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Abstract: Delay in publication of energy statistics prevents a timely assessment of progress 

towards meeting targets for energy saving and emission reduction in China. This makes it difficult 

to meet the requirements to rapidly monitor and evaluate energy consumption for each province. 

In this study, an alternative approach is provided to estimate the energy consumption by using 

satellite remote sensing data. We develop spatio-temporal geographically weighted regression 

models to simulate energy consumption of provinces in China based on the Defense 

Meteorological Satellite Program's Operational Linescan System (DMSP/OLS) global stable 

night-time light data. The models simulate China’s energy consumption accurately with the 

goodness of fit higher than 99%. Generally, the national average annual energy consumption is 2.8 

billion tonnes of coal equivalent in China between 2000 and 2013, which is close to the actual 

value with errors smaller than 0.1%. From both temporal and spatial dimensions, the relative 

errors are smaller than 5.5% at the provincial level. Therefore, the use of satellite night-time light 

data provides a useful reference in monitoring and assessing provincial energy consumption in 

China. 

Keywords: night-time light data; energy consumption; spatio-temporal geographically weighted 

regression; China; simulation 
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1. Introduction 

1.1 Context 

The ability of China to control its energy consumption and carbon emissions is critical not only for 

China but indeed for the whole planet. The Chinese government attaches great importance to 

sustainable development, energy conservation, and emission reduction [1-3]. The "Revolution of 

Energy Production and Consumption (2016–2030)" issued by the National Development and 

Reform Commission and the National Energy Administration of the People's Republic of China 

sets a clear target for energy consumption. By 2020, the total energy consumption in China must 

be controlled within 5 billion tonnes of coal equivalent; CO2 emissions intensity of GDP (the ratio 

of total CO2 emissions to GDP) should be reduced by 18% compared to those in 2015; and the 

energy consumption intensity of GDP (the ratio of total energy consumption to GDP) should be 

reduced by 15% compared to that in 2015. By 2030, the total energy consumption in China must 

be controlled; China's total annual energy consumption should not exceed 6 billion tonnes of coal 

equivalent; CO2 emissions intensity of GDP should fall by 60%~65% compared with 2005; the 

peak of CO2 emissions should be around 2030 and the targets should be achieved as soon as 

possible. Looking ahead to 2050, the Chinese economy should aim to produce less than half its 

energy requirements from fossil fuels. Simultaneously, all provinces have included the total 

energy consumption control target in the "13th Five-Year Plan" energy-development planning 

goals. Among these provinces Beijing, Inner Mongolia, Hunan and others regard total energy 

consumption limits as a binding target [4]. This shows that the Chinese government is fully 

committed to achieve a controlled reduction of its emissions through setting and maintaining 

achievable targets [5-7]. However, current delays in the production of China's energy statistics 

prevents a timely assessment of progress in meeting the targets for energy-saving and emission 

reduction for each province. Typically data used to update the China Energy Statistical Yearbook 

is one year out of date and that for the Local Statistical Yearbook around 9-10 months [8, 9].  

With the rapid development of satellite remote sensing technology in China, for example, the 

successful launch of China's first carbon satellite on December 22, 2016, satellite imagery data is 

continuing to be enriched. There is now a significant possibility for using satellite remote sensing 

data for reasonably accurate estimation of energy consumption in China's provinces on a sound 
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scientific basis in response to which further targets for energy-saving and emission-reducing 

policies can be formulated according to the observed spatio-temporal changes in provincial energy 

consumption. This is now in need of urgent research given the rapid progress in satellite-based 

remote-sensing big data. Global night-time light data acquired by the OLS sensor on the US 

military meteorological satellite DMSP is an ideal data source for monitoring the intensity of 

human activities to which energy consumption is closely related. The Defense Meteorological 

Satellite Program's Operational Linescan System（DMSP/OLS）global night-time light data can be 

used to estimate energy consumption effectively. By considering regional spatial heterogeneity and 

comprehensively using global night-time light data together with energy consumption, population 

size, land area and other statistical data, this paper establishes a spatio-temporal geographically 

weighted regression model of energy consumption in China based on DMSP/OLS night-time light 

data which can be used to estimate provincial energy consumption and provide a supplementary 

reference for the use of satellite remote sensing image data for monitoring and assessment of 

provincial energy consumption. 

1.2 Successful applications to date 

Sensors to capture global satellite night-time light data are different from sensors by 

monitoring features of total solar radiation, scattered radiation, direct radiation and reflected 

radiation, which uses an optical multiplier tube at night with strong photoelectric amplification to 

effectively detect the low-intensity night-time lights produced by a city's night-time lights and 

even small-scale residential areas as well as traffic flows. Therefore, the DMSP/OLS night-time 

light image can be used as a representation of human energy activities and is an ideal data source 

for monitoring human production and everyday energy use. Since the 1980s, with the gradual 

improvement of DMSP/OLS global night-time light image data, an increasing number of scholars 

have applied night-time light data in urbanization monitoring, economic growth assessment, CO2 

emissions spatial distribution analysis and energy/electricity consumption estimation, more and 

more applied research appears, but there are relatively fewer applied studies on provincial energy 

consumption estimation in China.  

In the field of urbanization monitoring, due to variations in atmospheric conditions and 

periodic changes in satellite sensors, DMSP/OLS night-time light data obtained in different years 

cannot be directly compared and this makes it difficult to use the time series DMSP/OLS 
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night-time light data for urbanization monitoring. Some techniques such as normalizing time 

series DMSP/OLS night-time light data and deriving urban detection threshold using Pseudo 

Invariant Features [10] and systematically correcting multi-year multi-satellite night-time stable 

lights data [11] etc have been developed. These have been successfully applied to the following: 

urban growth analysis at Liaoning region in China [10], revealed urban expansion in China [11], 

estimation of urban indicators for individual Chinese cities [12], urbanization processes and rural 

transition synthetic analysis in China [13], mapping of urbanization dynamics at regional and 

global scales[14], monitoring of urbanization in India[15]. In these cases the techniques proved to 

be accurate and effective. 

In the field of economic growth assessment, it is possible to consider night light as an indicator 

of personal consumption [16], and DMSP/OLS night-time light satellite imagery was applied to 

estimate the following: provincial economic development level of China [17], GDP estimation at 

different spatial scales and regional levels [18], and efficiency as an estimator of economic activity 

[19]. Results show that the DMSP/OLS night-time light data can well reveal economic 

development in different levels. 

In the field of spatial distribution analysis of CO2 emissions, integrating the DMSP/OLS 

night-time stable light (NSL) data with CO2 emissions data [20], and DMSP/OLS night-time light 

satellite data was applied to the following: analysis of the spatiotemporal distribution of CO2 

emission in China [20], estimation of the carbon dioxide emissions in China [21], assessment of 

China’s city-level CO2 emissions arising from energy consumption [22], estimation of CO2 

emissions at urban scales of China [23], estimation of CO2 emissions in East Asian Region [24], 

development of a global 1 km×1 km annual fossil fuel CO2 emission inventory [25], evaluation of 

the constraints on the spatial structure of CO2 emissions from fossil fuels [26], use of imagery as a 

tool for global mapping of greenhouse gas emissions [27], creation of a global grid of distributed 

fossil fuel CO2 emissions [28]. Results show that DMSP/OLS night-time light satellite data with 

CO2 emissions data are good agreement, and can be extended to the future using updated data. 

In the field of energy/electricity consumption estimation, research at the global and national 

levels first explored the correlation between night-time light intensity and energy consumption in 

the major global economies. Based on the determination of the correlation between the two above, 

regression analysis models were established to estimate the energy consumption. Shi et al. [29] 



5 
 

used the calibrated DMSP/OLS Night-time Stabilized Light (NSL) data to characterize the 

spatio-temporal dynamics of global power consumption. The results indicated that it was 

relatively appropriate and accurate to estimate the global power consumption by calibrated NSL 

data. By using the US night-time light data to study 18 cities in the eastern United States, Welch 

[30] built a regression model of night-time light data together with population, urban area and 

power consumption variables, which showed that the estimation of electricity consumption 

performed well using night-time light data at both national and regional scales. Based on 

DMSP/OLS global night-time light image data, Elvidge et al. [31] conducted a preliminary 

regression analysis of the relationship between population, economic activity, power consumption 

and light intensity in 21 countries around the world and found a strong correlation between light 

intensity and power consumption, which proved that DMSP/OLS night-time light data could be 

used to estimate power consumption. Chand et al. [32] used DMSP/OLS night-time light data to 

study the spatio-temporal representation of India's power consumption patterns from 1993 to 2002 

and found that night-time light intensity had a significant correlation with power consumption, in 

which the model's goodness of fit was 0.56. Amaral et al. [33] applied DMSP night-time satellite 

data to estimate energy consumption in Brazil's Amazon Basin and provided strong evidence for 

the use of DMSP/OLS night-time satellite sensor images to assess human activities in the Amazon 

region of Brazil. Letu et al. [34] studied the correlation between DMSP/OLS night-time light 

intensity and energy consumption in 12 Asian countries including Japan, China, India, etc. and 

found that the use of polynomial (cubic) regression provides a better estimator of energy 

consumption. Townsend et al. [35] proved the strong correlation between night-time light and 

electricity consumption by measuring the spatial distribution of power in Australia with 

DMSP/OLS night-time light data. He et al. [36] simulated the spatio-temporal dynamics of 

electricity consumption in mainland China by saturation-corrected DMSP/OLS night-time light 

data. The results indicated that the average goodness of fit was 0.93. And the average relative error 

of electricity consumption in sub regions of mainland China was -28.9% in 2000, which 

demonstrated that the night-time light data could be used to effectively estimate China's electricity 

consumption. 

Research at the provincial and urban levels in China is similar to that at the global and national 

levels, which mainly establishes efficient inverse models to estimate energy consumption at the 
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provincial and urban levels based on global night-time light imagery and energy consumption data. 

However, there are few applied studies on the estimation of energy consumption in the provinces 

of China. At present, the night-time light data are mainly used to estimate carbon emissions from 

energy consumption. Based on global night-time light imagery and energy statistics, Meng et al. 

[23] proposed a top-down approach to estimate urban carbon emissions in China, which found that 

night-time light data were suitable for estimating carbon emissions in Chinese cities. According to 

DMSP/OLS night-time light image data, Su [22] developed a set of remote-sensing assessment 

methods for China's urban-grade carbon emissions from energy consumption, which solved the 

problem of the lack of city-level energy consumption statistics in China and the inconsistency in 

country-province-city data. Besides, carbon emissions of 30 provinces and 66 prefecture-level 

cities from 1992 to 2010 were simulated by Su [22], with the maximum difference by 269.982 

million tonnes between the simulated value and statistical data, the minimum difference by 60,000 

tonnes, the mean square error by 9.438 million tonnes, and the relative error by 7.7%. Shi et al. 

[18], by integrating global night-time stability lighting data and carbon emission statistics, 

proposed a spatio-temporal carbon emission dynamic model with higher resolution for China. The 

evaluated results in model indicated that there was a significant positive correlation between 

China's stable night-lighting data and carbon emission statistics from 1997 to 2012, which might 

be suitable for estimating carbon emissions below 1 km resolution. 

The above studies have proved that there is a linear correlation between DMSP/OLS global 

night-time light data and energy consumption at multi-scales involving global, national, provincial 

and urban levels, thus demonstrating the feasibility of using night-time light data for energy 

consumption estimation. However, there are a few studies on the use of global night-time light 

data to simulate energy consumption in China, most of which are linear regression models 

between the brightness data of night-time light and energy consumption in the preliminary 

research stage still. Without considering the spatial and temporal differences between the 

brightness of nightlight data and model parameters of energy consumption among different 

regions at different times, the goodness of fit of the model and the effect of the simulation still 

needs to be improved. 

With the changes in the world economic structure, the international energy-consumption 

pattern also shows significant variability. As a major energy consumer in the world, China is 
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undergoing profound changes in both total energy consumption growth and diversity of spatial 

patterns. Taking the provincial energy consumption in China as the research object, this paper uses 

the spatio-temporal geographically weighted regression (GTWR) to establish the simulation model 

of provincial energy consumption based on DMSP/OLS night-time light data. Full consideration 

of the spatio-temporal differences of satellite night-time light intensity and energy consumption at 

the provincial level in China, can provide a reference for the use of satellite remote sensing data to 

establish a global-national-regional energy consumption monitoring system as a new 

“three-dimensional” complementary metric. 

2. Data Sources and Processing 

2.1 Data sources 

The DMSP/OLS night-time light data used in the study is sourced from the National 

Geophysical Data Center (NGDC) website of National Oceanic and Atmospheric Administration 

(NOAA). The latest data published by this website is 22-year global night-time light image data 

from 1992 to 2013, detected and acquired by six generations of satellite sensors F10, F12, F14, 

F15, F16, and F18. Different satellites are responsible for detecting global night-time light image 

data in different periods, including the No. 10 DMSP satellite F10 for 1992-1994, F12 for 

1994-1999, F14 for 1997-2003, F15 for 2000-2007, F16 for 2004-2009, and F18 for 2010-2013. 

There are four types of images in the products of DMSP/OLS night-time light data which can be 

downloaded, including cloudless observation frequency, average light, stable light, and average 

visible light.  

Among the four types of images above, there is a close relationship between the quality of the 

cloudless observation frequency image data and the number of observations. The less the number 

of observations, the lower the quality of data; conversely, the more, the higher. In terms of the 

average light image data, it still contains noise such as short-lived light sources without excessive 

noise reduction processing. While the stable light image data is of higher quality after processing 

for flares and accidental noises, whose DN values ranges from 0 to 63. Although the average 

visible light image data considers the percentage of incidental noise frequencies in the light 

observation period, which could reduce the influence of flare and accidental noise to a certain 

extent, it is still unable to remove most of the flare and accidental noise with relatively frequent 

detections. Comparing the effect on the removal of flare and accidental noise by four types of 
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DMSP/OLS night-time light data products, this study selects stable light image data as the 

night-time light intensity variable for the spatio-temporal simulation of energy consumption by 

provinces. 

The energy consumption data used in this paper is obtained from the “China Energy Statistical 

Yearbook” and the provincial statistical yearbooks. The data from China Energy Statistics 

Yearbook 2014 indicates that the National Bureau of Statistics of China has adjusted the energy 

statistics according to the results of the third economic census. Correspondingly, the energy 

consumption data of 30 provinces and cities were also adjusted in 2013, while the data of Tibet 

was not available. However, the provincial energy consumption data before 2013 has not been 

adjusted yet, and only the total energy consumption since the year 2000 has undergone 

adjustments. Consequently, the energy consumption data of provinces in 2013 and later is based 

on the latest “China Energy Statistical Yearbook”. And the provincial energy consumption data 

before 2013 comes from the statistical yearbooks of the provinces, with some adjustments 

according to the third national economic census data.1 

2.2 Data processing 

Since the DMSP/OLS night-time light data was acquired by both new and old generations of 

satellite sensors simultaneously in some years in the period 1992-2013 (F10 and F12 for 1994, 

F12 and F14 for 1997-1999, F14 and F15 for 2000-2003, F15 and F16 for 2004-2007), the image 

data acquired by both generations in 1994 and 1997-2007 is compared, which shows huge 

differences of data by two sensors in the same year. To improve the depiction of satellite 

night-time light image data for China's provincial energy consumption, the method of Liu et al. 

[11] is applied for inter-calibration, intra-annual integration and inter-annual correction of the 

DMSP/OLS stable night-time light image data between 1992 and 2013. For inter-calibration, the 

first step is to select the Jixi City in Heilongjiang Province as the reference area for image pixels 

to be calibrated, for it is relatively stable in economic and social development from 1992 to 2013. 

Second, the night-time light image detected by the 16th DMSP satellite F16 in 2007 is selected as 

a reference image for correcting stable light images. Third, a quadratic polynomial regression 

                                                             
1 More particularly, based on the results of the third national economic census, Beijing, Heilongjiang, Jiangsu, 

Gansu and Qinghai adjusted the energy consumption data for 2005-2012; Hebei, Shanxi, Anhui, Hainan and 

Shaanxi adjusted data for 2010-2012; Tianjin, Shanghai, Zhejiang, Fujian, Jiangxi, Henan, Guangxi, Ningxia and 

Xinjiang adjusted data after 2000; while there has been no adjustment by Inner Mongolia, Liaoning, Jilin, 

Shandong, Hubei, Hunan, Guangdong, Chongqing, Sichuan, Guizhou and Yunnan. 
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model 
2=correctDN DN DN       is chosen to construct a correction equation. The 

parameters   、 、  of different satellite correction equations in different years are obtained by 

comparing the DN value of stable night-time light intensity detected by satellites of the current 

year and the stable night-time light intensity DN value of Jixi City detected by No. 16 DMSP 

satellite F16. The fourth step is to use the quadratic polynomial regression model and the 

corresponding correction equation’s empirical parameters to correct stable night-time brightness 

DN values each year. For intra-annual integration, the night-time light image elements acquired by 

the new and old generations of satellite sensors in 1994 and 1997-2007 are compared. If the image 

pixel has only brightness in one of the satellite images, the image element is marked as unstable 

pixel and accordingly merges its DN value to 0 during the year. If the image pixel has brightness 

in both old and new generations of satellite images, the image pixel is marked as a stable pixel and 

the DN value is accordingly fused into the average of the DN values of the old and new 

generations of satellite image pixels. For inter-annual correction, the same image element is 

compared during the inter-annual period. If the image pixel has brightness only in the earlier years, 

the image pixel is marked as an unstable pixel and the DN value is interval corrected as 0. If the 

image pixel has brightness during the detection period, the image pixel is marked as a stable pixel 

and it is necessary to ensure that the DN value of the earlier image pixel does not exceed the DN 

value of the later image pixel. 

From 2000 to 2016, there were statistical changes in the energy consumption data of China's 

sub-provinces around 2013. According to the results of the third economic census, the National 

Bureau of Statistics of China adjusted the energy consumption data of the whole country and 

sub-provinces. Before the spatio-temporal simulation of energy consumption in China based on 

satellite night-time light data, it is necessary to adjust the provincial energy consumption data 

from 2000 to 2012. According to the analysis of provincial energy consumption data from 2013 to 

2016, the provincial energy consumption accounts for a relatively stable proportion of the national 

energy consumption, and its proportionate\ changes from 2014 to 2016 are relatively stable. 

Therefore, this article adjusts the energy consumption of unadjusted provinces in unadjusted years 

through the percentage estimation. By assuming that the change in the proportion of provincial 

energy consumption accounting for national energy consumption in 2013 is the average of 
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2014-2016, the change of proportion in 2001 would be the average of 2002-2004 by analogy. Thus, 

the proportion of energy consumption in each province to that in the country during 2000-2012 

could be estimated by the change of proportion during 2001-2013. To make full use of the 

adjusted data in the third economic census, the adjustment is divided into three periods involving 

2010-2012, 2005-2009 and 2000-2004. 

In the period of 2010-2012, 19 provinces adjusted the results according to the third economic 

census2. The adjustment process of energy consumption data for the remaining 11 provinces in 

2010-2012 is as follows: first, Hebei, Shanxi and Xinjiang, whose percentages change more than 

0.1%, are eliminated to avoid a large impact on aggregate total energy consumption of 

sub-provinces caused by changes of proportions, and the total energy consumption then could be 

estimated by the adjusted data and proportions of remaining 16 provinces; second, the estimated 

average of total energy consumption is selected as the aggregate total energy consumption of 

sub-provinces by 16 provinces; finally, the energy consumption in 11 provinces is measured by the 

estimated total energy consumption and the proportion of remaining 11 provinces. The estimation 

results demonstrate that the total energy consumption of sub-provinces are 36.2, 39.1 and 4.09 

billion tonnes of coal equivalent in 2010, 2011 and 2012, respectively. 

Similarly in the period of 2005-2009, 14 provinces adjusted data according to the results of 

the third economic census3. The adjustment process of energy consumption data for the remaining 

16 provinces in 2005-2009 repeats three steps above: first, Xinjiang and Tianjin with severely low 

energy consumption are eliminated, leaving the remaining 12 provinces for estimation; second, the 

average is selected as the total for 12 provinces; finally, both estimated total and proportion are 

used for the remaining 16 provinces. The estimation results indicate that the total energy 

consumption of sub-provinces are 26.7, 29.0, 31.5, 33.2 and 3.47 billion tonnes of coal equivalent 

in 2005, 2006, 2007, 2008 and 2009, respectively. 

However in the period of 2000-2004, only nine provinces adjusted data according to the 

results of the third economic census4. By eliminating Tianjin with estimation results significantly 

lower than the national level, Jiangxi and Ningxia with higher estimation results, and Xinjiang 

                                                             
2 19 provinces including Beijing, Tianjin, Hebei, Shanxi, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, 

Fujian, Jiangxi, Henan, Guangxi, Hainan, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang. 
3 14 provinces including Beijing, Tianjin, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Fujian, Jiangxi, Henan, 

Guangxi, Gansu, Qinghai, Ningxia, and Xinjiang. 
4 Nine provinces including Tianjin, Shanghai, Zhejiang, Fujian, Jiangxi, Henan, Guangxi, Ningxia, and Xinjiang. 
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changing more than 0.1%, samples of the remaining five provinces are too small to be used for 

estimation. By comparing the total energy consumption of sub-provinces and the national total 

energy consumption in 2005-2016, the former exceeds the later by less than 5%. Thus, the 

provincial energy consumption could be calculated based on a reasonable estimation of aggregate 

total energy consumption of sub-provinces in 2000-2004. The adjustment process of energy 

consumption data for the remaining 21 provinces in 2000-2004 is as follows: first, by assuming 

that the ratio of provincial total energy consumption to national total energy consumption in 2014 

is the average of 2005-2007, the ratio in 2000 would be the average of 2001-2003 by analogy; 

second, by the ratio of provincial total energy consumption to national total energy in 2000-2004 

and the national total energy consumption data, the total energy consumption of sub-provinces in 

2000-2004 is estimated; finally, both estimated total and proportion are used for the remaining 21 

provinces. The estimation results show that the total energy consumption of sub-provinces are 

15.3, 16.2, 17.6, 20.3 and 2.36 billion tonnes of coal equivalent in 2000, 2001, 2002, 2003 and 

2004, respectively. 

As the conversion factors are various, the sum of provincial energy consumption data is not 

equal to the national total. To compare the provincial spatio-temporal simulation results with the 

national total, the annual energy consumption forecast value is converted by the ratio of provincial 

total energy consumption to national total energy consumption based on the simulation of 

provincial energy consumption by a spatio-temporal geographically weighted regression model. 

3. Simulation Model 

In China, types and structures of provincial energy consumption vary caused by different 

factors involving resource endowment, population size, economic development, industrial 

structure, and technological level with a vast territory. Hence, there are also great spatial and 

temporal differences in the energy consumption of provinces. To simulate the energy consumption of 

China's sub-provinces more scientifically and accurately, this study chose per capita energy 

consumption and energy consumption per unit area as the research variables to eliminate the 

impact of the scale factor. First, two spatio-temporal geographically weighted regression models 

are constructed, by per capita energy consumption with stable night-time light intensity DN 

(DN/grid) as Model 1, and energy consumption per unit area with stable night-time light intensity 

DN (DN/grid) as Model 2, respectively. Second, the DN value of the stability night-time light 
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brightness is used to space-simulate and time-simulate the per capita energy consumption and 

energy consumption per unit area in provinces. Finally, the provincial energy consumption is 

estimated by the population size and land area. 

To fully investigate the heterogeneity of stable night-time light DN and spatial spillover 

effects in different provinces, a spatio-temporal geographically weighted regression model is 

constructed including spatial lags for stable night-time brightness DN values as follows: 

*

0 1 2

*

0 1 2

ln ( , , ) ( , , ) ln ( , , ) ln

ln ( , , ) ( , , ) ln ( , , ) ln

it i i i i i i it i i i it it

it i i i i i i it i i i it it

PEC u v t u v t DN u v t W DN

SEC u v t u v t DN u v t W DN

   

   

    

    
.       (1) 

In Eq. (1), itPEC  represents the per capita energy consumption of the provincial region i in 

the year t; itSEC
 refers to the energy consumption per unit area of the provincial region i in the 

year t; itDN
 refers to the stable night-time lightness DN of the provincial region i in the year t; 

and 
*W  is a spatial weight matrix that combines geographical and economic information; 

),( ii vu
is the longitude and latitude of the provincial region; and 0 ( , , )i i iu v t

and 0 ( , , )i i iu v t  

are the interceptions of the spatio-temporal geographical weighted regression model among the 

per capita energy consumption and energy consumption per unit area to the stable night-time 

brightness DN of the provincial region i in the year t; 1( , , )i i iu v t
and 1( , , )i i iu v t

 are the 

regression coefficients of the light intensity DN value for the per capita energy consumption and 

energy consumption per unit area for the provincial level i in the year t; 2 ( , , )i i iu v t  and 

2 ( , , )i i iu v t  are the regression coefficients of the spatial spillover effects of light intensity DN 

value for the per capita energy consumption and energy consumption per unit area for the 

provincial level i in the year t; and it , it
 are the residual items of the provincial region i in 

year t for Model 1 and Model 2. 

Spatial weight matrix
* .GSW W E  , which contains both geographic and economic 

information, is the point multiplication of geographical and economic spatial weight matrix. The 

geographical spatial weight matrix is inversely proportional to the large circle distance; the 

formula is as follows: 
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In Eq. (2), arccos[sin sin cos cos cos( )]i j i j i jR x x x x y y   is the great-circle distance of 

the two spatial positions 
( , )i i iA x y

and 
( , )j j jA x y

, R is the radius of the earth; 
,x y

represents 

latitude and longitude of geospatial location;  is an appropriate parameter, typically 1 or 2, and 

has a value of 2 in this paper; the corresponding spatial weight is the square of the distance 

reciprocal.  

The economic spatial weight matrix uses the similarity of the economic development level 

between spatial location units to reflect the adjacent spatial non-geographical elements. 
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In Eq. (3), itG
 is the per capita GDP, which represents the economic development level of 

the year t in the region i (based on the constant price in 2000);  is the adjustment parameter of 

the economic weight. Normally, it takes a value of 1 or 2, and the value is 2 in this paper. When 

the per capita GDPs of two different regions in the same time period are equal, the denominator is 

0. So, if the per capita GDPs of any two different regions in the same time period are equal, m = 1. 

If any two different regions have different per capita GDPs in the same time period, m = 0. 

The core of the spatio-temporal geographically weighted regression model is the space-time 

weight matrix, which typically chooses different space-time weight functions to describe the 

space-time relationship. The space-time weight function in this paper combines the Gaussian 

function method and space-time distance. The form of space-time weight function is as follows: 

     

2
2 2 2

2

[( ) ( ) ] ( )
exp exp

ST

ij i j i j i jST

ij

ST ST

d u u v v t t
w

b b

              
            

        .      

 (4) 

In Eq. (4), 
2 2 2[( ) ( ) ] ( )ST

ij i j i j i jd u u v v t t       is the space-time distance, STb is 

the bandwidth of the space-time weight function; cross-validation is typically used to select the 
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optimal bandwidth. 

Based on stable night-time light data, China's energy consumption measurement model for 

sub-provinces is as follows: 

 

 

*

0 1 2

*

0 1 2

1 = exp ( , , ) ( , , ) ln ( , , ) ln

2 = exp ( , , ) ( , , ) ln ( , , ) ln

it it it it i i i i i i it i i i it

it it it it i i i i i i it i i i it

EC P PEC P u v t u v t DN u v t W DN

EC S SEC S u v t u v t DN u v t W DN

  

  

     

     
 . (5) 

In Eq. (5), 
1itEC

 and 
2itEC

 are the provincial energy consumption of the region i 

measured in year t through per capita energy consumption and energy consumption per unit area, 

respectively. itP
 and itS

 are the population size and land area of provincial level i in year t, 

respectively. 

4. Simulation Results 

4.1 Variable selection 

The National Bureau of Statistics has revised the energy consumption data since 2000 based 

on the results of the third national economic census. Taking 2013 as an example, the total energy 

consumption after revision was increased by 420 million tonnes of coal equivalent. More 

specifically, the proportion of coal consumption in total energy consumption was increased by 

1.4%; oil and gas consumption as a share of total energy consumption decreased by 1.3% and 

0.5%, respectively; and the proportion of primary electricity and other energy to total energy 

consumption increased by 0.4%. The increase in the total energy consumption and the share of 

coal consumption has made a greater impact on the basic data of energy consumption. To be 

consistent with the revised energy statistics data, this study selects the provincial energy 

consumption data since 2000 as the research object. The latest DMSP/OLS data released global 

night-time light image data for 22 years from 1992 to 2013. Consequently, China's provincial 

energy consumption spatio-temporal simulation is studied by the satellite night-time light data 

from 2000 to 2013. Night-time stable light data comes from the National Geophysical Data Center 

website of the NOAA of the United States. The energy consumption data is obtained from the 

"China Energy Statistical Yearbook" and the statistical yearbooks of the provinces. The data on the 

population size and land area of provinces is derived from "China Statistical Yearbook". 

4.2 General simulation results 

On the basis of obtaining the DN values of DMSP/OLS stability at night in 30 provinces by 
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inter-calibration, intra-annual integration and inter-annual correction, the influential coefficients of 

DN at steady night-time light intensity and its spatially lagging term on the per capita energy 

consumption and energy consumption per unit area in different provinces are estimated by a 

spatio-temporal geographically weighted regression model. Through cross-validation, the optimal 

bandwidths of Model 1 and Model 2 are determined to be 0.2518 and 0.2415, respectively. The 

overall results of two models perform well, in which the goodness of fit are as high as 99.74% and 

99.95%, respectively. According to the description statistics of parameters estimation by two 

models in Tables 1 and Table 2, the DN value of the stable night-time light intensity and its 

spatially lagging term have a greater variation in the influential coefficient both by the per capita 

energy consumption and the energy consumption per unit area, which further indicates that the 

spatial and temporal heterogeneity of the satellite night-time light data need to be considered when 

simulating the energy consumption of China's provinces. This further proves that it is more 

practical to choose a spatio-temporal geographically weighted regression model to capture the 

temporal and spatial dynamic characteristics of provincial energy consumption. 

Based on using satellite stabilized night-time light data to stimulate provincial energy 

consumption in China per capita energy consumption and energy consumption per unit area, 

indirect energy consumption is calculated according to population size with per capita energy 

consumption, and land area with energy consumption per unit area in each region. The simulation 

results show that the simulated value and actual value of average annual energy consumption are 

similar between 2000 and 2013, and the relative errors of the two models are both within 0.1%. 

Among them, the annual average energy consumption simulated by Model 1 in 2000-2013 is 

2.8433 × 109 tce, which is close to the actual annual average energy consumption of 2.8444 × 109 

tce. The absolute error is -1.1165 × 106 tce, and the relative error is 0.04%. The average annual 

energy consumption simulated by Model 2 in 2000-2013 is 2.8457 × 109 tce, which is also similar 

to the actual annual energy consumption of 2.8444 × 109 tce. The absolute error is 1.2824 × 106 tce, 

and the relative error is 0.05%. 

Table 1 Description statistics of parameter estimation in Model 1 (optimal bandwidth = 0.2518) 

Variable Minimum First Quartile Median Third Quartile Maximum Interquartile range 

constant -6.7660 1.8489 3.6450 4.7317 9.0110 2.8828 
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ln(DN) -5.2288 -0.1400 0.5304 1.8060 7.3183 1.9460 

W*×ln(DN) -2.6984 -0.08276 0.4307 1.6291 6.0901 1.7119 

Table 2 Description statistics of parameter estimation in Model 2 (optimal bandwidth = 0.2415) 

Variable Minimum First Quartile Median Third Quartile Maximum Interquartile range 

constant -10.3374 2.5664 3.9663 4.7301 8.0755 2.1637 

ln(DN) -4.7315 0.3688 1.4038 2.1683 8.1519 1.7995 

W*×ln(DN) -2.7616 -0.3140 0.2588 1.3054 6.6377 1.6194 

4.3 Temporal and spatial simulation results 

From both time and space perspectives, the spatio-temporal simulation of energy 

consumption in China based on satellite night-time light data perform well. 

Table 3 shows the comparison on the simulation effect of total energy consumption from 

2000 to 2013. From a time perspective, the relative errors in all years are within 5.5%. In 2006, 

the simulated provincial energy consumption is the closest to the actual value, and the absolute 

error and relative error are both small. The simulated values of energy consumption for Model 1 

and Model 2 are 2.8665 × 109 tce and 2.8739 × 109 tce, respectively, which are very close to the 

actual value of 2.8647109 tce in 2006, and the relative errors are only 0.06% and 0.32%, 

respectively. 

Fig. 2A indicates the comparison on the simulation effect of annual average energy 

consumption in provinces from 2000 to 2013. From the space perspective, simulated values of 

average annual energy consumption are very close to actual values in 2000-2013, where relative 

errors of all provinces are within 1%. A large number of provinces and cities performed well with 

relative errors within 0.2% in Model 15, similarly, well-performed provinces and cities with 

relative errors within 0.2% in Model 2.6 

Fig. 2B illustrates the comparison on the simulation effect of energy consumption in 2013. 

From both time and space perspectives, relative errors of provinces in 2013, as an example, are all 

within 5% apart from Qinghai and Xinjiang, where relative errors are slightly higher than 5%. A 

large number of provinces and cities performed well with relative errors within 0.2% in both 

                                                             
5 Involving Shanxi, Inner Mongolia, Shanghai, Zhejiang, Anhui, Jiangxi, Shandong, Henan, Hubei, Hunan, 

Guangdong, Yunnan, Qinghai, Ningxia, Xinjiang, etc. 
6 Include Tianjin, Hebei, Shanxi, Inner Mongolia, Jilin, Heilongjiang, Jiangxi, Shandong, Henan, Hubei, Hunan, 

Yunnan, Shaanxi, Qinghai, Ningxia, Xinjiang, etc. 
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Model 1 and Model 27, besides, well-performed provinces and cities with relative errors within 

1% in Model 1 include Hebei, Jilin, Chongqing, etc. The provinces who get the smallest absolute 

error and relative error in Model 1 and Model 2 are Guangxi and Beijing, with relative errors 

showing 0.06% and 0.07%, respectively. Their simulated values of the model and the actual 

energy consumption are also relatively close. 

Table 3 Comparison on the simulation effect of total energy consumption from 2000 to 2013 

Year 

Actual Energy 

Consumption 

(104 tonnes of 

coal 

equivalent) 

Simulation Results in Model 1 Simulation Results in Model 2 

Predicted 

Value (104 

tonnes of 

coal 

equivalent

) 

Absolute 

Error (104 

tonnes of 

coal 

equivalent) 

Relative 

Error (%)  

Predicted 

Value (104 

tonnes of 

coal 

equivalent

) 

Absolute 

Error (104 

tonnes of 

coal 

equivalent) 

Relative 

Error (%)  

2000 146964.00  146288.78  -675.22  -0.46  146266.04  -697.96  -0.47  

2001 155547.00  154963.76  -583.24  -0.37  154691.71  -855.29  -0.55  

2002 169577.00  173591.71  4014.71  2.37  172629.48  3052.48  1.80  

2003 197083.00  207844.54  10761.54  5.46  207620.82  10537.82  5.35  

2004 230281.00  229561.17  -719.83  -0.31  229523.88  -757.12  -0.33  

2005 261369.00  251912.27  -9456.73  -3.62  253283.77  -8085.23  -3.09  

2006 286467.00  286648.09  181.09  0.06  287385.65  918.65  0.32  

2007 311442.00  305457.88  -5984.12  -1.92  306272.77  -5169.23  -1.66  

2008 320611.00  324031.75  3420.75  1.07  325020.80  4409.80  1.38  

2009 336126.00  334879.39  -1246.61  -0.37  334025.22  -2100.78  -0.62  

2010 360648.00  363901.73  3253.73  0.90  362756.35  2108.35  0.58  

2011 387043.00  387583.58  540.58  0.14  388658.26  1615.26  0.42  

2012 402138.00  403116.82  978.82  0.24  404588.75  2450.75  0.61  

2013 416913.00  410796.50  -6116.50  -1.47  411280.89  -5632.11  -1.35  

Annual 

Average 

284443.50  284327.00  -116.50  -0.04  284571.74  128.24  0.05  

                                                             
7 Involving Beijing, Liaoning, Shanghai, Zhejiang, Shandong, Hubei, Hunan, Guangxi, Hainan, Sichuan and 

Guizhou. 



18 
 

 

Fig. 2. (A) Comparison on the simulation effect of annual average energy consumption in 

provinces from 2000 to 2013; (B) comparison on the simulation effect of energy consumption in 

2013. 

4.4 Model application 

China's provincial energy consumption spatio-temporal simulation results perform well based 

on stable night-time light data, indicating that it is feasible to use satellite night-time lighting data 

to rapidly estimate energy consumption in China's provinces. "China Energy Statistical Yearbook" 

and "Local Statistical Yearbook" are the important basis of assessments on energy-saving and 

emission-reducing targets in each province. At present, the data update of the “China Energy 

Statistical Yearbook” typically lags behind by one year and the data update of the “Local 

Statistical Yearbook” typically lags behind by 9-10 months, which brings a certain lag to the 

provincial energy-saving and emission-reducing target assessment and makes it difficult to meet 
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the energy saving requirements for rapidly monitoring and evaluating consumption. With the 

continuous expansion of China's application of high-resolution satellite data, satellite remote 

sensing has also played unique advantages of all days, three-dimensional, and continuous 

observation in the fields of energy conservation, emission reduction, and climate change response. 

One more obvious use is to observe energy consumption changes as a result of extreme weather 

events which we are told will become more frequent. 

We have entered a critical period during which critical changes in global temperatures may 

be reached causing irreversible damage to the ecosystem. Any means that can be devised to 

shorten to the time loop from observation to actual observed change through policy is therefore of 

potentially critical importance. Through constructing a spatio-temporal geographically weighted 

regression model between satellite remote sensing data and energy consumption, the regression 

model provides relatively accurate data for provincial energy-consumption monitoring and 

evaluation, which is an effective complement to the rapid implementation of provincial energy 

consumption monitoring and assessment in the era of satellite remote sensing. The spatio-temporal 

simulation model can be applied to energy policy, if we regard the policy change group as “our 

side” and climate change as “the enemy” then what is critical is the speed of policy action 

compared with the speed of climate change combined with changes in variables that affect it such 

as population growth and economic development. 

5. Discussion and conclusions 

By DMSP/OLS global night-time light image data and sub-provincial energy consumption, 

population size, land area and other statistical data processed by inter-calibration, intra-annual 

integration and inter-annual correction, spatio-temporal geographically weighted regression 

models are constructed among stable night lightness DN value with per capita energy 

consumption and energy consumption per unit area. The provincial energy consumption in China 

is estimated with population size and land area based on the simulation. According to the 

estimation results, the simulated value of the model is close to the actual energy consumption with 

the goodness of fit over 99%. In terms of the average annual energy consumption in 2000-2013, 

the relative errors of the annual average energy consumption in two models are both within 5.5%, 

and the relative errors of all provinces are within 1%. From both time and space perspectives, the 

relative errors in most provinces are within 5%. 
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The model estimation results indicate that the spatio-temporal simulations of China's energy 

consumption based on stable night-time light image data perform well, and can be used to estimate 

and forecast energy consumption in China's provinces as we;; as providing a complementary 

reference for monitoring and evaluating the energy consumption by satellite remote sensing data. 

With the improvement of global and Chinese satellite remote sensing technologies and 

applications, it becomes a future application direction to develop satellite image data services 

through “global-country-region” energy consumption monitoring. The key is to exploit the natural 

advantages of all days, wide coverage and objective accuracy of remote sensing satellite imagery 

data. By making full use of China's autonomous remote sensing satellite imagery data and foreign 

remote sensing satellite resources, satellite imagery data with other statistical databases involving 

population size and land area could be correlated, in order to format algorithms coupling the 

satellite image data and statistical data. Hence, energy consumption in China's provinces can be 

effectively and efficiently simulated, which provides data support for regional 

energy-consumption monitoring and assessment. 

In the future, the key direction of China's provincial energy consumption forecast based on 

satellite night-time lighting data is to use machine learning techniques to extract effective 

information from satellite remote sensing data sources. Using daily, ten-day, monthly, quarterly, 

and annual satellite remote sensing data and energy consumption models to monitor energy 

consumption in national, provincial, municipal, district, and key areas dynamically and provide 

scientific decision support for macroeconomic trends. 

The spatio-temporal simulation model of China's provincial energy consumption based on 

satellite night-time light data proposed in this paper can be widely applied to “three-dimensional” 

energy consumption spatio-temporal simulation at the global, national and regional levels. It 

provides a quick and accurate supplementary to the monitoring on the world’s energy 

consumption pattern, changes in energy consumption of major economies, changes in energy 

consumption of country’s internal regions. Research ideas also provide references for other similar 

studies involving carbon emissions, electricity consumption, economic growth, and urbanization 

monitoring and evaluation. 
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