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Estimating England-wide district-level electricity energy 

consumption by built-up area and nighttime light intensity 

Abstract:   

To implement a new mixed approach for electricity energy consumption estimates, 

this study aimed to estimate country-wide local-scale electricity consumption by 

combining demographic, remote sensing, and social sensing data. Specifically, 

England-wide local-scale electricity energy consumption, including domestic and 

non-domestic ones, was estimated based on population in combination with nighttime 

light intensity or/and tweet volume. Moreover, to improve the explanatory power of 

statistical regression models, this study applied a newly developed spatial regression 

model (i.e., the ‘random effects eigenvector spatial filtering’ model) to the estimation 

of electricity energy consumption in comparison with conventional spatial regression 

models used in relevant studies. The spatial regression model used was further 

compared with machine learning and deep learning models (i.e., random forest and 

long short-term memory models). The empirical results uncover that: 1) the electricity 

energy consumption can be best explained by population in combination with both the 

nighttime light intensity and tweet volume; 2) the domestic electricity energy 

consumption can be better explained than its non-domestic counterpart; 3) the ‘random 

effects eigenvector spatial filtering’ models appear to outperform the conventional 

spatial regression models; and 4) the performance of the ‘random effects eigenvector 

spatial filtering’ models is similar to that of the random forest models and is lower 

than that of the long short-term memory models. 

Keywords: electricity energy consumption; Twitter data; nighttime light imagery; 

SNPP-VIIRS; random effects eigenvector spatial filtering 

 

Nomenclature 

DMSP/OLS Defense Meteorological Satellite Program / Operational Linescan System 

SNPP-VIIRS Suomi National Polar-orbiting Partnership - Visible and Infrared Imager/Radiometer Suite 

ADEEC annual domestic electricity energy consumption 

ANEEC annual non-domestic electricity energy consumption 

ADEECPH annual domestic electricity energy consumption per household 

GTWR geographically and temporally weighted regression 

POP population LAD local authority district 

ANTLI annual nighttime light intensity OWTC one-week tweet count 

SL spatial lag SD spatial Durbin 

SE spatial error SDE spatial Durbin error 

SARMA spatially autoregressive moving average SAC spatial autoregressive combined 



SACD spatial autoregressive combined Durbin ESF eigenvector spatial filtering 

REESF random effects eigenvector spatial filtering  LM Lagrange Multiplier 

VIF variance inflation factor OA output area 

LSOA lower layer super output area MSOA middle layer super output area 

RF random forest RNN recurrent neural network 

CNN convolutional neural network LSTM long short-term memory 

NMAE normalized mean absolute error NRMSE normalized root mean square error 

1. Introduction 

Electricity consumption trend differs from one country to another. In some developing 

countries, like China and India, electricity consumption increases more than two times 

from 2000 to 2015; whilst in some developed countries, like UK and Japan, electricity 

consumption is declining slightly [1]. From a geographic perspective, understanding 

how electricity consumption varies over space and time could contribute to trend 

analyses of electricity demand/supply at a city, region, or nation scale. A less costly and 

time-consuming approach for estimation of the energy consumption over space and 

time is urgently needed for not only researchers but also policymakers. Some policies 

have been implemented for a few years and thus needs to be evaluated for modifications 

in the future. A low-cost approach for rapid monitoring of electricity consumption can 

assist in evaluating policy implementations. 

A conventional approach for estimation of the energy consumption is using 

demographic data [2-10]. Specifically, the energy consumption is estimated based on 

population and economic characteristics [2-10]. A few studies estimated the energy 

consumption in China according to the population and the gross domestic product (GDP) 

[2, 4, 6]. Apart from GDP, income [5, 10], energy price [6, 7], foreign investment [10], 

and tariff [9] were also selected to estimate the energy consumption. Nevertheless, it is 

extremely costly and time-consuming to update demographic data frequently, and thus 

demographic data cannot well support exploration of the spatiotemporal variations of 

the energy consumption. Besides, as most of the economic characteristics are available 

at the regional scale, the conventional approach based on demographic data is not 

applicable to energy consumption estimation at a finer scale. For instance, a few studies 

estimated China’s provincial energy usage based on economic characteristics [2, 4, 6] 



did not fit to the conventional approach. Apart from the energy consumption estimation 

in China, those in Brazil and Spain were used as the case studies-at a regional scale [9, 

10].       

Alternatively, some studies attempted to use other data sources to estimate energy 

consumption through tracking human activities over space and time. As a low-cost data 

source, remote sensing data were widely used as the proxy for human activity. Typically, 

in the last decade, nighttime light satellite imageries, such as the Defense 

Meteorological Satellite Program / Operational Linescan System (DMSP/OLS) and the 

Suomi National Polar-orbiting Partnership - Visible and Infrared Imager/Radiometer 

Suite (SNPP-VIIRS) imageries, have been used to estimate the energy consumption at 

multiple scales [11-20]. Relevant studies have revealed that a high correlation exists 

between energy consumption and nighttime light intensity at the country level [12, 15], 

regional level [11, 13, 16], or city level [19, 20]. For instance, a study assessed the 

spatiotemporal dynamics of the electricity consumption in core urban areas and 

suburban areas of China from 2000 to 2012 by using the nighttime light imageries [20]. 

The findings of the study suggested that the energy consumption in the suburban areas 

was more crucial for sustainable energy development in China [20]. Furthermore, some 

studies attempted to estimate energy consumption at a finer scale [14, 17, 18]. For 

example, the global electricity energy consumption at 1 km resolution was modeled 

using the intercalibrated nighttime light data obtained from 1992 to 2013 to assess 

spatiotemporal dynamics of the energy consumption from a global scale down to 

continental and national scales [17]. Another study applied geographically and 

temporally weighted regression (GTWR) models to the estimation of province-level 

energy consumption in China based on the DMSP/OLS global stable nighttime light 

data [18]. However, the reliability and feasibility of the models estimated in those 

studies still have a certain level of uncertainty owing to the absence of high-resolution 

observed data (e.g., historical records of household electricity meters or electricity 

sales). For instance, although there are a few studies estimated the energy consumption 

at 1 km resolution [14, 17, 18], their reference data used to validate the estimates are 



interpolated or simulated rather than observed directly.  

Apart from remote sensing data, social sensing data have been used as the proxy for 

human activity in very recent years [21, 22]. Like demographic and remote sensing data, 

social sensing data might have the potential to indicate different level of the energy 

consumption over space as human activity volume is positively correlated with the 

energy consumption. Popular sources of the social sensing data include mobile phones, 

social media, and mobile apps. Compared with mobile phone record data, social media 

data (e.g., the Twitter data) are highly accessible and spatially fine-grained. Therefore, 

the Twitter data seem to have the potential for the estimation of the energy consumption 

over space, even though they have some inherent disadvantages, e.g., heterogeneity 

issues in sample representativeness and sampling frequency [21, 22]. Particularly, since 

high densities of the tweets are geotagged around the eastern U.S. and the western 

Europe [23], the Twitter data are likely to be used in a variety of activity-related 

applications (e.g., the energy estimation) around those regions [21, 22]. 

Based on combination of multi-source geospatial data for the energy consumption 

estimates, this study aimed to propose a mixed approach for the estimation of the 

electricity consumption. Specifically, this study aimed to integrate three approaches 

(demographic, remote sensing, and social sensing ones) into one by combining the 

population data, the satellite imageries and the social media data. Moreover, to improve 

estimation results, we applied emerging statistical models to the estimation focusing on 

England with the population, the nighttime light intensity, and the tweet volume data. 

Specifically, the annual SNPP-VIIRS data was used to obtain the average nighttime 

light intensity; and one-week geotagged tweet data was used to extract the tweet volume. 

Using publicly available multi-sourced data, this study can pave a new way for 

estimation of the electricity consumption in some other countries where direct capture 

of the realistic consumption data is unavailable. 

Most of the studies focusing on the estimation of the energy consumption are based on 

temporal variations [24, 25]. Temporal models (e.g., machine learning or deep learning 

models) were widely used to predict time-series of the energy consumption [24, 25]. 



Recently, the deep learning models, e.g., convolutional neural network (CNN), 

recurrent neural network (RNN) and long short-term memory (LSTM) models, had 

been broadly used to predict temporal variations of energy consumption [26-28]. Some 

other studies focused on spatial or spatiotemporal variations of the energy consumption 

[29, 30]. Statistical regression models were more widely used in the estimation for the 

spatial or spatiotemporal variations of the energy consumption than that of the temporal 

variations [29, 30]. Due to the data availability issue, this study focuses on the spatial 

variations of the electricity energy consumption rather than the temporal or 

spatiotemporal variations. Accordingly, the statistical regression models (e.g., spatial 

regression models) were used to estimate electricity energy consumption over space. 

Although machine learning or deep learning models are likely to outperform statistical 

regression models, statistical regression models have a higher level of explanatory 

ability. Particularly, the contributions of independent variables can be clearly and 

directedly quantified by the statistical regression models. Moreover, as one type of the 

explanatory models, the spatial regression models have been widely used to estimate 

energy consumption over space [2, 3, 6, 8, 10]. Theoretically, replacing the spatial 

regression models with non-spatial regression models (e.g., OLS models) can reduce 

estimation errors as the residual spatial autocorrelation in the non-spatial models can 

be estimated. The residual spatial autocorrelation is likely to undermine the 

fundamental assumption of residual independence in the regression models, and 

thereby needs to be reduced by the selection of the spatial regression models dedicated 

to address this issue. Empirically, ignoring spatial dependence of energy consumption 

is likely to cause biased estimation results since the spatial dependence of the energy 

consumption has been reported in the existing studies [3, 6]. Therefore, the spatial 

regression models are highly recommended for the estimation of the energy 

consumption over space. The basic types of the spatial regression models, such as the 

spatial lag model, spatial error model and the spatially autoregressive moving average 

model (a combination of a spatial lag model and a spatial error model), were early 

applied to the estimates of energy consumption [2, 3, 10]. One weakness of the basic 

forms of the spatial regression models is that the dependent variable in the models may 



be explained not only by a spatially lagged dependent variable or spatially 

autocorrelated error term but also by a combination of a spatially lagged dependent 

variable and some spatially lagged independent variables [6]. Some studies lately 

proposed a better solution to overcome this disadvantage: the spatial Durbin model 

(SDM), which includes the spatially lagged dependent variables and the spatially 

lagged independent variables [3, 6, 8].  

In this study, we made some contributions to abridge several research gaps in relevant 

studies: 1) as the highest geography level among most of the existing studies is the city 

level [19, 20], this study aimed to estimate the energy consumption at a finer scale; 2) 

this study uses realistic data (e.g., historical records of household electricity meters or 

electricity sales) to validate the estimated results at a finer scale, which ensures the 

reliability and feasibility of the models estimated in comparison with the relevant 

studies; 3) to improve the explanatory power of models, this study used a newly 

developed spatial regression model (i.e., random effects eigenvector spatial filtering 

model) in comparison with the conventional spatial regression models (e.g., spatial lag 

model, spatial error model, and spatial Durbin model) used in previous studies [2, 3, 6]; 

and 4) this study further compared the spatial regression models with the machine 

learning and deep learning models in the prediction of electricity energy consumption.  

2. Methods 

In this section, the research data and the used exploratory spatial data analysis method 

are firstly introduced. Subsequently, the estimation methods are presented, including 

those using the explanatory variables and responses as well as regression models (i.e., 

the ‘random effects eigenvector spatial filtering’ model).  

2.1. Research Data 

The study area is England, which is experiencing a slight drop in electricity energy 

consumption in recent years. The areal unit used in this study is the local authority 

district (LAD). The LAD is a subnational areal unit widely used in the UK 



demographics. In England, a LAD is a generic term covering the following regions: 

London boroughs, metropolitan districts, unitary authorities and non-metropolitan 

districts [31]. Although some LADs are styled as cities, most LADs are smaller than a 

city. The LAD is similar to a county for some countries. In other words, the LAD level 

is likely to be a higher geography level than the city level. According to the latest LAD 

boundaries data, there are 317 LADs in England [32]. 

Electricity energy consumption data: The GOV.UK offers data on electricity energy 

consumption at the local authority district (LAD) level across England [33]. The data 

contains electricity consumption amounts of domestic consumers, commercial and 

industrial consumers (non-domestic consumers), and all consumers. The realistic 

electricity consumption data is collected from household electricity meters and 

electricity sales in gigawatt hours (GWh). Electricity data is divided between domestic 

and non-domestic categories according to the meter’s profile type [33]. The number of 

electricity sales (unit: GWh) is used to represent the levels of electricity energy 

consumption. We used the LAD-level electricity energy consumption data, including 

annual domestic and non-domestic electricity energy consumption Figure 1 maps the 

LAD-level annual domestic electricity energy consumption per household across 

England in 2016. 

Population data: The Office for National Statistics (ONS) offers mid-year population 

estimates at the LAD level across England [34]. The mid-year population after 2011 is 

projected from the 2011 census data of UK. Figure 2 maps LAD-level population across 

England in 2016. 

Nighttime light imagery data: There are two popular sources of the nighttime light 

satellite imageries: the DMSP/OLS and the SNPP-VIIRS. Compared to the DMSP/OLS 

data, the SNPP-VIIRS data have a higher spatial resolution, less saturated pixels, a 

wider radiance range, and a higher data quality owing to onboard calibrations [35-37]. 

Empirical studies also demonstrate that the SNPP-VIIRS data perform better than the 

DMSP/OLS data for  a variety of applications, such as the GDP estimations [16], the 

CO2 emission estimations [38], protected area detections [39], breast cancer incidence 



estimations [40], and so forth. Although the SNPP-VIIRS data are superior to the 

DMSP/OLS data, the monthly SNPP-VIIRS data are only available from 2012 onwards 

and the annual SNPP-VIIRS data are only available from 2015 onwards [41]. The 

SNPP-VIIRS nightlight imageries can be downloaded from the webpage of the U.S. 

National Oceanic and Atmospheric Administration (NOAA) [41]. Specifically, the 

annual nighttime light data of SNPP-VIIRS were selected in this study [41]. The SNPP-

VIIRS nighttime light imageries have a high spatial resolution (15 arc-second × 15 arc-

second) than the DMSP/OLS imageries. Accordingly, the average area of the imagery 

grid is approximately 0.1-0.2 km2 across England. The annual average light intensity 

of the SNPP-VIIRS data is represented by the annual average radiance (unit: nW cm−2 

sr−1). Figure 3 maps the annual nighttime light intensity across England in 2016. 

Twitter data: The utilized Twitter data is an open dataset [42]. The dataset is composed 

of geotagged tweets collected over a continuous week in April, 2016. The dataset 

contains 135,199 geotagged tweets located within England. Figure 4 maps the LAD-

level one-week tweet count across England in 2016.  

 

Figure 1: local authority district (LAD)-level domestic electricity energy consumption 

per household (unit: GWh) across England in 2016 



 

Figure 2: local authority district (LAD)-level population (unit: 1,000 persons) across 

England in 2016 

 

Figure 3: Annual average nighttime light intensity (unit: nW cm−2 sr−1 ) across 

England, 2016 



 

Figure 4: local authority district (LAD)-level one-week tweet count across England in 

2016 

2.2. Exploratory spatial data analyses 

Before the electricity energy estimation, the exploratory spatial data analyses were first 

performed to explore spatial patterns of the LAD-level electricity energy consumption, 

with a focus on the spatial heterogeneity and the spatial association. The positive or 

negative spatial dependence (spatial autocorrelation) indicates that observations at 

spatially close locations tend to have similar or dissimilar values. The Moran’s I is 

widely used to quantify the level of spatial autocorrelation between adjacent locations 

[43, 44]. Specifically, the Moran's I test statistic is defined as [43] 

𝐼 =
𝑛

𝑊

∑ 𝑤𝑖𝑗(𝑥𝑖 − 𝑥̅)(𝑥𝑗 − 𝑥̅)

∑ 𝑤𝑖𝑗(𝑥𝑖 − 𝑥̅)2
                                       (1) 

where n is the number of locations, 𝒙𝒊 is the value of the variable x at the location i; 

𝒘𝒊𝒋 is the spatial weight of the location i and j; and W is the sum of all 𝒘𝒊𝒋. 

Specifically, a significantly positive Moran’s I value indicates a high (low) value 

neighboured by high (low) values; whilst a significantly negative Moran’s I value 



indicates a high (low) value neighboured by low (high) values. Conventionally, the 

spatial matrix used to determine spatial relationships of the observations was computed 

based on the contiguity of the target areas (polygons). Consequently, the global and 

local forms of Moran’s I statistic were used to measure the spatial dependence (spatial 

autocorrelation) globally and locally. 

2.3. Estimates of models 

2.3.1. Explanatory variables and responses  

Table 1 lists the explanatory variables and responses used in this study. The two 

responses are the annual domestic electricity energy consumption (ADEEC) and the 

annual non-domestic electricity energy consumption (ANEEC) in 2016; whilst the 

explanatory variables are the population (POP), the annual NTL intensity (ANTLI), and 

the one-week tweet count (OWTC) in 2016. Table 1 also shows the statistical 

description for the variables used in this study. All the variables used are measured at 

the LAD level. As the NTL intensity is observed at the grid level, the aggregation of 

the NTL intensity from the grids to the LADs is needed. Specifically, the area-weighted 

average NTL intensity in each LAD is computed to represent the LAD-level NTL 

intensity. Supposing i is a LAD, its NTL intensity (NTLI) is calculated as:  

𝐿𝐴𝐷_𝑁𝑇𝐿𝐼(𝑖) = ∑ 𝑁𝑇𝐿𝐼(𝑗) ∗  
𝑎𝑟𝑒𝑎(𝑖, 𝑗)

𝐿𝐴𝐷_𝑎𝑟𝑒𝑎(𝑖) 
 

𝑗∈𝑆(𝑖)

                     (2) 

where NTLI(j) represents the NTL intensity of the grid j. 𝐴𝑟𝑒𝑎(𝑖, 𝑗) represents the area 

of the overlapping part of grid j and LAD i; 𝑆(𝑖) is the set of grids overlapping with 

LAD i. 

Besides, Table 2 shows the Pearson correlation coefficients of the explanatory variables 

and responses. Owing to the positive Pearson correlation coefficients, there are positive 

relationships between the responses (i.e., ADEEC and ANEEC) and the explanatory 

variables (i.e., POP, ANTLI, and OWTC). This indicates that the explanatory variables 

were properly selected for the estimation.  

 

 

 



Table 1. Explanatory variables and responses and their statistical description  

Type Variables Full Names Mean SD 

Responses 
ADEEC 

Annual domestic electricity energy 

consumption in 2016 (unit: GWh) 
286.95 179.26 

ANEEC 
Annual non-domestic electricity energy 

consumption in 2016 (unit: GWh) 
450.11 371.27 

 

Explanatory 

variables 

POP Population in 2016 (unit: 1,000 persons) 172.83 117.01 

ANTLI 
Annual nighttime light intensity in 2016 

(unit: nW cm−2 sr−1) 
8.99 13.92 

OWTC One-week tweet count in 2016 430.25 831.43 

 

Table 2. Pearson correlation coefficients of explanatory variables and responses  

Pearson coefficients POP ANTLI OWTC 

ADEEC 0.969  0.199  0.372  

ANEEC 0.713  0.550  0.690  

2.3.2. Model estimation 

Conventional spatial regression models: The classical forms of the spatial regression 

models are modified based on the generalized linear models (OLS models). Specifically, 

the linear regression models are initially modified into two basic forms of the spatial 

regression models: the spatial lag (SL) model (also called spatial autoregressive model) 

and the spatial error (SE) model (also called spatial moving average model) by 

integrating spatially endogenous interactions and spatial interactions in the errors 

respectively. Moreover, as another basic form of the spatial regression models, the 

spatial autoregressive combined (SAC) model, also known as the spatially 

autoregressive moving average (SARMA) model, is a combination of the SL and SE 

models by incorporating spatially endogenous and spatial interactions in the error 

simultaneously into the generalised linear regression models. Furthermore, the three 

basic forms can be extended into the advanced forms by incorporating further the 

exogeneous interactions. Accordingly, the three advanced forms are the spatial Durbin 

(SD) model, the spatial Durbin error (SDE) model, and the spatial autoregressive 



combined Durbin (SACD) model. Additionally, the Lagrange Multiplier (LM) 

diagnostics can recommend the appropriate form from the three types of classical 

spatial regression models (i.e., SL, SE and SAC).  

Eigenvector spatial filtering model: as a new type of the spatial regression model, the 

spatial regression model with eigenvector spatial filtering has been also applied to 

process geospatial data [45, 46]. The Moran’s eigenvector-based spatial regression 

approach is called the “eigenvector spatial filtering (ESF)” [45] in regional science, and 

the ESF with a small number of eigenvectors can greatly reduce model misspecification 

errors and increases the model accuracy [47]. Compared to the conventional spatial 

regression models estimated based on parametric methods (e.g., maximum likelihood 

estimation or Bayesian estimation), the eigenvector spatial filtering is computationally 

intensive since it is a nonparametric statistical method which is distribution free without 

sacrificing too much information within a sample [46]. Although the eigenvector spatial 

filtering (ESF) models are computationally demanding, they are likely to outperform 

the conventional spatial regression models for applications related to urban and regional 

studies, ecological studies, and so on [47]. Furthermore, the ‘random effects 

eigenvector spatial filtering’ (REESF) model had been developed because of its 

usefulness for spatial dependence analysis considering the spatial confounding [48]. 

The REESF models are found to outperform the conventional ESF models [47, 48]. 

Additionally, the MESS-SAR model produces R2 values which are direct measures of 

the explanation capacity of the model; whilst the conventional spatial regression models 

do not. 

2.3.3. Model validation 

All the models were applied to an additional dataset (i.e., test dataset) for the 

estimations to further evaluate the performance. Apart from the regression models, a 

popular machine learning model (i.e., the Random Forest regression model) and a 

popular deep learning model (i.e., the Long Short-Term Memory regression model) 

were used to predict the test dataset for a broader comparison. The Random Forest 



models have been proven to outperform other machine learning models (e.g., support 

vector regression) in previous studies [24]. The Long Short-Term Memory models 

perform well in energy prediction as reported by some studies [25, 54]. 

2.4. Implementation of analysis 

In this study, model estimates can be implemented in R. Specifically, a package named 

‘spatialreg’ is designed for the conventional spatial regression models [49]; whilst 

another package named ‘spmoran’ is developed to implement estimates of the 

eigenvector spatial filtering models [50]. The package ‘randomForest’ supports the 

random forests for the classification and regression [51]; while the package ‘keras’ 

allows users to build a LSTM network [52]. Besides, the package ‘spdep’ supports the 

Lagrange Multiplier (LM) diagnostics [53]. Both global and local forms of Moran’s I 

statistic can be implemented in the open software GeoDA [54]. 

3. Results and discussion 

In this section, empirical results of the exploratory spatial data analysis and electricity 

energy consumption estimates are presented.  

3.1. Exploratory spatial data analysis 

First of all, we explored the spatial patterns of the LAD-level electricity energy 

consumption intensity by examining spatial autocorrelation (dependence) in the ‘annual 

domestic electricity energy consumption per household’ (ADEECPH). As a population-

based measure, the ADEECPH is used to represent electricity energy consumption 

intensity. In this study, the global and local forms of the Moran’s I statistic were 

computed and simulated according to the 317 observations (317 LADs). First, we 

explored the global spatial autocorrelation in ADEECPH across England. Figure 5 

shows the global Moran scatterplot of the England-wide LAD-level ADEECPH. A 

global Moran’s I statistic value of 0.326 and a p-value of less than 0.001 indicate 

statistically significant presence of the global spatial autocorrelation in ADEECPH 

across England (see Figure 5). And, a significantly positive Moran’s I statistic value 

(0.326) indicates that the observations at spatially close locations tend to have similar 



values. Specifically, some LADs with high-value ADEECPH are neighboured by the 

LADs with the high-valued ADEECPH; and some LADs with the low-valued 

ADEECPH are neighboured by the LADs with low-valued ADEECPH across England.  

Moreover, we explored the local spatial autocorrelation in ADEECPH across England. 

Figure 6 shows the clusters and outliers of LAD-level ADEECPH across England. 

Specifically, the clusters (‘High - High’ or ‘Low - Low’) indicate the LADs with high-

valued (low-valued) ADEECPH are neighboured by the LADs with high-valued (low-

valued) ADEECPH; whilst outliers (‘Low - High’ or ‘High - Low’) indicate LADs with 

low-valued (high-valued) ADEECPH are neighboured by LADs with high-value (low-

valued) ADEECPH (see Figure 6). In this study, we focused more on the highly energy-

intensive clusters (‘High - High’) and the lowly energy-intensive clusters (‘Low - Low’) 

since the outliers (‘Low - High’ or ‘High - Low’) are few. Particularly, three large 

concentrations of the highly energy-intensive clusters presented in southern England; 

whilst the two large concentrations of lowly energy-intensive clusters presented in 

northern England. 

 

 

Figure 5. Global Moran scatterplot of England-wide ‘annual domestic electricity 

energy consumption per household’ (ADEECPH) in 2016 



 

Figure 6. Clusters and outliers of ‘annual domestic electricity energy consumption 

per household’ (unit: kWh) across England in 2016  

3.2 Model estimation: electricity energy consumption estimates 

There are 3 explanatory variable combinations: “POP + ANTLI”, “POP + OWTC”, and 

“POP + ANTLI + OWTC”. Accordingly, six (2 responses × 3 explanatory variable 

combinations) models were estimated for each regression model type. 

3.2.1 Estimates of explanatory models 

1) Estimates of OLS models 

Initially, six non-spatial regression models (OLS models) were estimated based on 

population together with ANTLI, TC, or both respectively. As a result, six OLS models 

were estimated according to 317 observations (317 LADs).  

2) Estimates of convetional spatial regression models (SL/SD/SE/SDE/SAC/SACD) 

The Lagrange Multiplier (LM) diagnostics were implemented to conduct testing for 



spatial dependence in the non-spatial regression model (i.e., OLS model). According to 

the LM diagnostics results, spatially simultaneous lag and error dependence is 

statistically significantly present in all the 6 OLS models estimated (p-values < 0.01). 

This verified the selection of SAC models or SACD models in this study. Accordingly, 

we chose the SACD models instead of the SAC models since the SACD model is an 

advanced form of SAC model. Eventually, 6 SACD models were estimated based on 

317 observations (317 LADs). 

3) Estimates of REESF models 

Likewise, six REESF models were estimated based on population together with ANTLI, 

TC, or both respectively. As a result, six OLS models are estimated based on 317 

observations (317 LADs).  

3.2.2 Comparison of explanatory models estimated 

Table 3 shows estimation results for all the explanatory models estimated. The Akaike 

information criterion (AIC) is used to measure the goodness-of-fit level of model. 

Unlike the OLS models, the SACD models were estimated through searching for 

maximum log likelihood. Therefore, the SACD models do not have adjusted R2. In 

addition, the variance inflation factor (VIF) for all the explanatory variables (predictors) 

are below seven indicate that there is no serious multicollinearity exists in the models 

estimated. This means all the explanatory variables (predictors) are not highly 

correlated to each other. In all the models estimated, all the explanatory variables have 

statistically significant impact on the two responses. The exceptions are the coefficients 

of OWTC in the OLS and SACD models estimated for the ADEEC according to POP 

and OWTC. Expectedly, POP and OWTC are positively associated with both ADEEC 

and ANEEC. Interestingly, although ANTLI is positively correlated with ADEEC (see 

Table 2), it is negatively associated with ADEEC after other explanatory variables (i.e., 

POP and OWTC) are incorporated.  

The comparison of the models estimated indicates some findings. First, for each 

explanatory variable combination or each response, the REESF model is likely to 



outperform the SACD and OLS models due to higher R2 or lower AIC values. Second, 

owing to higher R2 or lower AIC values, the models accounting for both ANTLI and 

OWTC appear to outperform their counterparts accounting only for either ANTLI or 

OWTC alone. Likewise, owing to higher R2 or lower AIC values, the models accounting 

for OWTC alone appear to outperform their counterparts accounting only for ANTLI 

alone. Third, for each explanatory variable combination or each regression model type, 

the ADEEC-aimed model outperforms its ANEEC-aimed counterpart.  

Additionally, the Moran’s I tests were used to check whether spatial correlation is 

present in the residuals of the models estimated. In Table 3, the Moran’s I tests for 

regression residuals are statistically significant in all the OLS models but are not in all 

the SACD and REESF models. Two exceptions are in the ANEEC-aimed REESF 

models based on the two explanatory variable combinations: “POP + ANTLI” and 

“POP + OWTC”. The Moran’s I tests for regression residuals indicate that replacing 

non-spatial regression models with spatial regression models are likely to reduce the 

presence of residual spatial dependence. 

Table 3. Estimation results for the explanatory models estimated 

a) Response: ADEEC 

Variables POP + ANTLI POP + OWTC POP + ANTLI + OWTC 

Model OLS SACD REESF OLS SACD REESF OLS SACD REESF 

Intercept 34.583*** 34.434*** 32.905*** 31.219*** 39.25*** 28.318*** 36.239*** 32.784 34.778*** 

POP 1.504*** 1.504*** 1.513*** 1.455*** 1.465*** 1.465*** 1.476*** 1.473*** 1.486*** 

ANTLI -1.104*** -1.105*** -1.081**    -1.547*** -1.578*** -1.533*** 

OWTC    0.005 0.005 0.008** 0.017*** 0.017*** 0.016*** 

Adjusted R2 0.945  0.951 0.938  0.954 0.949  0.954 

AIC 3,276 3,278 3,263 3,311 3,311 3,287 3,253 3,255 3,250 

Residual 

Moran’s I 

0.164*** 0.398 0.078 0.192*** 0.004 -0.004 0.102*** 0.003 0.017 

Note: ‘.’, ‘*’, ‘**’, and ‘***’ mean the p-values are below 0.1, 0.05, 0.01, and 0.001 

respectively. 



b) Response: ANEEC 

Variables POP + ANTLI POP + OWTC POP + ANTLI + OWTC 

Model OLS SACD REESF OLS SACD REESF OLS SACD REESF 

Intercept 28.732 53.733 10.931 63.656** 23.66*** 66.102*** 46.437* 63.542*** 30.902** 

POP 1.899*** 1.921*** 1.839*** 1.671*** 1.621*** 1.646*** 1.598*** 1.615*** 1.535*** 

ANTLI 10.051*** 10.982*** 13.192***    5.307*** 5.962*** 8.406*** 

OWTC    0.221*** 0.212*** 0.225*** 0.18*** 0.179*** 0.176*** 

Adjusted R2 0.637  0.679 0.72  0.725 0.748  0.788 

AIC 4,335 4,336 4,318 4,253 4,248 4,256 4,220 4,221 4,202 

Residual 

Moran’s I 

0.116*** -0.008 0.03* 0.095** 0.004 0.069* 0.104** -0.005 -0.014 

Note: ‘.’, ‘*’, ‘**’, and ‘***’ mean the p-values are below 0.1, 0.05, 0.01, and 0.001 

respectively. 

 

 

3.3 Validation of models estimated 

In this study, the data for 2015 were used as the test data while the data for 2016 were 

used as the train data by which the models were estimated. Specifically, the POP and 

the ANTLI are represented by population in 2015 (unit: 1,000 persons) and the annual 

nighttime light intensity in 2015 (unit: nW cm−2 sr−1); whilst OWTC is still represented 

by one-week tweet count in 2016 owing to the absence of the Twitter data for 2015. 

The two responses are the annual domestic electricity energy consumption (ADEEC) 

in 2015 (unit: GWh) and the annual non-domestic electricity energy consumption 

(ANEEC) in 2015 (unit: GWh). Apart from the SACD and REESF models, Random 

Forest (RF) and Long Short-Term Memory (LSTM) models were also applied to the 

test data for a broader comparison. Specifically, the key parameters of the RF models 

were set as the previous studies suggested [24]: 1 as ‘number of variables randomly 

sampled as candidates at each split’ and 5 as ‘minimum size of terminal nodes’; and the 

key parameters of the LSTM models were set as the previous studies suggested [55-57]: 



2 as ‘number of hidden layers’, 1,000 as ‘number of epochs’, Adam as ‘optimizer 

category’, and 0.001 as ‘learning rate’. 

The Normalized Mean Absolute Error (NMAE) and the Normalized Root Mean Square 

Error (NRMSE) are both used to measure the difference of the predicted and actual 

values after adjusting for scales. The NMAE is the average of mean error normalized 

over the average of all the actual values; while the NRMSE is the square root of the 

mean of the squares of the deviations normalized over the average of all the actual 

values. Table 4 shows that the NMAE and the NRMSE values for the predictions of the 

annual electricity energy consumption in 2015 by different models.  

Owing to the lower NMAE or NRMSE values, the models combining ‘POP, ANTLI 

and OWTC’ outperform those combining ‘POP and ANTLI’ or ‘POP and OWTC’ (see 

the 6th and 7th columns of Table 4). This consistently indicates that incorporating both 

nighttime light intensity and tweet volume can improve the prediction of energy 

consumption. Owing to the lower NMAE or NRMSE values, the REESF models 

consistently outperform the SACD models (see the 3rd and 4th rows of Table 4). The 

performance of the RF models is similar to that of the REESF models in the prediction 

of ADEEC, as the RF models have lower NMAE values while the REESF models have 

lower NRMSE values (see the 4th and 5th rows of Table 4a). In addition, the 

performance of the RF models is higher than that of the REESF models in the prediction 

of ANEEC, as the RF models have lower NMAE and NRMSE values than the REESF 

models (see the 4th and 5th rows of Table 4b). Owing to the lower NMAE or NRMSE 

values, the LSTM models outperform the other three models in the prediction of both 

ADEEC and ANEEC (see the last rows of Table 4). Besides, we plotted the actual and 

predicted ADEEC based on POP, ANTLI and OWTC as the prediction accuracies of 

ADEEC are higher than those of ANEEC (see Figure 7). We also plotted the 

distribution of prediction errors. Specifically, we plotted relative absolute error (RAE) 

of predictions based on POP, ANTLI and OWTC (see Figure 8). Both Figure 7 and 8 

are consistent with Table 4.  



 

Table 4. Prediction accuracies of the regression models estimated 

a) Response: ADEEC 

Variables POP + ANTLI POP + OWTC POP + ANTLI + OWTC 

Model NMAE NRMSE NMAE NRMSE NMAE NRMSE 

SACD 0.086 0.155 0.092 0.152 0.086 0.152 

REESF 0.077 0.137 0.082 0.133 0.075 0.132 

RF 0.069  0.149 0.066  0.129 0.069  0.146 

LSTM 0.018 0.025 0.018 0.025 0.018 0.025 

b) Response: ANEEC 

Variables POP + ANTLI POP + OWTC POP + ANTLI + OWTC 

Model NMAE NRMSE NMAE NRMSE NMAE NRMSE 

SACD 0.395 0.61 0.258 0.447 0.325 0.501 

REESF 0.275 0.461 0.239 0.426 0.238 0.375 

RF 0.191  0.338 0.178 0.322 0.164 0.283 

LSTM 0.030  0.046 0.031  0.047 0.030 0.047 

 



  

  

Figure 7. Actual and predicted ADEEC based on POP, ANTLI and OWTC 

 



  

a) ADEEC b) ANEEC 

Figure 8. Relative absolute error (RAE) of predictions based on POP, ANTLI and 

OWTC 

3.4. Discussion 

Additionally, we estimated the electricity consumption at a finer scale. In the UK 

demographic system, the output area (OA) is the basic unit of the census area or census 

tract. The OA is further aggregated into the lower layer super output area (LSOA) and 

the middle layer super output areas (MSOA). The MSOA is a higher geography level 

than the LAD. On average, each English LAD consists of approximately 21 MSOAs. 

We additionally estimated the MSOA-level electricity consumption across England. 

Due to a lower R-squared value and a higher AIC value, the England-wide MSOA-level 

electricity consumption is ambiguously explained (determined) as the LAD-level 

consumption. This exhibits the influence of geography level (areal unit) on the 

estimated results. The modifiable areal unit problem (MAUP) widely exists in statistical 

analysis of the aggregate geospatial data [58-61]. Several studies have confirmed that 

the statistical results vary based on scale and aggregation, attracting attentions from 

many individuals in the field of geospatial analysis. [60]. When areal units are 

aggregated into fewer, larger units for statistical analysis, the values associated with the 

variation of the data decreases, which will affect any associated statistical analysis [60]. 

In this study, as imagery grids were aggregated to the district units (LADs) and the 

neighbourhood units (MSOAs), modelling results tend to differ from districts to 

neighbourhood levels. Specifically, compared with the aggregation of grids into 



neighbourhood units, the aggregation of grids into district units tends to lose more 

information associated with the variation of data, leading to a decrease in statistical 

analysis results (e.g., modelling results). Therefore, the MAUP issue might 

theoretically explain part of the decrease in the R-squared values of models estimated 

from the LAD level (district level) to the MSOA level (neighbourhood level).  

One of the challenges for the extension of the models is that the coefficients estimated 

might differ from one country to another. Therefore, it is important to estimate the 

coefficients in different countries to explore whether and how the coefficients vary over 

space and time. The first step of extending the established model in this study is to apply 

these models to other European countries. The reason is that owing to similar economic 

development levels, the energy-related policies, the climate and cultural characteristics, 

the associations of electricity energy consumption, the nighttime light intensity, and the 

tweet count might be similar. This could be empirically checked through applying this 

approach to electricity energy consumption in other European countries where the 

governments also offer the local-scale reference data based on household meters. More 

specifically, we may use the models estimated to predict the Europe-wide local-scale 

electricity energy consumption based on the remote sensing and the social sensing data 

if the coefficients estimated are unlikely to differ from one country to another. Another 

challenge for the extension of the models is the data availability issue. Annual SNPP-

VIIRS data (nighttime light imagery data) are only available for 2015 and 2016, and 

we have only Twitter data collected for 2016. Due to the limited data availability, we 

are not able to extend the spatial models to the spatiotemporal models.  

Governments dedicated to reducing energy consumption and carbon emission reduction 

are likely to propose or modify energy-related policies based on some new research 

findings [62, 63]. It is vital to assess the implementations of policies targeting energy 

consumption and carbon emission reduction. This study demonstrates that the remote 

sensing data (e.g., the SNPP-VIIRS imageries) or/and the social sensing data (e.g., 

geotagged tweets) can provide a new approach to rapidly and easily monitor the energy 

consumption, enhancing policy implementation assessment and reducing operation cost. 

Unlike England, many countries do not offer the energy consumption data at local 

scales. The remote sensing data and the social sensing data would potentially play an 

important role in energy-related policy assessment in the countries where the 

governments do not offer local-scale energy consumption statistics.  



4. Conclusion 

To implement a new mixed approach for the estimation of the electricity energy 

consumption, this study modeled the England-wide local-scale electricity energy 

consumption by combining the demographic data, the nighttime light satellite imageries, 

and the geotagged tweets. Specifically, both the annual electricity energy consumption 

volumes of the domestic and non-domestic usages were estimated based on the 

population along with the nighttime light intensity or/and the tweet volume. Moreover, 

compared with the conventional spatial regression models, a newly developed spatial 

regression model (i.e., the random effects eigenvector spatial filtering model) was used. 

The empirical results uncover that 1) the electricity energy consumption can be best 

explained by the population along with both the nighttime light intensity and tweet 

volume; 2) the domestic electricity energy consumption can be better explained than its 

non-domestic counterpart; 3) The REESF models appear to outperform conventional 

spatial regression models; and 4) the performance of REESF models is similar to that 

of random forest models and is lower than that of the long short-term memory models. 

The governments and policymakers could use the SNPP-VIIRS data and the Twitter 

data to estimate local-scale electricity energy consumption annually. This approach is 

low-cost, and thus has high potential in monitoring the spatiotemporal variations in 

domestic electricity energy consumption. 

As the Twitter data used was collected during a one-week period, we will attempt to 

collect the Twitter data during the whole 2016 to reduce the spatially sampling bias of 

the geotagged tweets likely caused by the occurrence of seasonal events. In the future, 

to check whether the approach can be extensively applicable to other countries, we will 

apply the approach to other European countries if local-scale electricity consumption 

statistics based on household meters are publicly available. We may also attempt to 

apply the approach to estimates of the Europe-wide local-scale electricity energy 

consumption in the near future. Furthermore, since there are some emerging 

spatiotemporal models, e.g., chain-structure echo state network (CESN) and CNN-

LSTM models, used in other applications (e.g., solar irradiance prediction) [64, 65], we 

will attempt to apply those emerging models to the spatiotemporal energy consumption 

forecasting once monthly electricity energy consumption data were available in the 

future.   
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