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Abstract: Since January 2020, the COVID-19 pandemic has been impacting various aspects of people’s
daily lives and the economy. The first case of COVID-19 in South Korea was identified on 20 January
2020. The Korean government implemented the first social distancing measures in the first week
of March 2020. As a result, energy consumption in the industrial, commercial and educational
sectors decreased. On the other hand, residential energy consumption increased as telecommuting
work and remote online classes were encouraged. However, the impact of social distancing on
residential energy consumption in Korea has not been systematically analyzed. This study attempts
to analyze the impact of social distancing implemented as a result of COVID-19 on residential energy
consumption with time-varying reproduction numbers of COVID-19. A two-way fixed effect model
and demographic characteristics are used to account for the heterogeneity. The changes in household
energy consumption by load shape group are also analyzed with the household energy consumption
model. There some are key results of COVID-19 impact on household energy consumption. Based on
the hourly smart meter data, an average increase of 0.3% in the hourly average energy consumption
is caused by a unit increase in the time-varying reproduction number of COVID-19. For each income,
mid-income groups show less impact on energy consumption compared to both low-income and
high-income groups. In each family member, as the number of family members increases, the change
in electricity consumption affected by social distancing tends to decrease. For area groups, large
area consumers increase household energy consumption more than other area groups. Lastly, The
COVID-19 impact on each load shape is influenced by their energy consumption patterns.

Keywords: COVID-19; time-varying reproduction number; social distancing; load profile; demographic
characteristic; household energy consumption; demand-side management; energy management

1. Introduction

By the end of December 2020, the total number of COVID-19 confirmed cases world-
wide was 80 million, with the death toll reaching 1.7 million. The global pandemic caused
by the rapid and widespread proliferation of COVID-19 affected national policies, indus-
tries, and even the daily lives of people worldwide [1]. In South Korea, the total number of
confirmed cases reached 60,000 by the end of December since the first COVID-19 case in
Korea was identified on 20 January 2020, with the number of confirmed cases increasing
by approximately 1000 cases every day. To cope with this situation, the Korean govern-
ment began implementing and strengthening a policy based on social distancing. As
COVID-19 affected the entire country, authorities across the world had to analyze their
current situations and implement policies to respond to the pandemic. The US government
imposed a lockdown from March 2020 to prevent the spread of COVID-19 in the US, and
energy consumption declined by 20–40% in April and May 2020 [2]. Energy consumption
dropped to weekend levels under lockdown, with dramatic reductions in the services and
industry sectors only partially offset by higher residential use [3,4]. After shutting down on
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22 March 2020 in New York City, weekday energy consumption in apartments increased
by 7%, and weekend use increased by 4%. A load shift was observed during the weekday
morning hours. A ramp-up started at 6 am, rising throughout the morning and early after-
noon after reaching its pre-full morning peak at 9 am, highlighting the impact of this new
stay-at-home behavior. This load shift for weekday mornings and afternoons was also seen
in overall urban level consumption patterns observed by New York Independent System
Operator (NYISO) [5]. India’s energy consumption declined by 9.75% in March–April 2020,
decreasing further in May to 14.16%. Unlike the overall Indian energy system, India’s
household energy consumption increased during the COVID-19 pandemic [6]. An inde-
pendent electricity system operator reported that in Canada, Ontario’s residential energy
consumption increased during the spring and summer months of 2020 compared to the
previous year [7].

In [8], the autoregressive distributed lag (ARDL) model developed by Pesaran et al. [9]
was used to analyze the relationship between COVID-19 and regional energy consump-
tion. India was segmented into five regions, and the effect in GWh was estimated using
COVID-19 data for each region. However, reference [8] only analyzed the impact of
COVID-19 on regional and not residential energy consumption. In [10], the impact of
COVID-19 on household energy consumption was analyzed in Bhutan based on the num-
ber of household members. In 2020, Bhutan’s household energy consumption increased by
6.8% compared to 2019 and 18% compared to 2018. However, reference [10] has limitations
in comparing the total energy consumption used by the household members rather than
estimating the coefficient of the COVID-19 impact. Reference [11] showed that in Brazil,
the increase in home office arrangements caused by the COVID-19 pandemic resulted in
residential energy consumption increasing by 10–13%. Moreover, after dividing Brazil
into five regions, which are north, northeast, southeast-midwest, south, and all areas, the
total energy consumption before/after COVID-19 by region was only analyzed using the
t-test to determine the significance of the reduction in energy consumption using statistical
methods. However, reference [11] only demonstrated the increase in residential energy
consumption due to COVID-19. Apart from lifestyle changes in people’s lives during the
pandemic, other factors affected energy load consumption, such as weekdays, holidays,
weather, etc. [12,13].

In [14], energy consumption of HVAC in the housing sector increased by as much
as 16% during the lockdown period. In addition, the hourly load of lighting and home
appliances at home decreased slightly in the morning and increased significantly from
daytime to evening. There is a limitation as this study only compared the average daily
energy consumption during 23–31 March 2020 and the average during March 2017–2019.
For Australian households, daytime energy use increased by almost 15% compared with
February–May 2019 and the same period in 2020 [15]. In [16], based on the measurement
data from about 7000 dwellings in Warsaw household, the result shows that the average
daily energy consumption has increased during the lockdown of the COVID-19 pandemic
compared to the period of the year before the pandemic. However, refs [15,16] also
only compared the average daily usage pattern during the period of the year before the
pandemic and the lockdown period. This comparison method has the potential problem of
not distinguishing between the impact changed by COVID-19 and the impact changed by
external effects. In addition, there is a disadvantage in that it is not possible to perform an
analysis that reflects the demographic characteristics and energy usage patterns of each
household.

This study analyzes the impact of COVID-19 on household energy consumption
with demographic information of individual residential customers to capture the different
impacts on each group. The model used in this study better analyzes the impact of
COVID-19 by using a two-way fixed effect that captures household heterogeneity. In
particular, this study performs clustering of households for each load shape. The impact of
COVID-19 based on consumers’ pre-social distancing lifestyle patterns is analyzed. The
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results of this study have implications for the planning and operating of Korea’s electrical
utility power systems in response to the COVID-19 pandemic.

Most previous studies have only analyzed the impact of COVID-19 using a dummy
variable. This study proposes the use of the time-varying reproduction number of COVID-19
to check the robustness and persistence of the impact of COVID-19 on household energy
consumption in Korea.

The remainder of this paper is organized as follows. Section 2 describes data used
in this study. Section 3 introduces the method for handling missing data, clustering
the load pattern algorithm, and estimating the COVID-19 impact on household energy
consumption. Section 4 presents the results of the analysis using the proposed method in
this study. Section 5 discuss the results of the study. Finally, Section 6 concludes the study.

2. Data and Description

Household energy consumption data are extracted through smart meters. The repro-
duction number is used to determine the impact of COVID-19 during the social distancing
period. The mean infection rate of a population at a certain point in time is defined as the
time-varying reproduction number—i.e., Rj, which can be repeatedly calculated over time.
Rj is the time-varying reproduction number of COVID-19 for week j in 2020. The instan-
taneous reproductive index is defined as the number of secondary infections expected to
occur at time divided by the number of infected individuals and infectivity at time and is
useful for estimating the number of retrospective or real-time transmission. Korea’s Rj data
show that Rj is high during the eight week of social distancing policy implementation in
Korea as shown in Table 1, but Rj exhibits a continuously declining trend during the social
distancing period [17,18].

Table 1. Estimated Reproduction Number During the Period March to April 2020 in Korea [18].

Week Index on 2020 Rj Issue

6 (2.2–2.8) 1.5
7 (2.9–2.15) 0.81

8 (2.16–2.22) 9.35 1st regional infection in Daegu,
Gyeongbuk (2.20–2.29)

9 (2.23–2.29) 5.66
10 (3.1–3.7) 1.94 First social distancing (2.29–3.21)
11 (3.8–3.14) 0.67

12 (3.15–3.21) 0.45

13 (3.22–3.28) 0.76 Strengthened national social distancing
(3.22–4.19)

14 (3.29–4.4) 0.85
15 (4.5–4.11) 0.67

16 (4.12–4.18) 0.53
17 (4.19–4.25) 0.58
18 (4.26–5.2.) 0.59

For weather data matched with each household, for a total of 1133 houses, the average
temperature and humidity in hour units extracted from the data of the Korea Meteorological
Agency’s Automated Surface Observing System (ASOS) in January–April 2020, which is
closest to the area of the sampled household. The weather data is extracted from nine
meteorological observatories. The household energy consumption extracted in 15-min
intervals on January–April 2020 from the Korea Electric Power Corporation (KEPCO) smart
metering and resampled the average hourly energy consumption. The average electricity
price is calculated based on progressive rate design. If 200 kWh or less is used in a month,
the electricity rate is 88.3 KRW/kWh. If 400 kWh above is used in a month, the electricity
rate is 275.6 KRW/kWh and except for the two preceding conditions, the electricity rate
is 182.9 KRW/kWh. A description and statistic of the time varying data is presented in
Table 2 and demographic characteristic is shown in Table 3.
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Table 2. Summary of time variant variable statistics.

Variable Unit Mean Standard Deviation Min Max Observation 1

Use kWh 0.039 0.67 0.003 6.81 3,290,232
Temp ◦C 6.09 6.13 −13 26.8 3,290,232

Humid % 59.7 22.4 4 100 3,290,232
Price KRW/kWh 99.5 13.6 93.3 234.5 3,290,232

Note: 1 Use is extracted from smart meters, Temp and Humid are extracted from ASOS, and Price is calculated
using Use for each household in January–April 2020.

Table 3. Summary of demographic characteristic.

Characteristic Unit Description Percentage

Income KRW
≤2.4 million 24%

2.41–5.50 million 48%
≥5.51 million 28%

Family member person

≤Two 38%
Three 24%
Four 28%
≥Five 10%

House area m2

33.1–62.8 (i.e., very small) 7%
66.1–95.6 (i.e., small) 21%

99.2–128.9 (i.e., medium) 54%
≥132.2 (i.e., large) 18%

3. Methods for Analysis of the Impact of Social Distancing on Household
Energy Consumption

In this section, a two-way fixed effect model is presented. In addition, a simple hybrid-
imputation method, which combines linear and statistical methods, and a clustering
algorithm based on the load shape is introduced.

3.1. The Method for Estimating the Impact of Social Distancing Using Household Energy
Consumption Model

The proposed analysis method used to identify COVID-19 factors that affected air
pollution [19]. In the previous paper on electricity usage, household energy consumption
is modeled using various factors that affect residential energy usage, such as airborne
particulate matter (PM) with a diameter of 10 microns or less, called air pollutants such as
PM10 and PM2.5, and temperature, [20–22]. The proposed method estimates the energy
consumed by residential customers with time-varying reproduction number during the
COVID-19 pandemic. Furthermore, the proposed model considers demographic character-
istics, such as house area, income quantile, and the number of household members.

The household energy consumption method is often used to predict energy consump-
tion or estimate factors that may affect energy consumption. This model is used for two
reasons. First, this econometric approach provides flexibility in controlling differences in
weather, seasonality, and other factors. Second, using household-specific fixed-effect, panel
data analysis can control time-invariant but unobservable characteristics per household,
which may cause bias in the impact estimation results.

Subsequently, using the household energy consumption model in Equation (1), a
model is created to measure the impact of COVID-19 on household energy consumption:

ln(Useith) = αRj,t + β1tempith + β2temp2
ith + β3humidith + β4 priceith + β5holidayt + δit + δth + εith (1)

where Useith is the energy consumption of household i used in hour h on t day from
January to April 2020, and Rj,t is the time-varying reproduction number of COVID-19 that
represents the risk of infection at week t for each week (from the 6th week 2020, when the
local infection began in Daegu at that time). α is the parameter of most interest, —that
is, a value that estimates the effect of the COVID-19 on the average household energy
consumption, which multiplied by 100 gives the rate of change. This study uses α to
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estimate the impact of COVID-19, which enforce people to stay indoors in the prohibition
period, on the household energy consumption. The people may use less electricity because
they go out to be active. Similarly, a decline in outdoor activity due to social distancing
may result in increase of household electricity usage. tempith and humidith are weather
variables, which are respectively temperature and humidity, of the closed location of the
household i in hour h on t day. In [20–22], the temperature has the relationship between
electricity consumption and temperature shows a U-shape. Therefore, if Equation (1) also
has the U-shape relationship, the robustness of Equation (1) could be checked. In [23], the
residential customer is more sensitive to average price rather than marginal or expected
marginal price. Therefore, priceith is the average electricity price of each household. holidayt
is the dummy variable for holidays. β1–5 are coefficients for each exogenous variable
of residential energy consumption for description and summary statistics of the data
described in Table 2, respectively. In addition, δit is the individual fixed effects of household,
household-month, and household-weekday-month to check the robustness of household
energy consumption model. δth is the time fixed effects of hour-weekday, which captures
weekday specific change of hourly energy consumption. The standard errors were clustered
by each household’s daily level in Equation (1). Equation (1) is used to estimate the impact
of social distancing by each demographic characteristic group.

Furthermore, another important topic is an impact on each groups’ energy usage
pattern. Therefore, the extended models are used to capture the impact of COVID-19
on each group’s hourly energy consumption. Gj

h are dummies for capturing impact on
residential hourly usage in each group. The same notation in Equation (1) is used in
Equation (2). The models are given as follows:

ln(Useith) =
j=24
∑

h=1
∑
j

Gj
h
(
α1,h + α2,hRj,t

)
+ β1tempith + β2tempith

2 + β3humidith+

β4 priceith + β5holidayt + δit + εith

(2)

The household cluster level of standard error is used in these models. A parametric
bootstrapping algorithm is conducted to make mean and confidence intervals of the model
coefficients [21]. The average of hourly consumption in hour h and calculated mean
and 95% confidence intervals are used to estimate the hourly impact of the time-varying
reproduction number 1.94 from 1 March to 7 March 2020, which is the first social distancing
week as shown in Table 1. The model for estimating the hourly impact is given as follows:

Impacth = Useh

(
1 + e1.94×α2,h

)
(3)

3.2. The Method for Hybrid-Imputation Model for Missing Data

To fill in missing data values, a hybrid method combining statistical and linear method
is used. Household energy consumption is driven by human behavior. Therefore, house-
hold energy consumption can be divided into two categories: first, because the consump-
tion is consistent over a short period of time, the short missing intervals can be replaced
with the available surrounding measurements; second, a person’s behavior can be charac-
terized during specific time intervals such as commute/work. Various methods exist to
replace the missing variables. The linear interpolation is a commonly used method and
is often used in short missing intervals that characterize continuous use. yL is the energy
consumption of the time c to be replaced, and yha and yhb

are the energy consumptions at
the time when there is no missing value adjacent to hc, and if the trailing time of ha, hb, and
hc are the preceding times. The linear interpolation method is as follows:

yL
c = yhb

+
yha − yhb

ha − hb
(hc − hb), hb < hc < ha (4)

The linear imputation is fast and simple. However, the linear interpolation method
has a disadvantage in that the performance decreases when the missing interval becomes
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longer [24]. To compensate for this shortcoming, the missing values in long intervals are
replaced by utilizing statistical values in an hour, day of the week, or month. Therefore,
a statistical imputation method is required. Statistical imputation is a method by which
the distribution of the time at which the month and day of the time to be replaced is the
same, and the missing value can be replaced by the median value of the corresponding
time [25]. For example, in the case of a person living alone, because they go to work around
8 a.m. on weekdays, there is no special energy consumption. Consequently, the user’s
behavior pattern of consumption data is contained, and the accuracy of the model can be
improved by performing substitution using the median value. Here, the median value is
used because it is less affected by anomalous data than the average value. The statistical
method is as follows:

yS
h = median(z), where z ∈ yj, j ∈ θh (5)

where θh represents the set of previous h hours that have the same month and day, and z is
the energy consumed during θh time. Hybrid imputation adopts a method that introduces
the Monte Carlo scenario [26] to find optimal point of the above two methods. After
selecting a household with no missing values for a specific month, the missing scenario
is generated randomly, and the RMSE of the two imputations algorithms is calculated to
determine the optimal replacement method.

3.3. The Method for Clustering of Household Load Shape

As an initial stage for grouping, the representative load pattern of each household
energy consumption was derived from median value of hourly energy consumption [27].
Normalization is performed using the maximum and minimum normalization of the
representative load pattern for each household [28]:

Normalized_Li,h =
Li,h −min(Li)

max(Li)−min(Li)
(6)

where Normalized_Li,h is the normalized energy consumption of customer i at time h, Li,h
is the average energy consumption of customer i at time h, and Li is the load profile
of customer i. To use the clustering method for the household load profile, there are
various clustering methods such as Kohonen self-organizing map (SOM), hierarchical
clustering, K-medoids, and Fuzzy C-means. However, there are no statistically significant
improvements compared to K-means in clustering of load shape of household energy
consumption data. Therefore, in this study, the K-means algorithm is chosen for the sake of
simplification [29,30]. The K-means algorithm is used to determine the optimal number
of groups. Moreover, there is no significant difference between the elbow method and
the silhouette score in finding the optimal number K [31]. Therefore, the elbow method
is adopted in this study. The number of groups K is optimized using the elbow method—
the elbow method optimizes the number of groups by using the difference in distance
between the household in the center of each group and the households in the group. It can
determine the optimal point using the sum of squared error (SSE), which is calculated as
follows [32,33]:

SSE =
n

∑
k=1

23

∑
h=0

(ai,h − ck,h)
2 where ai ∈ ck (7)

where n is the number of clusters, ck,h is the normalized energy consumption of the kth
cluster center point at time h, ai is the household in ck and ai,h is the normalized energy
consumption of customer i at time h. If the value of K increases, the SSE decreases.

3.4. Procedure of Proposed Method

The generic procedure for analyzing the impact of social distancing enforced by
COVID-19 on household energy consumption, shown in Figure 1, can be described as
follows:
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Figure 1. Flowchart of the proposed procedure for analyzing the impact of social distancing on household energy consumption.

Step (1) Find optimal point of each imputation method.
Step (2) Impute the missing data by using the proposed hybrid method.
Step (3) Cluster household usage pattern by using k-means.
Step (4) Estimate the impact of the time-varying reproduction number of COVID-19

on household energy consumption by using a two-way fixed effect.
Step (5) Check the robustness of the impact of the time-varying reproduction number

on household energy consumption.
Step (6) Estimate the impact of COVID-19 on household energy consumption by each

demographic characteristic groups.
Step (7) Estimate the impact of COVID-19 on the hourly household energy consump-

tion by load shape.

4. Empirical Results
4.1. Results of Hybrid Imputation and Clustering of Household Load Shape

The Monte Carlo scenario is performed by extracting 200 households with no missing
data and COVID-19 from the energy consumption data for January–February 2020. Figure 2
shows the results indicating the algorithm is more advantageous when it comes to handling
missing values. In intervals that are not grayed out, which means the number of missing
values is less than nine per day, the linear imputation method performs better than the
statistical imputation method. However, the longer the missing interval, the more accurate
the statistical imputation method.
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In Figure 2, the difference between the linear and statistical interpolation RMSE is
negative during the grayed-out intervals, indicating that statistical imputation method
to be advantageous in periods with missing intervals of 10 points or more. Therefore, in
this study, for missing intervals with a length equal to or less than 9 points, the analysis is
performed by interpolating linearly and for missing intervals with a length greater than
9 points, the statistical imputation method is used.

Based on the grouping results, the energy consumption of home customers is divided
into five patterns. Figure 3 shows the optimal number of groups using the elbow method.
In Figure 3, the slope is reduced at point which the sum of the total SSE of five cluster. In
Figure 4, 1133 customers are classified into Day (133 households), M-pattern (326 house-
holds), Stair (278 households), Owl (108 households), and Evening types (288 households)
based on their energy consumption patterns.
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The day type shows energy use during the day which means that someone uses
appliances in the house at lunchtime. The M-pattern type shows that there is a temporary
increase in energy consumption during the morning period for going to work and no
electricity usage until the evening before energy usage increased during the evening hours
after work. It is assumed in households in this pattern that all family members have a
job. The stair type shows a usage pattern where electricity consumption increases in the
morning, is constant in the afternoon, and increases in the evening. The owl type shows
high energy consumption during the night and maybe the typical energy use pattern of the
single-person residential customer. The evening type shows a group whose consumption
increases briefly in morning hours, then is rarely used during the day, before increasing
again in the evening. The evening type is the typical energy use pattern of customers not
being home in the afternoon and beginning their evening routine after leaving the office.

4.2. Empirical Results for Impact of Social Distancing in Korea

First, the impact of COVID-19 on household energy consumption is analyzed by using
Equation (1) during January–April 2020, which is the period included in social distancing
enforced by COVID-19. To check the robustness of estimating the significance of the
parameter at different sets of household and time dummies, the individual fixed effect
is introduced with three sets of dummies. The household level means estimating each
coefficient for the entire date period for each household. For the household month level,
each coefficient is estimated by clustering by month for each household. Finally, at the
household-month-weekday level, each coefficient is estimated by clustering the weekdays
and weekends of the month for each household. Therefore, the robustness check of the
proposed household energy consumption model was performed by different individual
fixed effects, as shown in Table 4.

Table 4. Models to estimate the impact of COVID-19 on household energy consumption.

Dependent Variable: ln (Use)

M1 M2 M3
Rj 0.004 *** 0.003 *** 0.003 ***

(0.0003) (0.0003) (0.0003)
temp −0.002 *** −0.0004 ** −0.001 ***

(0.0002) (0.0002) (0.0002)
temp2 0.00001 0.00002 0.00002 **

(0.00001) (0.00001) (0.00001)
humid 0.001 *** 0.001 *** 0.001 ***

(0.00003) (0.00003) (0.00003)
holiday 0.008 ** 0.022 *** 0.023 ***

(0.004) (0.003) (0.003)
price 0.0005 *** −0.001 *** −0.001 ***

(0.0001) (0.00005) (0.00004)
Individual fixed effect household-level household-month level household-month-weekday level

Time fixed effect weekday-hour weekday-hour weekday-hour
Observations 3,289,907 3,289,907 3,289,907

R-squared 0.453 0.495 0.503
Adjusted R-squared 0.453 0.495 0.501

*,**,***, significance at 10%, 5%, and 1%.

The inspection of robustness for the interested coefficient of reproduction number
of COVID-19 shows statistical significance in each model although the individual effect
is changed. The time-fixed effect has not changed because it is obvious that household
energy consumption has different patterns on weekends and weekdays. Therefore, the
significant positive impact of the time-varying reproduction number on household energy
consumption is shown. Given all the models presented, the estimated impact is robust
and statistically significant at the level of 0.01. The house energy consumption models
presented in Table 4 show that an average increase of 0.3% in the hourly average energy
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usage is caused by a unit increase in the time-varying reproduction number of COVID-19.
Other statistical control variables such as temperature, humidity, hourly electricity price,
and holiday dummy are also statistically significant. The result of the temperature factor
presents that the relationship between electricity consumption and temperature shows
a U-shape. This shape means that if the temperature rises to a mild level, electricity use
decreases. If the temperature rises to a level beyond mild, the electricity use increases. A
similar result has also been presented in previous impact of climate studies [21,34].

Second, since the M3 model has the highest adjusted R-squared among the models in
Table 4, the M3 model is performed to analyze each target group such as income status,
family member, and housing area. Figure 5 shows whether the impact of the time-varying
reproduction number of COVID-19 on household energy consumption in response to
demographic characteristics for each group. The income group is divided into three groups:
low-income, middle-income, and high-income. The family group is divided into four
groups including under or two, three, four, and five group. Moreover, the area group
consists of four groups, which are very small, small, medium, and large. Detailed statistical
information for each group is given in Table 3.
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reproduction number of COVID-19.

Because The M3 model has most high Adjusted R-squared between Models in Table 4,
the M3 model is performed to conduct regression analysis for each target groups, which
are income status, family member, and house area. In Figure 5, the solid dots represent the
coefficient converted into an impact percentage that measures the impact on household
energy consumption when the time-varying reproduction number of COVID-19 increases
by one unit, and the vertical lines represent 95% confidence levels. Looking at income
group, low income tends to live in house that are not energy efficient and to have appli-
ances with low energy efficiency, as shown in existing studies, which can cause a high
increase in electricity consumption of low-income households compared to mid-income
households. Furthermore, mid-income groups show less impact on energy consumption
compared to both low-income and high-income group, which means mid-income groups
have energy-efficient homes and appliances, compared to low-income and high-income
groups who might need more energy due to large areas occupied and the number of family
members [20,35,36]. According to the results of the number of family members, groups of
two household members or less shows the largest increase in household electricity con-
sumption in response to a unit increase in the time-varying reproduction number. Because
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single-member and two-group consumers have little activity at home during the pre-social
distancing period, working from home during the social distancing period may increase
in electricity consumption. As the number of family members increases, the change in
electricity consumption affected by social distancing tends to decrease, the large number
groups might use more electricity before social distancing. For area groups, large area
consumers increase household energy consumption more than other area groups. The
empirical results imply that if the area of the house is large, there might be many family
members and the income might be high, so the household energy consumption increases
the most during the social distancing period.

Finally, in Figure 6, using Equation (3) with the load shape group for household
consumers, the results show the impact of the time-varying reproduction number of
COVID-19 on the hourly household energy consumption during the first week of social
distancing. The shaded areas, which represent 95% confidence intervals, and solid lines
are generated by the bootstrapping procedure using Equations (2) and (3) [21]. In daytime
hours, all groups’ changes in energy consumption have a positive impact on the household
energy usage. This reflects that people tend to have curtailed outdoor activities during
daytime hours because of social distancing. During night-time hours, the M-pattern type
group was most affected by social distancing, because it usually had the least usage at
night-time compared to other groups as shown in Figure 4. For the opposite reason, the
groups that used electricity at night-time during pre-social distancing period was less
affected than the M-pattern. This means that there is less opportunity to increase indoor
activities at home in the night-time. In morning hours, all groups except for owl and M
type group show the small negative change in energy consumption due to work from home
and remote classes. The reason is that people slept more during morning hours because
there was no need to prepare to go out.
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5. Discussion

In this study, statistical and linear interpolation methods are applied by creating a
scenario in which missing data occurred using the Monte Carlo technique. If the missing
data are short, the linear interpolation method performs better. The statistical interpolation
method has better results if the missing data is longer. K-means clustering is performed
using the representative load pattern. The elbow method is used to optimize the grouping
of K-means clustering. As a result, 1133 households are classified into five groups, which
are Day type, M-pattern type, Stair type, Owl type, and Evening type.

In the results of household energy consumption model, this study shows three key
implications. First, a numerical time-varying reproduction number of COVID-19 is a
useful factor for reflecting the impact of the COVID-19 pandemic on household energy
consumption. In order to reflect the intensity of the COVID-19 spread situation, a numerical
time-varying reproduction number is used instead of a dummy variable. As a result, an
average increase of 0.3% in the hourly average energy consumption is influenced by a unit
increase in the time-varying reproduction number of COVID-19. This result might seem
rather low compared to the increase rate presented in previous studies [8,14–16]. However,
unlike other countries, Korea has responded to the spread of COVID-19 through social
distancing rather than lock-down [37]. Therefore, the increase in household electricity
consumption would be relatively small as Koreans could move more freely during the
COVID-19 pandemic than people from other countries. Furthermore, whereas previous
studies showed a large percentage of change by estimated in specific industries, regions,
and national sectors [8,14–16,37–39], this study estimated the COVID-19 impact on the
hourly electricity usage of each household during the social distancing period.

Second, the results of this study remind policymakers of the problem that COVID-19
is more impact on low-income families than others. Many countries imposed mandatory
stay-at-home orders and take various actions to discount electricity bills. Therefore, the low-
income families should be more supported by the government if a pandemic is repeated like
in Indonesia. In Indonesia, poor people could use free electricity from 24 April 2020 [40].

Last, The COVID-19 impact on each load shape is related to their energy consumption
patterns. In addition, there are the same patterns as previous studies. As like [16,39],
In morning hours, patterns are shown the negative change in energy consumption due
to work from home and remote classes. However, previous studies showed the greatest
impact in the daytime, otherwise in this paper, when subdivided by pattern and analyzed,
some groups were more affected by social distancing during the night-time hours. This
result indicates that if some households did not used electricity in night-time hours before
the pandemic, their electricity usage could increase significantly in the daytime as well as
night-time.

6. Conclusions

The household energy consumption model is used to analyze the impact of COVID-19
reproduction number on household energy consumption. The impact of COVID-19 repro-
duction numbers is significantly positive; they increase household energy consumption by
0.3%. As a result, if the COVID-19 reproduction number increases due to increasing local
infection, most households’ energy consumption will increase. Most people do not have to
physically go to work and school because they can opt for work from home and remote
classes. This could be seen as a decrease in energy consumption in the early morning.
In addition, the energy consumption from daytime to night-time hours increases. An
analysis of the impact on each demographic characteristic group by using a robust model
is conducted. For income groups, the impact of social distancing on household energy
consumption is small to mid-income groups’ energy consumption. However, low-income
groups’ energy consumption is more affected by social distancing than the mid-income
group. For family member groups, the smaller the number of family members, the greater
the impact of COVID-19 on household electricity consumption. For house area groups, the
change enforced by social distancing in electricity consumption increases as the house area
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increases. The extended household energy consumption model is used to investigate how
the different impacts of COVID-19 reproduction numbers are analyzed by hours depending
on each load shape. According to each load shape, the effect of electricity consumption is
different in the morning, daytime, and night-time hours.

However, there is the limitation of the availability of the time-varying reproduction
number of COVID-19. Because it is not possible to count the number of COVID-19 infected
people in real-time, calculating and adopting the time-varying reproduction number of
COVID-19 in an hour could be physically difficult.

The empirical results show that the method presented with time-varying reproduction
numbers has been able to reach the best estimator of the impact of social distancing. Thus,
the results of this study have implications for electrical utility power systems in response
to the COVID-19 pandemic.
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