Matrix: Jurnal Manajemen Teknologi dan Informatika DOI: http://dx.doi.org/10.31940/matrix.v13i3.166-175
Volume 13 Issue 3 Year 2023 Pages 166-175 URL: http://ojs2.pnb.ac.id/index.php/matrix

Modelling spatio-temporal energy consumption from
nighttime radiance satellite dataset

I Ketut Swardika '*, Putri Alit Widyastuti Santiary >
"2 Electrical Engineeting, Politeknik Negeri Bali, Indonesia

*Corresponding Author: swardika@pnb.ac.id

Abstract: National electricity consumption increases in line with continuous population growth and other socio-
economic factors. The national electric power capacity goal develops largely for industrial manufacture and new
settlement. The electrification- ratio on the target; is based on the accessibility of electricity services. The spatial
distribution of electricity services coverage over the Indonesian territory is insufficient, particularly over the re-
mote area that is out of electric services. Modeling by spatial (location) and temporal (year) to estimate electricity
or energy consumption is necessary to develop using a low-light nighttime satellite dataset, therefore spatial
boundaries can be accomplished. The modeling procedure starts by preparing the data frame of the independent
variable input (amount of radiance) and the dependent variable output (the consumption of electricity or energy).
The modelling method uses the curve-fitting approach where the indicator results by evaluating the R-square and
RMSE values. The output model function is used to convert radiances into electrical power consumption units
with a certain degree of accuracy. The selection of the input-output variable was achieved after variable analysis
with the highest R-square outcome. Results indicate that the model functions in a polynomial form and correla-
tions between variables are not simple. The selection of various model functions did not change the degree of
correlation. The accumulative of energy radiances as independent variable input provides the optimum correla-
tion result. The energy consumption from street lighting, in general, offers appropriate information that can be
seen from satellites. The model function can be applied to a narrower spatial scale by input variable constraints.
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Introduction

Energy and electricity demand grows continuously in line with the world or national popu-
lation growth, foreign tourist arrivals, and other socio-economic factors. According to the national
statistical agency [1], [2], Indonesia has a national population growth of about 1.27%. The
national electric power capacity of 35,000 MW mainly has emphasized the manufacturing industry
supply and development of the new settlement. The national electrification ratio had claims of
95% in 2017 based on the accessibility of people to get electricity services, not from the distri-
bution of spatial distribution of electricity service coverage to the territory of Indonesia. Therefore,
remote areas that require electricity services are not covered by this electrification ratio. Bali's
tourism industry has a growth rate of about 23.14% and electricity demand continues to increase
by about 8.49% per year [1]. Bali tourism is concentrated in the southern part of Bali Island, at
Denpasar City and Badung Regency. This condition brings the disparity of electricity distribution
that results in constraints in developing new tourism areas, generally located in remote areas.

Remote sensing satellites (RS) satellites are widely used for wide-area and even global
coverage issues. RS has the capability of temporal, multi-spectral, and multi-polarization, and
many types of sensors can be carried. Specifically, SRS low-light nighttime imagery carries a
Photo Multiplier Tube (PMT) a passive panchromatic sensor of low-light imaging that is operated
on a 0.47-0.95 um spectral channel which is useful for observing low light at night on the surface
of the earth [3], [4]. Nighttime light can be used as an indicator of human activity that can be
measured from satellites and is suitable for mapping various settlement problems [5]. Applied in
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the socio-economic field [6]. Modelling of spatial distribution and human population growth [7],
overall electricity and energy consumption [8], economic growth rate [9], gas emissions from
anthropogenic [10], and estimation of various other parameters [11].

The spatio-temporal dynamics of electricity consumption on a global scale have been re-
ported in [12] using The Defence Meteorological Program (DMSP) Operational Line-Scan System
(OLS) data, calibrated radiances of nighttime light (NTL) and global electricity consumption from
World- bank. The results show that using calibrated radiances modified invariant region (MIR
method) gives better results in estimating electricity consumption [13]. However, the input model
does not include other socio-economic factors. Investigators [14] analyzed the spatio-temporal
dynamics of electric power consumption on an urban and sub-urban scale in China by including
NTL DMSP OLS data, vegetation index, socio-economic factors such as population and GDP from
NASA's socioeconomic data and application center, and electricity consumption in China. How-
ever, the supporting dataset is not as input for modelling to estimate electricity consumption, but
just for calibrating the NTL pixel. Researchers [15] use NTL DMSP OLS data in Indonesia by
assessing the electrification progress of the NTL brightness level and showing the imbalance
between the percentage of electrification in Java-Bali and other regions. However, it does not
perform calibration processing and consumption of electric power modelling [16], [17].

Previously the method of predicting the growth rate of electricity consumption was only
based on customer growth, GDP, and other socio-economic factors, and the electrification ratio
was only based on the accessibility of the public to get electricity services. This paper will model
spatially (based on location) and temporally (based on time/year trends) national electricity con-
sumption in general, low-light SRS data at night. The results of the model will be able to be used
to estimate trends in electricity consumption in a specific region (spatial). Besides, it specifically
examines the electrification of ratios in Bali Province related to the development of new tourist
destinations that require electricity networks. With this study, developing electricity infrastructure
can be straightforward. Because model results can be used to estimate energy demand rapidly
from satellite data.

Methodology

The outline of the modelling procedure is shown in Figure 1. The modelling step consists
of twelve procedural blocks. The RS NTL dataset uses two operational satellites with NASA's NTL
mission, i.e., DMSP OLS year 1992 until 2013 (22 years) and the Visible Infrared Imaging Radi-
ometer Suite (VIIRS) year 2012 present [18]. The dataset is available in the global mosaic form
(6 tile-scenes). The mosaic procedure results are subset into Indonesian territory (6oN-110S,
950E- 1410E) [4]. The modelling uses an annual scale of a dataset, the aggregation procedure is
required for datasets that are not on an annual scale. The DMSP OLS dataset radiances require
calibration procedural to eliminate saturation and inter-annual discrepancy from inter-change sat-
ellite missions [13]. The calibration procedure uses the modified invariant region (MIR) method
[12]. The MIR method requires an NTL radiances composite dataset calibrated with regions
known to have NTL level stability. Investigators in [12] use Japan as a calibration region. This
paper uses their published calibration constants for the calibration procedure.

Figure 1 shows block process number 3 is MIR NTL calibration. MIR is a power regression
function as seen in Equation (1), where NTLcorr is corrected NTL with a=5.400 and b=0.462 are
parameters that had been obtained in [12].

1
NTL)E

NTLcorr = ( a

€y

Block process number 4 is an aggregation of corrected NTL bases on each regional province of
Indonesia per year. Every pixel on the NTL dataset had been tagged with their province-regency
ID and year. Therefore, aggregation of corrected NTL solves as Equation (2).

NTL = Z NTL
ID,YEAR IDYEAR corr (2)
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The next procedure uses spatial analysis of the Indonesian province spatial data for spatial
statistics or zonal statistics of each province in Indonesia from the calibrated radiances dataset
[19]. The zonal statistical results measure 34 (rows) of provinces, in 29 years, and 6 statistical
quantities of calibrated radiances (columns). This dataset becomes the independent variable (x)
in the modelling i.e., the value of minimum (xmin), maximum (xmax), range (xrange), xmean
(mean), standard-deviation (xstd) and accumulative (xsum) of radiances NTL.

The zonal statistics are shown as block process number 6 in Figure 1. For short, zonal
statistics are described as follows, NTLminimum is minimum value of NTL, NTLmaximum is the maximum
of NTL, NTLrange is NTL maximum minus NTL minimum, NTLsum is the summation of NTL concern-
ing their province ID and year. While NTLmean is the averaging of NTL and NTLstd is the standard
deviation of NTL shown in Equation (3) and Equation (4).

TNTL
the NTLmeqn = @ 3)
1 n
NTlsta = [ (VTLeorr = NTLmeqn)? )

The dependent variable (y) results in processing electricity and energy statistical data which
became available from the year 2006 [1], [2]. Meanwhile, the NTL DMSP OLS data available from
the year 1992 [4], [13]. Consequently, the modelling uses only the dataset from 2006, in 13
years. This dataset consists of 34 (rows) of provinces, in 13 years, and 7 types of customers
(GWHh) or 6 types of energy (kilolitres) (columns) i.e., power electricity of all costumers’ sector
(ypel), household (yrt), industrial (yin), commercial (yko), government (ygd), social (yso) and
street-lighting (yjl). Modelling uses only 80 percent of these datasets for training models and the
rest for testing models. The development of the model uses a fitting curve training process [20].
Several experiments were performed to obtain the suitable functions and parameters of the
model. The model function will be in the form of a polynomial, power, or sum of sine [21].

The purpose of experiments gain the highest correlation coefficient between the independ-
ent variable (x) and the dependent variable (y). There are 6 statistical quantities of calibrated
radiances as an independent variable (x) and 7 types of customers or 6 types of energy as a
dependent variable (y). The model candidate was then tested to validate the model using the
test dataset. The root means square error (RMSE) is used as an indicator of validation. The
validated model as a national scale model was then applied to a smaller spatial scale i.e., Bali
province. This implementation procedure analyses any deficiency of the model.
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Results and Discussions
Profiling of dataset

The profiling of the dataset is useful to identify the characteristics of each index. Figure 2
shows the accumulated energy radiances of NTL at a pixel (sum). The sum of NTL increases
gradually until the year 2013. However, the sum of NTL seen has two distinct profiles. This is due
to the dataset of NTL consisting of two types of NASA’s NTL satellite mission. Starting from the
year of 2012 the satellite NTL mission changes from the DMSP OLS to the VIIRS program mission.
Unfortunately, there is no valid inter-satellite calibration for both missions [22]. The accumulated
energy radiances of NTL dominate from Java Island where the West Java Province is known as
the main industrial concentration. Figure 3 shows the electric power consumption in the unit of
GWh. The trend of electric power consumption increases gradually corresponds with accumulated
energy radiances of NTL. Figure 4 shows the energy (coal) consumption in unit Ton. The energy
consumption also corresponds with both of the indices above. If looks at the mean of the NTL
dataset for several provinces is described as follows. DKI has the highest mean NTL value (2.0 —
2.5e+02 nWcm2umsr!) and other provinces have an average of mean NTL below 0.5e+02
nWcm=2pm-isri,
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Curve-fitting experiments

The first, curve-fitting experiment sets the independent variable x as xmean radiances of
NTL and the dependent variable y as the consumption of electrical power for all types of custom-
ers. After several curve-fittings experiments obtained the result as in Table 1. Overall, the R-
Square is around 0.25 (low) and the selection of curve-fitting function does not provide a signif-
icant change in correlation results. The next, curve-fitting experiment sets the independent vari-
able x is xsum radiances of NTL and the dependent variable y is ypel (the consumption of electrical
power based on all customers). The results are as shown in Table 2. The R-Square is around 0.50
(adequate) and again the selection of curve-fitting function does not provide a significant change

in correlation results.

Table 1. Summary of modelling experiment results for variable ypel against xmean

Curve Fitting SSE R DFE AdjR| RMSE |Coeff
Square Square
Polynomial deg.1 2.63e+10] 0.23 |432| 0.23 | 7.80e+03] 2
Polynomial deg.2 2.62e+10] 0.23 |431| 0.23 | 7.80e+03] 3
Power nterms 1 2.49e+10 0.27 |432| 0.27 | 7.59e+03 2
Power nterms 2 2.47e+10] 0.28 |431| 0.27 | 7.58e+03] 3
Sum of Sine nterms 1 | 2.63e+10| 0.23 |431| 0.23 | 7.81e+03| 3

Table 2. Summary of modelling experiment results for variable ypel against xsum

Curve SSE R |DFE AdjR RMSE |Coeff
Fitting Square Square
Polynomial deg.1 2.08e+10 0.48 440 0.48 | 6.87e+03] 2
Polynomial deg.2 1.99e+10, 0.51 (439 0.50 | 6.73e+03] 3
Power nterms 1 2.03e+10| 0.50 |440 0.49 | 6.80e+03 2
Power nterms 2 2.02e+10| 0.50 (439 0.50 | 6.78e+03 3
Sum of Sine nterms 1 | 1.99e+10, 0.51 (439 0.50 | 6.73e+03| 3
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Variables analysis

The two experimental results above (Table 1 and Table 2) show the relationship (correla-
tion) between the NTL radiances with electricity consumption is not simple. The xsum radiances
of NTL as an independent variable provide a better correlation approach. Furthermore, variable
analysis is performed to determine the modelling parameter. The first analyzed performance with
the dependent variable ypel (electric power consumption for all consumers GWh) is fixed and the
independent variables x are varying for all statistical indexes of the radiance NTL dataset (nWcm-
2um-1sr-1). The model function uses polynomial degree 2 which provides the highest correlation
(according to the highest R square value in Table 2). Results show in Table 3, xsum provides the
highest R square.

Table 3. R-square results of the variable analysis with fixed ypel

ypel | xmin| xmax xrangel xmean| xstd xsum
R 0.03| 0.07 0.07 0.34 | 0.16] 0.51
Square

The next analyzed fixed of independent variable xsum (according to the highest R square
value in Table 3 above) with various of dependent variable y (GWh) for all types of electricity
consumers and model function stick to polynomial degree 2 giving the R square results as Table
4 follows. The highest R square gained from yjl (the highway lighting consumer type).

Table 4. R-square results of the variable analysis with fixed xsum

xsum| ypel yrt| yin| yko| ygd| yso| yijl
R 0.51| 0.52] 0.54 0.20| 0.16/ 0.38 0.55
Square

Modelling development

Model development determines the model function and its parameters. From variable anal-
ysis results, the model will develop using a polynomial degree-2 function with xsum as an inde-
pendent variable and yjl as a dependent variable. The model has a national-scale scope and the
curve-fitting plot result is shown as follows in Figure 5. In the figure, black points are scattering
of xsum against yjl and the line is the fit curve of the model. The curve-fitting result gives the
equation of the power consumption model (EPGWh) in Equation (5).

EPgyn = pl * NTL? + p2 = NTL + p3 )

Where constants as follows: p1 = —21.28; p2 = 154.8; p3 = 113.2

Equation (1) requires normalizing of input NTL with the mean value of 7.42e+04 and the
standard deviation value of 1.093e+05. Before entering Equation (1) above, NTL must be nor-
malized by Equation (6) below.

nNTL = (NTL — 7.4e + 04)/1.093e + 05 6)
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Figure 5. Plot of curve-fitting model result

Model validation

Furthermore, the model function results were validated using RMSE computation. RMSE is
computed from differences (error) of EPGWh results with statistical data (BPS) of electricity con-

sumption per province as in Equation (7).

RMSE = sqrt(mean(EPgy;, — BPS)?) %)

As a result for the national-scale case, the RMSE has about 89.63 GWh. This value is lower
than the mean value of the input dataset to the model. For more clearly comparison of the vali-
dation process, again it is shown in Figure 6. In the figure, the lines are the electrical power
consumption of the original dataset and the black point is the scatter of output model results. As
seen in Figure 6, the original dataset of electrical power consumption (straight line) quite coin-
cides with the model output results (dots). The modelling achieved RMSE 11.56%, this result
comparable with the investigator [7], who revealed RMSE 15% in a related study.
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Figure 6. The plot of the model validation result

Model implementation and constraints

The modelling of energy or electrical power consumption from radiances of satellite da-
tasets has huge potential in the application. In this paper, the model that was developed will be
implemented into a narrower spatial-scale dataset and discuss the model constraint. As the most
tourism industry, Bali province is greatly growing in electrical energy demand. Therefore, a yearly
significant change in NTL can be easy to observe from the satellite. The model will be tested to
obtain the electrical power consumption of all regencies of Bali province from radiances of satel-
lites as an input of dataset periods from year 1992 to 2019. Results are shown in Figure 7. In the
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figure, the line on the graph indicates the electrical power consumption for each region of Bali
province. As expected, the main cities regencies of Bali province i.e., Denpasar, Badung, and
Gianyar show the highest energy consumption. Other regencies that have lower accumulative
radiances about 1000 nWcm=2um-isr! cannot estimate output results by the model. This is due
to the model developed using the national scale of the dataset that has a high mean accumulative
of radiance as an independent variable.
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Figure 7. Model implementation

Forecasting

The electrical power load forecasting purposes to plan the optimal power generation. In
forecasting, the study requires the observation or measurement data, state data or estimate from
the model (this manuscript result), and optimally from both those data (the Kalman’s based filter)
[23]. The forecasting method can be used in the Auto-Regressive Integrated Moving Average
(ARIMA) model [24].

Conclusion

Estimation of energy consumption from nighttime radiances of satellite dataset aims to rapidly
obtain results within a wider area even globally. Modelling can be used to convert the nighttime
radiances of satellites into energy consumption units with a certain degree of accuracy. The mod-
elling procedure starts by preparing the dataset of the independent variable input (amount of
radiance) and the dependent variable output (the consumption of electricity or energy). The re-
lationship equation between variables is approached from a curve-fitting experiment. The variable
analysis was used to select an approved variable with a large R-square outcome and validated
with RMSE. Naturally, the model is in a polynomial form, and correlations between variables are
not simple. The selection of various model functions did not change the degree of correlation.
The accumulative of energy radiances as independent variable input provides the optimum of
correlation result. The energy consumption from street lighting, in general, offers appropriate
information that can be seen from satellites. The model function can be applied to a narrower
spatial scale by considering input variable constraints. This study presents a novel method to
estimate energy consumption rapidly with great accuracy. The model archives an RMS error of
about 11.56%. The estimated energy consumption of Bali province from this model implementa-
tion makes the development of electricity infrastructure straightforward in the future.
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