

 

The monetized ISA and NPP images were converted to be in the same resolution (1 km
2
) and same 

projection (Mollweide equal area projection). Then these two images were subtracted to create a global 

map of the surplus or deficit value of natural production (NPP)–Human Impact (ISA). The assumption 

was that humanity was presently at or about carrying capacity (Equation (10)). 

NPP (monetized to $50 trillion) − ISA (monetized to $50 trillion) = Ecological balance (10) 

(i.e., Natural production ―supply‖ − Human Impact ―demand‖ = National Surplus or Deficit). 
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The resulting grid of ecological balance was aggregated to national or country levels of aggregation 

(Figure 13). For each country, the total value of NPP ($NPP), Total Cost of ISA ($ISA), the difference 

between $NPP and $ISA (Eco-balance), and Eco-balance per capita were calculated. 

Figure 13. Map of country level ecological balance. 

 

The regions of highest surplus values were found in Russia, Brazil, Australia, Canada, Central 

Africa, Central America, and parts of Southeast Asia. These regions are operating their national 

economies below the carrying capacity of their national ecosystems. These patterns correspond with 

another study that used the value of the nation’s ecosystem services instead of NPP and nighttime 

satellite imagery instead of ISA [49]. However, many of these areas are losing vital ecosystem services 

because of rapid deforestation. On the other hand, regions such as North America, China, India, and 

Europe, show ecological deficits, which implies that high levels of human development and population 

are exceeding natural production values. In these regions national production and consumption levels 

have exceeded ecological capacity. 

The ecological balances measured for the countries were found to have a high correlation with 

Ecological Deficit metrics established up by the Global Footprint Network [49]. Because of the large 

amount of data required to generate Ecological Deficit numbers, and since data are not available for 

some countries, the simple metrics available from this method of ecological accounting serve as a 

useful supplement to Ecological Deficit Data. 

2.6. Nighttime Lights and Electrification Rates 

Access to electricity is also considered to be an indicator of quality of life. Having limited or no 

access to electricity gives rise to conditions which are unfavorable to human health and well-being, 

such as lack of refrigeration for food, poor water and sanitary facilities, limited access to health care 

services. For many people the absence of electricity brings life to a standstill after sunset. 

The DMSP-OLS nighttime lights imagery in combination with the LandScan population grid have 

been used to measure electrification rates as an indicator of quality of life [26]. Both the stable lights 

nighttime imagery and the LandScan population grid were for the year 2006 (Figures 14 and 15). 
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Figure 14. Color composite image made with the 2006 LandScan population grid and  

the 2006 Defense Meteorological Satellite Program (DMSP) nighttime lights. In the 

developed world there is an abundance of lighting yielding a cyan color. Red areas indicate 

dense population with no detectable DMSP lighting. 

 

Figure 15. LandScan population count per grid cell, 2006. 

 

The national level reference data on the extent of electrification were taken from the International 

Energy Agency’s (IEA) World Energy Outlook (WEO), 2006 [50–52]. The IEA has admitted to 

having no internationally accepted definition for electric power access and no standardized method for 

data collection. This is yet another example of how the use of two gridded data products derived from 

censuses, satellite imagery, and spatial analysis can provide useful and valid proxy measures. 

From the nighttime imagery, lighting from the gas flares was masked out. The locations of gas 

flares in the DMSP nighttime lights had been demarcated using high-resolution imagery in Google 

Earth in a study done earlier [53]. The remaining lights in the DMSP imagery are necessarily from 

electric lighting. A binary mask was created for areas lit by gas flares. This mask was applied on the 

LandScan population grid to zero out the population in areas lit by gas flares. A second mask was 

created for the remaining lights. This mask was used to divide the gas-flare-free population into two 

segments: (A) population with lighting detected (Figure 16); (B) population with no lighting  

detected (Figure 17). 
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Figure 16. LandScan population count in areas with DMSP detected lighting. 

 

Figure 17. LandScan population count in areas with no DMSP detected lighting. 

 

The percent electrification rate was then calculated as (Equation (11)): 

Population with DMSP lighting (A) × 100 (11) 

                                                         Total Population (A + B) 

Since the LandScan data is a disaggregated map it could be aggregated to national, sub-national or 

any user-defined spatial aggregations. The aggregation was done at the national and the sub-national 

(states and provinces) level (Figure 18). The total number of people found to be without electricity  

was 1.62 billion, only about 2.5 percent larger than the 1.58 billion estimated by the IEA. The 

electrification rates for the countries as estimated from the DMSP nighttime lights were in an overall 

agreement with the IEA electrification rates. Developed countries for which IEA reported near  

100 percent electrification rates, yielded DMSP estimated electrification rates ranging from 98 to  

100 percent. The countries for which the DMSP estimated electrification rates were less than  

20 percent are some of the poorest countries in the world. 

However, there were cases where they differed substantially. Among the top 10 countries where the 

IEA reported electrification rates were higher than the DMSP estimates were Thailand, China, and 

Cuba with more than 20 percent difference between the two numbers. Countries reported by the  

IEA as having 10–20 percent higher electrification rates were Brazil, Paraguay, Mongolia, Cameroon, 

and Algeria. 
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Figure 18. DMSP estimated electrification rates for sub-national units (states and provinces) 

for the year 2006. 

 

Among the countries for which the DMSP estimated electrification rates were higher than the IEA 

estimates were Iraq, Congo, Pakistan, Sri Lanka, Qatar, Indonesia, Lesotho, Bangladesh, Afghanistan, 

Gabon, and India. For both India and China it was noticed that the core of the DMSP identified 

population with no detected lighting were located in the heavily populated and the poorest zones of the 

nations (Figure 18). 

Even though this method of estimating electrification rates is not flawless, the nighttime lights and 

population grid produced the first global systematic global assessment of electrification rates as an 

indicator of human well-being. 

Chand et al. [54] studied the socio-economic development of Indian states and cities over a decade 

(1993 to 2002) by looking into the spatial and temporal changes in electric power consumption using 

the nighttime lights data obtained from the DMSP-OLS images over the Indian region. Information  

of changes in light situation over the decade was integrated with demographic and electricity 

consumption data for India, and it was seen that an increase in population over the decade was 

accompanied by a simultaneous increase in power consumption and an overall increase of about  

26 percent nighttime lighting. Correlation analysis between increase in population to the increase in 

nighttime lights and electric power consumption gave R
2
 values of 0.59 and 0.56, respectively. 

Moreover, an increase in light intensities along the peripheries of major Indian cities was observed. 

Some states, however, showed a decline in nighttime lights, which could be primarily attributed to 

declined economic growth and poverty in those states. 

2.7. Use of Nighttime Satellite Imagery for Estimating the Information and Technology Development 

Index (IDI) 

The development of societies as information societies is another measure of the progress and  

well-being of societies. The International Telecommunication Union (ITU), a United Nations Agency, 

has developed a tool known as the Information and Communication Technology Development Index 

(IDI) to measure the development of countries as information societies. The IDI is a composite index 

made up of 11 indicators covering Information and Communication Technology (ICT) use, access, and 
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skills. Most of the indicators included in the IDI were found to have a close relationship with GDP per 

capita [55]. This encouraged the possible investigation of using nighttime lights as a proxy measure of 

IDI through its utilization in creating the GDP grid [8]. 

The use of the nighttime lights imagery in creating the GDP grid has already been discussed in the 

previous section. The disaggregated map of total economic activity was aggregated to the country level 

for all countries of the world. The aggregated GDP values were then divided by the population of the 

countries to get GDP per capita values. A second-degree polynomial regression relationship was 

established between the estimated GDP per capita and the official IDI values. This regression 

relationship gave an R
2
 of 0.89 and provided estimated IDI values for all countries of the world  

(Figure 19). Plotting the official versus estimated IDI for all countries of the world with a 1:1 line 

showed that the estimated IDI has a strong association with the official IDI with a Pearson’s 

correlation coefficient (R) of 0.97 (Figure 20). 

Figure 19. Second-degree polynomial regression for estimating Information and 

Communication Technology Development Index (IDI). (Source: adapted from [27]). 

 

Figure 20. Official IDI versus Estimated IDI for the countries of the world. (Source: 

adapted from [27]). 
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On the basis of the regression relationship between official IDI and estimated GDP per capita  

an attempt was made to create a global grid of IDI at 30 arc-second resolution. However, at the  

30 arc-second resolution, city centers were seen to have lower GDP per capita in comparison to areas 

surrounding the city centers, and thus the regression relation between official IDI and estimated GDP 

per capita could not be employed at that spatial resolution to create the IDI grid. 

Since it was not possible to create the IDI grid at the 30 arc-second resolution, the estimated IDI 

map was created at the sub-national level (Figure 21) and at the national level for the South-East Asian 

countries (South- East Asian countries was the focus because the 30th APAN meeting for which this 

paper was written was held in Hanoi, Vietnam in South-east Asia). 

ICT promotes tremendous socio-economic development of societies, including productivity gains, 

development of new technologies, facilitating trade in service sectors, providing more employment in 

ICT-related sectors, providing enhanced flexibility for firms and workers, improving education 

performance, and enabling more women to participate in the employment workforce. The production 

of ICT maps at finer spatial resolutions from nighttime satellite images (which can be updated 

frequently) would facilitate government and policy makers to concentrate their resources in promoting 

ICT development in areas where they are lagging behind [27]. 

Figure 21. Estimated IDI map at the state level for the South-east Asian countries. (Source: 

adapted from [27]). 

 

2.8. Use of Nighttime Lights for Measuring the Dynamics of Urban Structure 

The nature of urban form and the patterns of urban development are regarded as having a 

fundamentally important impact on ecosystem function, ecosystem health, and sustainability [28]. 

Continuing studies of the dynamics of urbanization through time using nighttime lights enables  
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the comprehension of adverse effects of urbanization related to loss of vegetation, increase in 

temperatures, air and water pollution, loss of species’ habitats, growth and spread of urban slums, 

poverty, and unemployment. Nighttime light images have added to studies of urban dynamics [29–32]. 

Imhoff et al. had used city lights data set to map urban areas of the continental United States [56]. 

Sutton [29] developed a ―scale-adjusted‖ measure of urban sprawl for spatially contiguous urban areas 

of the conterminous United States with population of 50,000 or greater. 

Zhang and Seto [30] used multi-temporal nightlight data to examine the feasibility of such data  

use in probing changes in urbanization at regional and global scales. They used an unsupervised 

classification method on the data to map urbanization dynamics in India, China, Japan, and the United 

States. Through their study they found out that for two-year intervals between 1992 and 2000, India 

constantly had higher growth rates than China, and both of these countries had higher growth rates 

than Japan and the U.S. These trends were in agreement with the comparative faster rates of population 

growth of India and China during those years. However, for the two-year intervals between 2000 and 

2008, China experienced higher urban growth rates than India. They concluded that nightlight data 

could provide a regional and possibly global measure of the spatial and temporal changes in 

urbanization dynamics for countries at certain levels of economic development and whose growth are 

driven by growth in population. 

In a latest study, Ma et al. [31] have investigated the long-term relations between nighttime 

weighted lit area and four urbanization variables—population, gross domestic product (GDP), built-up 

area, and electric power consumption. They used three types of regression models—linear, power-law, 

and exponential functions to study these long-term relationships for more than 200 prefectural level 

cities and municipalities for China. They established that nighttime lights could definitely serve as an 

explanatory indicator for these variables of urbanization dynamics at the local level. However, the 

quantitative models should vary with different patterns of urban development, especially for cities 

experiencing fast urban growth at the local scale. 

Pandey et al. [32] used the nighttime lights and SPOT vegetation (VGT) dataset for the period 

1998–2008 to extract urban areas in India employing the support vector machine (SVM) method. SVM 

is a semi-automated technique that enables the regional and national scale assessment of urbanization 

without necessitating the thresholding method for nightlights data. Different spatial metrics were 

calculated and analyzed state-wise, which provided information on the pattern and spread of cities and 

urban areas in India during those 10 years. The states of Tamil Nadu, Punjab, and Kerala, showed the 

highest rate of increase in urban areas. Moreover, some states showed highly aggregated patterns of 

urban growth while others showed a dispersed pattern. 

There is a general consensus that increased urban population density is a good thing [57]. 

Nonetheless, this is not an absolute consensus and many regard some aspects of good urban design 

(e.g., biophilic urban design) to potentially be in conflict with the goals of increased urban density [58]. 

A recent study juxtaposing nighttime satellite imagery with radar imagery demonstrated dramatic 

differences between the evolution of urban structure in cities in India and China [59]. Changes to the 

nighttime lights were contrasted with changes to radar backscatter information. The strength of the 

radar backscatter was regarded as a proxy measure of increased building height. Cities in China 

appeared to be building up with increased urban population density whereas cities in India appeared to 

be growing out with larger areas of lower population density. This work represents an empirical 
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measure of a very fundamental difference in changing urban form that warrants greater understanding 

with respect to the impact these two dramatically distinct trajectories of urban growth have on human 

well-being. One aspect of urban structure is the extent and density of peri-urban or exurban 

development. This kind of development varies dramatically between the United States and Australia 

despite the fact that the urban areas of both countries developed extensively during the post World War 

II automotive era [60]. Exploration of the relationship between these diverging and unprecedented 

manifestations of urban form and measures of human well-being is likely to be an active research area 

for the near future. 

3. Discussion 

The greatest advantage of all these measures of well-being is that they provide a simple, objective, 

spatially explicit and globally available empirical measurement of human well-being derived solely 

from nighttime satellite imagery and population density. The remotely sensed nighttime images act as 

a satisfactory proxy variable when discrepancies in measurements of economic data like GDP, inflow 

of remittances, and measures of inequality such as the Gini coefficient, exist. Although in developing 

countries a greater percentage of economic activity is conducted in the informal economy sector, they 

are often excluded from formal statistics. The nighttime lights provide an alternative method for 

measuring the spatial distribution and magnitude of the informal economy. A great deal of economic 

data are made available through surveys which may be biased or influenced. In addition, these surveys 

often have long time intervals between administrations. Moreover, most of the data are available at the 

national level, and only in some cases at the sub-national level. Creating spatially explicit grids of 

these economic variables at 1 km
2
 spatial resolution provides the distinctive advantage of aggregating 

the data to any administrative unit as desired in any study. 

For example, the primary source of poverty line data in 2006 was from the World Bank. The 

international poverty line in purchasing power parity was specified in terms of the number of 

individuals living on less than $1.08 and $2.15 a day at 1993 international prices. A number of 

problems associated with the World Bank poverty line data were recognized. Not all countries 

conducted the survey to collect the required data and the survey repeat cycle was uncertain. The  

inter-comparability of the data was mired with uncertainties due to difficulties in reconciling 

consumption and income data, and also because of the discrepancies in the purchasing power parity 

estimates for individual countries. It is also likely that governments intervened and influenced the 

outcome of such surveys since they designed the questions, selected the areas of survey and conducted 

the interviews. Besides, the international poverty line can be considered to be a one-dimensional 

measure as it measures just the expenditure necessary to achieve the caloric intake of 2,100 calories 

per person per day. It ignores the multi-dimensional deprivation associated with poverty. The 

nighttime light images and the LandScan population data provide a globally consistent and uniform 

measure of poverty at the 1-km
2
 grid level [18]. 

Measuring the distribution of wealth and income at national and regional scales is an interesting and 

challenging problem. Gini coefficients derived from Lorenz curves are a well-established method of 

measuring income distribution. Nonetheless, there are many shortcomings of the Gini coefficient as a 

measure of income or wealth distribution. For example, subsidies such as food stamps may or may not 
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be counted, availability of free public education may or may not be present or incorporated into these 

measures, and informal economic activity is difficult to measure and allocate amongst households. 

Official data of national level income Gini coefficients are produced by the World Bank and Central 

Intelligence Agency by analyzing government reported income distribution data. However, many 

countries do not have a well-established program to collect the required data in a consistent manner 

and on a repetitive basis, and in such cases comparisons between countries becomes increasingly 

difficult and inaccurate. Furthermore, for many countries, the data available are inadequate for the 

calculation of Gini coefficients, and in many cases the data, which are available, are more than a 

decade old. The reported Gini indices at the national level conceal the discrepancy in income 

distribution that exists within a country. Well-documented problems associated with the use of GDP 

per capita as an average measure of wealth also apply to measures of the distribution of wealth that use 

monetary metrics such as GDP. Using the nighttime lights and LandScan population grid to measure 

NLDI provides a measure of human development that completely avoids the use of monetary measures 

of wealth [24]. 

Similarly, the IEA, which has been compiling and reporting data on electrification rates since 2001 

admits to having no internationally accepted definition for electric power access and no standard 

method for collecting such data. The agency has collected data from various sources to achieve their 

objective of reporting percentage of population having access to electricity. The nighttime lights 

provide a measure of electrification rates that is applied uniformly across the globe at a fine spatial 

resolution [26]. 

None of the approximations of human well-being using the remotely sensed nighttime images can 

be said to be free of errors. However, it can be assumed that a combination of several datasets having 

the ―right‖ kind of measurement errors may help to reduce the error in the final product. This 

assumption is derived from Browning and Crossley’s study [61] in which they concluded that ―it is 

better to have several error prone measures than one‖ [8]. 

Although artificial lighting has improved the quality of human life, and is considered as a proxy 

indicator of various human well-being variables in this paper, one should avoid the misinterpretation 

of equating light with well-being. 

Exposure to light at night has distinct social, ecological, behavioral, and health consequences. The 

exposure disrupts the circadian system in humans and leads to deleterious physiological and 

psychological health consequences. Research has found that exposure to unnatural light may cause 

cancer due to suppressed production of melatonin; may lead to mood fluctuations and depression; and 

also cause obesity [62]. 

Light pollution has a considerable effect on the behavioral and population ecology of organisms. 

These effects are the result of changes in orientation, attraction or repulsion from the altered light 

environment, which consequently affects foraging, reproduction, migration, and communication. 

Ecological light pollution affects insects, amphibians, fish, birds, bats, and other animals, and can have 

an effect on plants by altering their day-night cycle [63]. 

For instance, beachfront lighting disorients hatchling sea turtles and restrains their movement to the 

ocean. Artificial lighting also affects the egg-laying behavior of female turtles. Artificial lighting could 

give rise to competition among groups of species when they forage on the same resource but have 

preferences for different levels of lighting. Unexpected changes in lighting can affect the prey-predator 
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relationships, often offering an advantage to the predator. Befuddled insects may assemble around 

light sources until they die of exhaustion. This in turn will reduce their biomass and population size, 

and the change in the relative composition of their populations will have effects further up the food 

chain. Artificial lighting can confuse migratory fish and birds, causing excessive energy loss and 

spatial obstruction to migration. Consequently, this will result in phenological changes and reduce 

migratory success of these fishes and birds. Artificial lighting can cause early leaf out, late leaf loss, 

and extended growing periods in plants, which could affect the composition of the floral community. It 

can also be believed that a population’s genetic composition will be disturbed by light-induced 

selection for non-light sensitive individuals [64]. 

Some countries like Australia, Canada, Italy, and the UK, have taken steps to limit light pollution. 

Regulations are being imposed to shield outdoor lights and dimming lights during off—peak times. In 

February 2002, the Czech Republic became the first country to implement adoption of nation-wide 

lighting regulation with the passage of Protection of the Atmosphere Act [65]. These new regulations 

and ways of lighting may introduce bias in studies using lights to measure well-being. A region may 

seem to lower its light emissions because, simply, it wants to protect the night environment and 

improve the well-being of its citizens. By cutting the light escaping directly from fixtures towards 

space, the satellite will measure lower light emission while the useful light (toward the streets) will 

actually increase or remain unchanged. 

Because of the geographical, cultural, and economic differences in lighting between countries the 

relation between GDP and light emissions requires further investigation. Falchi found in 1998 that, 

despite a factor of two difference in the per capita income of southern Italy versus northern Italy, the 

per capita light emissions were the same, as measured with DMSP data [66]. Alejandro Sanchez de 

Miguel found that European countries have very different lighting habits, with Spain and Italy having 

the highest light emissions, while more developed countries such as Germany have much lower light 

emissions [67]. 

4. Conclusion 

This paper has reviewed the tremendous potential of nighttime satellite imagery for providing a 

variety of alternative measures of human well-being. These estimates can be made on a globally 

consistent basis and at higher frequency intervals than the typical decadal census of the population. 

Moreover, since these estimates can be made as spatially disaggregated 1-km
2
 grids, they can be 

aggregated to any desirable mapping unit. Cost cutting pressures in the public sector seem to be 

forcing much of the social science that serves the public good to rely on multiple inexpensive and 

uncertain measures of complex phenomena rather than single expensive measures. In the United States 

there is increasing pressure to eliminate major social science data sources such as the American 

Community Survey (ACS) [68]. On 9 May 2012 the House voted to kill the ACS. In light of the 

growing threats to the availability of good social science data, the kinds of proxy measures described 

here are appealing because they have lower costs of acquisition, are available globally, and appear to 

have validity. The nighttime lights data provided by the DMSP-OLS do have significant observational 

shortcomings including coarse spatial and spectral resolution and lack of onboard calibration. 

Recently, the Visible Infrared Imaging Radiometer Suite (VIIRS) flying on the Suomi National  
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Polar-orbiting partnership (NPP) between NASA and NOAA since October 2011 has provided data of 

higher spatial resolution (742 m) and spectral resolution (22 spectral bands covering visible,  

near-infrared, and thermal infrared regions). The use of high resolution nighttime data from VIIRS will 

definitely improve the capabilities of nighttime observation of the earth and to the related ways these 

nighttime lights images can inform out understanding and measurement of human well-being. 
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