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Abstract
Urbanization induces shifts in surface environmental factors, including impervious surface expansion, green space loss, and
temperature increase in which the extreme temperature is supposed to significantly raise total electricity consumption (TEC) in
urban areas. Applying remote sensing data and data analysis, this study aims to explore relationships between urbanization,
surface environmental factors (SEF), and electricity consumption (EC). The relevance of surface temperature and total electricity
consumption was also considered. The research found the disturbance of SEF through changes in vegetation index, urban index,
and surface temperature. The vegetation was detected to be narrowed while the impervious surface and land surface temperature
had the same trend of rising. These tendencies correspond to the urbanization process in the BangkokMetropolitan Area (BMA).
The urbanization process was also detected by extension of customers and electricity consumption, mainly in industrial sectors
and household consumption. The number of users in industrial sectors well explained total consumption. Besides, the surface
environmental factors jointly contributed to the consumption in the residential sector. Urban expansion assessed by urban index
has more contribution to electricity utilization compared to surface temperature. These findings proved that the total consumption
originated from the industrial sectors, especially the medium and large scales. These outcomes can serve the electrical business in
order to provide adequate and improve service quality.
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Urbanization

Introduction

Bangkok Metropolitan Area (BMA), a geographical zone, in-
cludes the capital of Thailand—Bangkok city, where it has
been experiencing intense urbanization after being established
and overcoming the Second World War (Murakamia et al.
2005; Tsuchiya et al. 2015). The BMA is considered as a
magnet of development both in the whole Thailand and

Southeast Asia region (Keivani 2010). Additionally, the
BMA is contiguous to Eastern Economic Corridor (EEC), a
development project launched by the Thailand government to
turn three coastal provinces in the east of BMA into a modern
metropolis (Tontisirin et al. 2017; Koen et al. 2018). These
conditions facilitate the BMA, and so it quickly becomes a
densely concentrated center of settlement, industry, com-
merce, and services. Urbanization process not only turns a city
into a hotspot of population concentration and economic
growth but also transforms its land use/land cover (LULC)
and public appearances. The intensive urbanization induces
spatial heterogeneity in urban landscape and disturbance of
surface environmental factors (Hassan 2017). The surface en-
vironmental disturbances along with local climate, urban ge-
ometry, and internal heat sources jointly contribute to urban
heat rising (Srivanit et al. 2012; Mohan and Kandya 2015; Fu
and Weng 2016).

In Thailand, electricity has become an indispensable ener-
gy source for household demands, especially in the urban
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areas when traditional fuels (e.g., firewood, honeycomb char-
coal, coal, and gas) gradually become strange and even disap-
pear (Pongsapich and Wongsekiarttirat 1994). Electricity con-
sumption in the residential sector has been surging due mainly
to convenient-equipment-consumed electricity such as mod-
ern kitchen furniture, entertainment devices, and air condition-
ing systems, although the Thailand government released en-
ergy policy to effectively use electricity, save resources, and
limit environmental burdens. The general development causes
pressure in the electrical business to supply enough for all
socioeconomic sectors (Yamtraipat et al. 2006). The recorded
figures on total electricity consumption (TEC) ofMetropolitan
Electricity Authority (MEA) revealed that, although there
were a few years with a slight decrease in the total consump-
tion, the general trend was a continuous increase approximate-
ly 60% throughout the period from 1998 to 2017. At the end
of the period, the year consumption reached the number of
50,700 Gigawatt hours (GWh) (Fig. 1).

Global warming and urban heat island (UHI), urban micro-
climate phenomena regulated by urbanization, were both ver-
ified to affect rising urban temperature and electricity demand
in many cities, including Bangkok (Arifwidodo and
Chandrasiri 2015; Santamouris et al. 2015). A synthetic im-
pact of tropical climate and UHI exacerbates high temperature
in the city than isolated effects. The high temperature in the
urban zone was proved to be a principal agent of forcing
residential utilization rise (Wangpattarapong et al. 2008).
This situation is worse in midsummer when the temperature
hits a peak, and dwellers are forced to switch the air condi-
tioning system (Karaman 2019). The thermal factor, therefore,
is supposed to increase the total usage in BMA directly.
However, this evidence is incomprehensive. Other factors,
such as surface environmental factor changes, i.e., urban ex-
pansion, and economic growth, also contribute to using elec-
tricity somehow.

A screening review using precise keywords of “urbaniza-
tion” and “electricity consumption” on the Scopus database
returned 138 publications within the last 10 years. A skim-
ming through the article titles revealed that most of the studies
in these fields are related to three main aspects, including
urbanization (22 articles), economic growth (29 articles),

and environment (12 articles). However, the study that con-
sidered the impacts of environmental changes on electricity
consumption is only 2 of 12 studies. Indeed, most studies
indicated the positive contribution of urbanization and eco-
nomic growth to electricity consumption (Al-Bajjali and
Shamayleh 2018; Yang et al. 2019; Zhang et al. 2020) in
which the residential consumption determined is significantly
influenced (Fan et al. 2017; Yang et al. 2019; Liu et al. 2020).
With respect to the considered variable, Liu et al. (2020) con-
sidered population growth as a social factor. Gross domestic
product (GDP) and the structure of the economy were vari-
ables regarding the economic aspect. Additionally, water con-
sumption, electricity price, and distance to the power station
were also concerns in some studies, and they had a relation
with consumption despite low meaning (Ubani 2013; Al-
Bajjali and Shamayleh 2018). With multiple linear regression,
Ubani (2013) detected the relation of electricity consumption
and socioeconomic factors in Nigeria, with R2 = 0.992. The
relation between consumption and environmental degradation
(i.e., CO2 emission) was investigated by Shahbaz et al. (2014),
while other environmental factors have yet been studied.

This study, therefore, is aimed (1) to analyze variations of
the surface environmental factors including green cover, im-
pervious surface, and surface temperature over 7 years, at
2010 and 2017; (2) to assess development trend in customers
and consumption of electricity business; and (3) to explore
main driving forces for rising electricity consumption along
with the urbanization, and general development in the BMA.

Materials and research methods

Study area description

Since 1958, the Metropolitan Electricity Authority (MEA), a
state-owned enterprise, was established to generate, supply
electricity, operate an electrical business, and maintain the
electrical usage quality for residents in Bangkok capital,
Nonthaburi, and Samut Prakan provinces (MEA 2013).
These three administrative provinces were generally named
as Bangkok Metropolitan Area (BMA) and divided into 18

Fig. 1 Total annual electricity
consumption (gray columns) and
general development trend
(smooth line) in the Bangkok
Metropolitan Area from 1998 to
2017. Data was aggregated
from raw data of MEA
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districts corresponding to 18 branch offices for better manage-
ment (MEA 2016).

The BMA is located in Thailand’s central region where it is
a hotspot for population and economic magnet (Ostro et al.
1999; Srivanit 2012). The metropolitan covers approximately
3200 km2 in the delta of Chao Phraya River and spreads out to
the Gulf of Thailand in the South (Fig. 2). Located in a tropical
monsoon region, regional climate is characterized by long
sunshine hours, high humidity, and temperature; the highest
air temperature can especially reach over 40 °C in midsummer
(Ostro et al. 1999; Ruangwises and Ruangwises 2009; BMA
2017). The high thermal environment in the context of exten-
sive urban areas has forced most residents to turn on air con-
ditioners, so the total consumption often hits the peak in sum-
mer (Karaman 2019). That is a remarkable thing in the elec-
trical business in the BMA.

Dataset

Satellite data

In this research, MODIS (Moderate Resolution Imaging
Spectroradiometer) products were used to extract monthly
SEF in all districts. These products are acquired by Terra
satellite, which covers globally from the year 2000 to the

present. The data is freely downloaded from NASA’s Earth
Observing System Data and Information System
(EOSDIS). To serve this study, the MODIS data was ac-
quired in 2010 and 2017 corresponding to available elec-
tricity data at these 2 years for performing the same scale
comparison. The MODIS scene covering Bangkok locates
at (27, 07) in Sinusoidal Tile Grid.

The MODIS products that served the study include
MOD11B3 and MOD13A3. The products are level 3 ver-
sion 6, which are aggregated into one monthly composite
image by all images collected during a month. MOD11B3
provides average monthly Land Surface Temperature
(LST) and emissivity with 5600 m pixel size. This prod-
uct contains 19 different layers, primarily, it also supplies
the aggregated LST estimated by band 31 of the 1-km
MOD11_L2 (LP DAAC 2019a), which layer was used
in order to detect LST through the study time.
Vegetation indices and reflectance bands are the mainly
supplied data in MOD13A3 within 11 data layers, in
which the NDVI layer, band Near Infrared (NIR), and
band Middle Infrared (MIR) were extracted for the re-
search. The MOD13A3 is a product of monthly generat-
ing MOD13A2 by an average algorithm. Thus, the spatial
resolution of MOD13A3 is equal to MOD13A2, which
achieves 1000 m (LP DAAC 2019b).

Fig. 2 The BangkokMetropolitan Area location in central Thailand and component provinces and land cover map in 2017 simulated fromMODIS Land
Cover product (MCD12Q1)
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Electricity consumption data

The electrical database was provided by the Metropolitan
Electricity Authority. The database includes monthly sold
electricity and total customers in the 18 districts. The amounts
of total electricity consumption and consumers were catego-
rized into seven sectors, including resident, small industry,
medium industry, large industry, specific sectors, government,
and total consumption. The number of customers implies the
development of economy and urbanization (in social aspect)
regarding the number of customers in industry and resident,
respectively.

Methodology

The research was divided into three core work packages, in-
cluding extraction of the SEF, analysis of economic growth,
and exploration of correlation among variables and the total
electricity consumption increase. The detailed framework de-
scribing data sources, analysis methods, and research outputs
is shown in a flowchart below in Fig. 3.

MODIS preprocessing and remotely sensed base index
retrieval

Dataset of MOD11B3 and MOD13A3 was simultaneously
downloaded from the EOSDIS website using Cygwin soft-
ware (NASA EOSDIS 2019). Subsequently, a set of

preprocessing steps was automatically implemented by
MODIStsp package on R language (Busetto et al. 2019).
The preprocessing tasks consist of coordinate system correc-
tion, spatial subset, resolution resampling, scale applying, and
layer extraction. Referenced projection is Universal
Transverse Mercator (UTM) applying ellipsoid of WGS84
on zone 47 Northern, corresponding to the Thailand location.

The daytime-aggregated LST layer was extracted from
MOD11B3, representing the thermal features. The
Normalized Difference Vegetation Index (NDVI) layer in
MOD13A3 was extracted to illustrate green space features.
The NDVI layer was calculated using a ratio equation de-
scribed by Tucker (1979), which is the ratio between a visible
reflectance band of Red (620–670 nm) and NIR (Near
Infrared, 841–876 nm). Although the MOD13A3 provides
multiple vegetation indices, the product also gives four reflec-
tance bands, including Red (620–670 nm), Blue (459–
479 nm), NIR (Near Infrared, 841–876 nm), and MIR
(Middle Infrared, 2105–2155 nm) (LAADS DAAC 2019).
Thus, this research calculated the Normalized Difference
Built-up Index (NDBI) using Eq. (1) on NIR and MIR bands.
The NDBI index was applied to highlight urban surfaces such
as built-up, road, pavement, and impervious surfaces (Zha
et al. 2003; Bhatti and Tripathi 2014).

NDBI ¼ MIR−NIR
MIRþ NIR

ð1Þ

where MIR is middle-infrared wavelength (μ = 2105–
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Fig. 3 A framework of methodology in this study
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2155 nm), NIR is near-infrared wavelength (μ = 841–
876 nm).

Zonal statistics of surface environmental factors

Surface environmental factors (SEF) considered in the study
were temperature, vegetation, and urban surfaces that were
represented by LST, NDVI, and NDBI, respectively. These
indicators are a monthly combination, and every single district
consists of many pixels corresponding to specific values. The
discrete pixels in each district were calculated as a single av-
erage number using Zonal statistics for multiband (ZSM)
plugin (Silvani 2019). The ZSM synthesizes average values
for all districts and months of the year in each index. Then,
heatmap with cluster grouping was drawn based on the mean
value of the SEF for better visualization.

Data normalization and linear regression analysis

The electricity consumption database is not similar to the en-
vironmental indices, which represents the usage and number
of users in the entire district. Nevertheless, the total area of the
counties is varied from district to district. Thus, to perform a
peer group comparison, the electricity consumption and the
number of users were standardized in the same measurement
scale of kWh per km2 and customers per km2, respectively.

Subsequently, monthly variables of each district, including
dependent variables (i.e., the normalized consumption in each
sector) and independent variables (i.e., environmental indices,
the normalized customer in each sector), were analyzed using
simple linear regression and multiple linear regression. Simple
regression illustrates a single effect, while multiple regression
is expected to reveal cooperative impacts. The regressions
were evaluated by the regression coefficient, R square (R2).
R square value is in the range of [0:+ 1]. The magnitude of R
square presents the meaning of regression, e.g., the ap-
proaching one (1) value informs more significantly meaning-
ful regression (Zou et al. 2003).

Results and discussions

Disturbance of surface environmental factors

Variation of surface environmental factors in the city was
assessed through monitoring the shift in the value of NDVI,
NDBI, and LST from 2010 and 2017. LST indicates changes
of surface thermal environment, while NDVI and NDBI re-
veal variation of surface properties through changes of vege-
tated coverage and impervious surface expansion.

In general, green spaces in 2017were declined compared to
the year 2010, and the annual mean NDVI value decreased
from 0.42 in 2010 to 0.41 in 2017. The built-up areas and

impervious pavements typically replaced the green spaces.
Conversely, the NDBI value speedily increased by the differ-
ence between annual mean values was 0.04. The urban sur-
faces are impervious, and water cannot infiltrate into the soil
and evaporate into the atmosphere for cooling as a natural
process often takes place on natural surfaces covered with
vegetation (Lu and Weng 2006). Vegetation loss and paved
surfaces propitiously contribute to elevate the thermal envi-
ronment in urban areas (US EPA 2008). Observed data indeed
revealed that LST slightly climbed from 34.45 to 34.47 °C.
There was an increase of 0.02 °C over 7 years, in other words,
it was only ~ 0.003 °C per year. This trend is not significantly
different, but it shows a consistent trend with conversions of
green and impervious covers. LST is broadly demonstrated
that it negatively correlated with green cover areas and vice
versa for impermeable surfaces.

The NDVI reveals not only potential vegetation types but
also the vegetated greenness and proportion. The negative
value range is non-vegetated surfaces (e.g., water, barren),
while the approaching + 1.0 values represent dense vegetation
(Tucker 1979; Burgan and Hartford 1993). The NDBI and
NDVI values had a negative linear correlation, the correlation
coefficient between these two land cover types, in this case,
achieved a high correlation with r = 0.82 (Richard 1990;
Mukaka 2012; Sun et al. 2012; Malik et al. 2019). The
NDVI values throughout the districts reach positive values,
while NDBI values occupy corresponding negative values
(Fig. 4-a). Based on these two land cover features, BMA dis-
tricts were clustered into two main groups corresponding to
spatial patterns. Urban districts with high urban index and low
vegetation index (NDVI < 0.3) were namely Lat Krabang,
Bang Kapi, Bang Khen, Nonthaburi, Wat Liap, Yannawa,
and Khlong Toei. On the contrary, the rest of the districts that
held both low NDBI and high NDVI (NDVI > 0.5) were iso-
lated as countryside districts (Fig. 4-a).

Surface temperature has a profoundly positive relationship
with NDBI, while the temperature has a low correlation with
NDVI with an inverse relation (Zhang et al. 2009; Sun et al.
2012; Rasul et al. 2015). Similarly, this study found statisti-
cally significant correlations (P = 0.001, r = 0.53 for NDBI,
and r = − 0.35 for NDVI). The districts distributed to two spa-
tial patterns are relatively similar to NDVI-NDBI patterns.
Districts with high surface temperature were these urban dis-
tricts grouped by NDVI-NDBI and supplemented four
moderate-high temperatures, including Prawet, Thonburi,
Bang Khun Thian, and Bang Yai. The low-temperature coun-
tryside districts are where mean temperature did not exceed
33 °C during the observed period (Fig. 4-b).

The urbanization with SEF disturbance was convinced
by variation of the indices of NDVI, NDBI, and LST. The
urban index was detected increasing in almost all districts,
while the vegetation index decreased correspondingly. The
slowly urbanized counties wereMin Buri, Bang Bua Thong,
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Latprao, Rat Burana, Wat Liap, and Khong Toei, where
there was a slight shift in urban and vegetation index.
Based on the differences of SEF, the districts were consid-
ered as two primary groups, the high- and low-urbanized
districts. The central counties (e.g., Samsen, Yannawa,
Bang Kapi, Rat Burana, Wat Liap, Khlong Toei) typically
had dense urban density, and so these places gradually ex-
panded. In contrast, the remaining countryside counties ex-
posed rapid urbanization (Fig. 4-c). The entire BMA surface
temperature is obviously expected to rise owing to the men-
tioned urbanization and its relations with NDVI-NDBI.
However, the LSTonly increased in the high-urbanized dis-
tricts, i.e., countryside districts. The growth derives from
the thermal contribution of expanded built-up areas. In
explicitly, the additional heat from urban expansion in the
inner city is less than amount in the suburban areas, since the
urban districts have low urbanization rate. Moreover, the

decline of LSToccurred with the integration of a low urban-
ized rate and a climate phenomenon called weak La-Nina
(WL) in 2017 (GGWS 2020). In La-Nina year, temperature
will be colder than average temperature, and it will be
warmer in El-Nino year (e.g., 2010: Moderate El-Nino).
Min Buri was a curious county when both NDVI, NDBI,
and LST increased in 2017. Min Buri is covered by the large
area of cropland (as seen in land cover map in Fig. 2, “Study
area description”) (LDD 2012); the area significantly con-
tributes to both vegetation index and LST during crop peak
times and bare soil after harvesting, as a temporal heat
absorption.

The variations of these SEF were not statistically signifi-
cant in both the whole BMA and separated districts through
the mean testing of two independent samples using the t test
analysis. However, the slight changes in mean values of
NDVI, NDBI, and LST obviously revealed the urbanization

Fig. 4 Heatmap illustrates
clusters and values of annual
NDVI and NDBI (a), annual LST
(b), and the difference between
2017 and 2010 on LST, NDBI,
and NDVI (c)
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trend and formation of urban microclimate at BMA through
the observation times.

Growth trends in electricity customers and
consumption

Table 1 shows customer structure and shared proportion of us-
age in electricity subsectors. Regarding customer structure in
the electricity business, residential client was the primary con-
sumer who always accounted for three fourths to four-fifths of
the total customers. The next sector was small industry with
23.2% and 19.2% in 2010 and 2017, respectively. Medium
industry and large industry always accounted for less than 1%
of customers. Large industry dominated only 0.1% of clients,
but consumption in this sector was always the highest contrib-
utor, around 30%. The residential sector was the second highest
consumer sector,which achieved the number of 21.6%and 23%
in 2010 and 2017, respectively. Small and medium industries
were the next main contributors to the total consumption.

In 2017, there were 7.95 million new users in all subsec-
tors, in which 97.3% of the new users was in resident.
Similarly, total consumption increased by 5549 million kilo-
watt-hours, with 41.9% in household demand and 36.4% for
large industry. These raises revealed the urbanization trend in
BMA in both demography and economic aspects. In terms of
geographical aspect, urbanization is a spatial expansion of
urban surfaces (Weng and Lu 2008), while demographers
are interested in urban populations, including natural growth
and immigrants. The urbanization in this research was consid-
ered as a rise of the resident users when the denizens increased
and had an integrated need for both housing and electrical
usage for their daily purposes.

The progression in the electrical business also proved the
urbanization process and economic development in the BMA.
The increase of household clients indirectly revealed population
growth and housing development through their essential needs.
The number of industrial customers represents economic devel-
opment. Virtually all firms in BMAwere reported to be small and
medium-sized enterprises (World Bank Thailand 2016), which
was proved by the growth of customers in small and medium
industries. The principal industries in the BMA listed as

automobile and automotive parts, electrical appliances and com-
ponents, cement, auto manufacturing, heavy and light industries,
plastic, textiles and garments, and so on. Moreover, the service
sector (e.g., retail and tourism) is a potential branch and priori-
tized for development.

Dynamics affecting electricity consumption

Descriptive statistics

Table 2 presents descriptive statistics for the primary variables
for discovering factors affecting electricity consumption,
adopting regression analysis. The variables are divided into
three clusters, which are customers and consumption in elec-
tricity subsectors, and environment variables. In general, the
resident was a primary sector with customers fluctuated be-
tween 214 and 3803 users. Other sectors have negligible
users. Especially, some districts have no users in the large
industry, specific sectors, and government. However, con-
sumption in residents was often in the range of 48 to 1557
million kilowatt-hours, which was smaller than the amount of
industrial purposes. Consumption in industrial sectors always
exceeded 2000 million kilowatt-hours, especially, the large
industry even reached 5623 million kilowatt-hours.
Concerning the environmental factors, districts had NDVI
and NDBI range of 0.2–0.65, and − 0.56–0.01, respectively.
Surface temperature was remarkably different from district to
district, with the temperature gap (or urban heat island inten-
sity) up to 3.03 °C.

Regression analysis

Foremost, the effects of customer numbers in consumption were
examined through simple linear regressions. The regression be-
tween the sum of customers and total consumption is medium-
meaningful with R2 = 0.65. More specifically, the high-
meaningful regressions belong to the number of users in the
industrial sectors (i.e., small-medium-large industry), with
R2 > 0.85, especially, large industry has R2 = 0.94 (Table 3).

Subsequently, the environmental factors were tested in turn
through single and multiple regression. The regression coeffi-
cients are shown in Fig. 5, which revealed both isolated and
resonant effects on electricity consumption. Overall, the indi-
vidual factors lowlier influence on sector’s consumption and
total usage. Among these three elements, NDBI and LST pos-
itively affected consumption and vice versa for NDVI.
However, coefficients from simple regressions on NDBI were
more significant than NDVI and LST, which means NDBI
notably led to consumption rising. The contribution of LST
was negligible because of R2 < 0.2 in almost all sectors except
for the residents (R2 = 0.38). This impact was considered as a
result of urbanization when green spaces were narrowed and
dominated by urban landscapes. The multiple regressions

Table 1 Percentage of consumption and customer by sector (unit:
percent)

Division Year res sma med lar spe gov

Customers 2010 75.3 23.2 0.8 0.1 0.1 0.5

2017 79.9 19.2 0.7 0.1 0.1 0.01

Consumption 2010 21.6 19.5 16.0 30.5 7.8 4.7

2017 23.0 19.0 17.2 31.5 8.6 0.7

*Note: res = resident; sma = small industry; med = medium
industry; lar = large industry; spe = specific sectors; gov = government
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explained better electricity usage, but these regressions were
limited at medium meaningful, with R2 < 0.8. The total con-
sumption (R2 = 0.58), medium industry (R2 = 0.60), small in-
dustry (R2 = 0.66), and resident utilization (R2 = 0.78) were
the most adequately described by the three variables linear
regression.

These two regression analyses revealed that the electricity
utilization was more influenced by user growth, which signif-
icantly induced the consumption in industrial sectors.
Meanwhile, the environmental conversions led to a
substantial increase in usage for residential and small
industry purposes. The impacts of environmental disturbances
on consumption were greater with integrated contributions.
Besides, the consumption in the government sector was hard
to explain by both the user number and surface environment.

Discussion

Monthly MODIS data is a composite product in which affect-
ed pixels by cloud were masked out and calculated by mean

algorithm. Thus, the products hardly achieve high accuracy
like using higher resolution data (e.g., Landsat), especially for
surface temperature. Surface temperature is a sensitive data
that is relatively affected by complex weather conditions in
tropical climate. The indices of NDVI and NDBI are not quite
suitable for observing urban expansion since NDVI and NDBI
depend on absorb and reflectance radiation daytime in differ-
ent weather conditions. Within the study, however, the spatial
data is a target in order to extract the surface environmental
factors in the whole BMA districts, which official meteoro-
logical data cannot adequately cover. In further research, the
area of urban and vegetation on medium/high resolution will
be potential data for quantitatively measuring urban expan-
sion. Data frequency is one of the limitations when using
medium-/high-resolution imagery, but users can consider it
based on purposes.

Green space loss, urban expansion, surface temperature
increase, growth of resident users, and industrial users gener-
ally represent different urbanization aspects, while urbaniza-
tion is obviously a primary dynamic of the growth of electric-
ity business. The total electricity consumption is mostly

Table 3 Regression coefficients
(R2) from simple linear regression
between customer numbers in
each electricity subsector and
total electricity consumption. The
regressions are statistically
meaningful, with p value lower
than the level of 0.01

cus.res cus.sma cus.med cus.lar cus.spe cus.
gov

cus.total

Consumption 0.52 0.66 0.88 0.94 0.85 0.21 0.65

*Note: cus.res = Customer in resident; cus.sma = Customer in small industry; cus.med = Customer in medium
industry; cus.lar = Customer in large industry; cus.spe = Customer in specific sectors; cus.gov = Customer in
government; cus.total = total of customers in all sectors

Table 2 Descriptive statistics on
main variables, including
customers and electricity
consumption in different sectors,
and environmental variables
(NDVI, NDBI, LST).
Consumption is in the unit of ×
1000 kWh/km2

Group Variables Minimum Mean Maximum Standard deviation

Customer Resident 214 1596 3803 1042

Small industry 31 431 2229 544

Medium industry 1 15 66 17

Large industry 0 1 8 2

Specific sector 0 3 14 4

Government 0 5 62 12

Total customer 253 2052 5335 2052

Consumption Resident 48 609 1557 434

Small industry 31 524 2619 625

Medium industry 40 453 2365 469

Large industry 47 845 5623 1062

Specific sector 0 224 2658 498

Government 0 70 778 159

Total consumption 209 2726 14,141 2885

Environment LST 21.44 34.44 41.26 3.03

NDVI 0.20 0.41 0.65 0.10

NDBI − 0.56 − 0.28 0.01 0.13
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devoted by the economic factors (i.e., industrial sectors) more
than the shifts in the surface environment. This research
proved the temperature innocent in increasing the total con-
sumption. Nevertheless, there is a sufficient basis to include
the impacts of surface temperature in exaggerating electricity
in the residential sector, while the significant contribution to
the total energy comes from the industries. These relationships
between energy consumption with socioeconomic factors and
surface environment meaningfully support the electrical busi-
ness. Further, the electrical business can better understand
their leading clients and establish a development scenario
based on the factors such as urban expansion, green loss,
and population prediction, and so, the electrical business can
predict the amount of necessary electricity and effectively
supply the energy for sectors in the region.

Conclusions

This research demonstrated the disturbance of surface envi-
ronmental factors. Increasing urban index and surface temper-
ature and reducing vegetation index simultaneously revealed a
general tendency of urbanization in BMA over 7 years from
2010 to 2017. The economic development was figured out
through the growth of customers and consumption in different
sectors. The residential sector was the most substantial in-
crease in both customers and shared consumption, and large
industry was the second-largest increase in consumption. The
consumption was detected that it is more sufficiently contrib-
uted by industrial users. The environmental surface factors
efficiently explained electricity consumption in small industry,
medium industry, and significantly for the residential
sector except large industry and specific sector. These two
sectors could not even be interpreted by the urban index, the

most meaningful contributor to the consumption among the
surface environmental factors. Besides, the research also af-
firmed that surface temperature only strongly affected con-
s u m p t i o n i n t h e r e s i d e n t i a l s e c t o r , a n d
this impact was relatively low for the rest sectors. The study
proved the relationships between total consumption and
urbanization-related factors. Understanding these relations is
meaningful for the electricity business in forecasting future
demand and provides adequate avoidance of power shortages.
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