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ABSTRACT Demand response (DR) is one of the major benefits that utility companies can derive from the
advanced metering infrastructure (AMI). In particular, the dynamic rate plan with DR is attracting attention
as an electricity rate system suitable for the future power environment. In order for electricity consumers to
select an appropriate electricity rate plan, it is necessary to provide information such as whether electricity
bills are reduced by the plan and the estimated amount of electricity bill savings. In this paper, we first
comparatively analyze the current progressive rate plan and a dynamic rate plan of the time-of-use (TOU).
We next propose several prediction methods for households to provide information on whether the electricity
bill amount can be reduced in advance when changing to the TOU rate plan from the progressive rate plan
by using only the current monthly electricity usages and bills. In order to develop three different prediction
methods based on statistical learning, we use the support vector machine, linear regression, and deep neural
network techniques. As a ground truth training sequence, we use hourly electricity usages and bills obtained
from ten apartment complexes through AMI, and an apartment complex is used for testing the designed
methods. The decision accuracy for the test complex was more than 0.98 and the root mean square error of
the saving prediction was 1.7%.

INDEX TERMS Advanced metering infrastructure (AMI), deep neural network (DNN), linear regression,
support vector machine (SVM), progressive rate, time-of-use (TOU) rate.

NOMENCLATURE
di Annual bill difference of the ith household.
f (xi) Linear regression estimate of di.
g(xi) DNN estimate of di.
p Feature demension.
xi Input vector in Rp for estimators.
yi SVM output in {−1, 1}.
α, α0 SVM parameters in Rp and R.
β, β0 Regression parameters in Rp and R.

The associate editor coordinating the review of this manuscript and

approving it for publication was Payman Dehghanian .

AMI Advanced metering infrastructure.
DNN Deep neural network.
DR Demand response.
RMSE Root mean square error.
SVM Support vector machine.
TOU Time-of-use.

I. INTRODUCTION
Many electricity utilities around the world are adopting static
tariffs or rate plans, such as a flat rate plan and a progressive
rate plan for residential electricity. In the progressive rate
plan, the unit price per kilowatt-hour increases in stages
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depending on the amount of electricity used. In the flat
rate plans for households, it is enough to read the metering
data monthly. Recently, dynamic rate plans have emerged
as alternatives to static rate plans for households [1]–[3] in
accordance with the expansion of the smart grid and the
acceptance of changes in the electric power environment to
reduce greenhouse gas emissions. The dynamic rate plan has
a purpose to reduce peak electricity usages by reflecting their
high wholesale prices of electricity during peak hours in the
retail rates [4].

Demand response (DR) has been considered as an impor-
tant notion in balancing the energy supply and demand, and
can be implemented by using the dynamic rate plan. As the
proportion of renewable energies, such as solar or wind pow-
ers, increases worldwide to respond to climate change, the
problem of intermittent power generation becomes worse.
To cope with such a problem, further advanced DR systems
are being introduced to secure a stable power system [5], [6].
Dynamic rate plans that implement price-based DR systems
have been widely applied in large-scale customers, such as
factories and buildings, to reduce the power demand during
the peak hours or distribute the power demand during the off-
peak hours [7]. A general dynamic rate plan for customers
is the time-of-use (TOU) rate plan, in which the peak hours
of high electricity power consumption have higher rates than
the off-peak hours. To reform the long-term behavior of the
load demands and renewable energy sources, the TOU rate
plan is helpful for efficient power system planning in the
electricity generation and transmission [8]. Here, schedul-
ing home electricity usages for the TOU rate plan is also
important [9], [10]. In order to apply the TOU rate plan to
households, a new metering system such as the advanced
metering infrastructure (AMI) is required [11], [12].

Italy has deployed large-scale AMI for more than 30 mil-
lion households since the early 2000s, and has introduced a
TOU rate plan for residential customers since 2007. As of
2018, 56.6% of households adopted the TOU rate plan [13].
Various pilot projects related to TOU rate plans have been
attempted in several countries [1], [14] and extensive research
is being conducted on effects of the TOU rate plan for
households [15]–[20]. To ensure electricity consumers have
a choice of electricity rate plans, the EU has recommended
that electric power sellers should provide consumers with
sufficient information regarding the dynamic rate plan [2].
It is important to inform consumers in advance which rate
plan will be advantageous to them so that they can choose
an appropriate rate plan [21]–[27]. In addition, utility com-
panies also need to select areas where many consumers can
choose the TOU rate plan for an effective AMI deployment.

The current residential rate plans in SouthKorea have static
and progressive properties to restrain excessive electricity
usages as summarized in Table 1. This progressive rate plan
has three usage ranges, which, for the summer case, are
wider than those of other case to provide lower electricity
charges or bills as in Table 1 [28]–[31]. A TOU rate plan,
which is being considered in South Korea, is summarized in

TABLE 1. Residential low-voltage progressive rate per month for the
summer case (July - Aug.) and the other case (Jan. - June, Sep. - Dec.) [31].
The progressive rate has three usage ranges and the basic rate is applied
to each household.

TABLE 2. Residential TOU rate per month [31]. The rates of the off-peak
and spring/autumn case are lower than the other cases and the basic rate
is applied to each household.

Table 2 [31]. Depending on the ranges of peak hours and
months, the electricity rates are different so that electricity
usages can be efficiently spread. Koo et al. [32] studied
electricity rate plans according to the consumer power con-
sumption patterns in apartment complexes of South Korea.
Based on the rate plans of Tables 1 and 2, Jung et al. [31]
recently conducted a comparative analysis of electricity bills
between the progressive and TOU rate plans for an apartment
complex equipped with AMI facilities. Through this analysis,
changing the current progressive rate plan to a TOU rate plan
for a given household can provide the benefit of reducing
the electricity bill depending on the amount and pattern of
electricity usage. A guideline in selecting the electricity rate
type by observing information on electricity energy usage
can be obtained. If hourly electricity usage data are avail-
able, then the proper electricity rate plan can be explicitly
determined. However, if only the information on monthly
electricity usages is available, then further careful analysis
on selecting the electricity rate is required.

In this paper, we first analyze the current progressive and
the TOU rate plans by comparing them. Here, the TOU rate
plan is operated based on hourly electricity usage data col-
lected through AMI instead of the current monthly electricity
usage.We next propose several predictionmethods for house-
holds to provide information on whether to save electricity
bills in advance when moving to the TOU rate plan from
the progressive rate plan by using only the current monthly
electricity usages and bills. In order to develop three differ-
ent prediction methods based on statistical learning, we use
the support vector machine (SVM), linear regression, and
deep neural network (DNN) techniques [33]–[35]. Here, as a
ground truth training sequence, we use the hourly electricity
usages and bills obtained from ten apartment complexes with
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AMI, and one apartment complex is used for testing the
designed methods.

This paper is organized in the following way. In Section II,
we first observe the residential electricity rate plans, and
next the progressive and TOU rate plans, using the practical
metering data from households of eleven apartment com-
plexes. In Section III, we propose three prediction methods
for guidelines in selecting an appropriate electricity rate plan.
The paper is concluded in the last section.

II. METERING DATA AND BILL IN EACH RATE PLAN
In this section, electricity usage metering data obtained
through AMI built in South Korea are empirically analyzed,
and the amount of bills for the progressive and TOU rate plans
are compared.

A. METERING DATA OBTAINED THROUGH AMI
AMI is currently under construction in South Korea, and as
of 2021, AMI has been installed in 10.2 million consumers,
which corresponds to 45% of all consumers. In this study,
hourly power usage metering data are collected from a total
of 12,155 households in eleven apartment complexes where
AMI is installed. The usage metering data used in this analy-
sis are collected at hourly intervals for twelve months. As will
be discussed in Section III, ten apartment complexes are used
for designing classifiers and predictors, and one apartment
complex is used to verify the performances of the classifiers
and predictors. Note that a relatively small complex can be
enough to verify their performances [36].

The details of the apartment complexes used in the study
are summarized in Table 3. The average area of the house-
holds in each apartment complex varies from complex to
complex, ranging from 75.5 m2 to 143 m2. The size of
each complex is also different and the number of houses
in the complex ranges from 435 to 2,064. The average
annual usage of household for each complex together with
the average annual bill of household in the current pro-
gressive rate plan is also shown in Table 3. Unless stated
otherwise in this paper, electricity usage and electricity bills
are for each household. The average annual usages are
between 2,731 kWh/year and 4,149 kWh/year depending
on the apartment complex. The average annual bills range
from 314,439 Won/year to 572,760 Won/year, depending on
the complex.

The average monthly electricity usages for each complex
is shown in Fig. 1. The horizontal axis represents the month
and the vertical axis is the average monthly electricity usage
in kilowatt-hour per month. In Fig. 1, we observe that Com-
plex 6 has the lowest average usage and Complex 2 uses the
most. In particular, we can also observe that the average usage
is the highest in August in all complexes, which is due to the
fact most of the houses use coolers that consume high power.
In winter, the average usage does not increase significantly
compared to spring and autumn in all complexes, because gas
or district heating is used as the main heating energy source
in South Korea.

FIGURE 1. Average monthly usage for the apartment complexes of
Table 3.

FIGURE 2. Average monthly bill in the progressive rate plan.

B. BILLS BY THE RATE PLANS
When the progressive rate plan is applied to each household,
the monthly electricity bills for all households are computed.
Fig. 2 shows the result for the averagemonthly electricity bills
with the progressive rate plan for each complex in thousand
Won per month. The graph shape of the average bills is
similar to that of the average usages of Fig. 1, but due to
the characteristics of the progressive rate plan, the following
difference is observed. As the electricity usage increases, the
electricity bill increases faster than the increase in usage.
For example, in Complex 2, the average usage in August is
1.67 times higher than that in September, but the average
bill is observed to increase by 1.98 times. This is one of the
characteristics of the progressive rate plan shown in Table 1.

Using electricity usage data metered and collected at
hourly intervals through AMI, we can apply the TOU rate
plan to each household and calculate the corresponding bill.
Fig. 3 shows the average electricity bills when the TOU rate
plan is applied to all households of each complex. Comparing
this result with the electricity usage in Fig. 1, we observe
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TABLE 3. Apartment complexes for the analysis. Metering data are collected from the ten complexes of Complexes 1 - 10 with 10,865 households.
Complex 11 is the test complex to verify the analysis.

that the average bills in the summer/winter case are relatively
higher than those in the spring/autumn case, even for the case
of similar average usages. This is because the usage rate in the
summer/winter case is higher in the TOU rate plan as shown
in Table 2. Compared to the result of the progressive rate plan
in Fig. 2, the average bills in August for the complexes that
consumed the most electricity energy (e.g., Complexes 2 and
10) decreased further under the TOU rate plan. Note that the
progressive rate plan sharply increases electricity rates in the
third range as shown in Table 1, while the TOU rate plan
applies a constant electricity rate regardless of usage. On the
other hand, in the case of Complex 6, which consumes the
least amount of electricity, we observe that the average bill
by the TOU rate plan is higher in every month than the bill by
the progressive rate plan. This is due to the fact that the basic
rate of the TOU rate plan is higher than that of the progressive
rate plan in the first and second ranges in Table 1.

In general, we can state that the progressive rate plan is
more advantageous when the electricity usage is relatively
low, and the TOU rate plan is more advantageous when the
electricity usage is relatively high. However, we notice that in
the TOU rate plan, even if the electricity usages are the same,
the electricity bills can be different depending on the time
of the day and the month of electricity usages. In addition,
the rate increases rapidly as more electricity is used in the
progressive rate plan. Thus, it is difficult to determine which
rate plan gives the lower electricity bill for each household if
only the amount of electricity consumption is considered.

C. CHANGES IN HOUSEHOLD ELECTRICITY BILLS WITH
THE RATE PLANS
The curves of Figs. 2 and 3 present the average monthly
electricity bills of households for each complex but not the
electricity bills for each individual household. In terms of the
average bills, for example, Complex 6 has a lower electricity
bill using the progressive rate plan in Fig. 2 than the case
of the TOU rate plan in Fig. 3. However, if we consider
the electricity bills of individual households, then there exist
households that have lower electricity bills with the TOU rate
plan.

FIGURE 3. Average monthly bill when the TOU rate plan is applied.

We now compute and analyze the monthly electricity bill
difference between the TOU rate plan and the progressive rate
plan. We assume that each household changes the electricity
rate plan from the progressive to TOU rate plan. Positive
bill differences imply increases in the electricity bills due to
changing to the TOU rate plan. If the bill difference is nega-
tive, then the corresponding household can reduce the amount
of electricity bill by adopting the TOU rate plan. In Fig. 4,
the monthly bill differences for the entire 12,155 households
during twelve months are shown. Figs. 4(a) and (b) represent
the results of the spring/autumn and summer/winter cases,
respectively. Here, the horizontal axis represents the monthly
electricity usage, and the vertical axis represents the monthly
bill difference due to the change of the rate plans to the TOU
rate plan. The results of each household are represented by
different symbols depending on the month.

We observe from Fig. 4 that the bill difference val-
ues appear as three piecewise lines, which is due to the
three rate ranges of the progressive rate plan shown by
Table 1. In Fig. 4(a), the bill difference increases as the
electricity usage increases up to 200 kWh/month because the
TOU rate plan has higher rates than the progressive case.
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FIGURE 4. Monthly bill differences of the households in all apartment
complexes. (a) Scatter diagram of the spring/autumn case. (b) Scatter
diagram of the summer/winter case.

The bill difference then decreases because the TOU rate
plan has lower rates than the progressive case exceeding
200 kWh/month. We also observe the bill difference values
bending at the monthly usage of 400 kWh/month, where the
highest rate of the third range of the progressive rate plan
begins to apply. We observe a jump of the bill difference
values because there is a big step increase of the basic rate
for the progressive rate plan as shown in Table 1. The ratios
of usages in peak and off-peak (or weekend) hours affect
the bills under the TOU rate plan of Table 2 and can be
different depending on households. We notice that the bill
differences are not the same even for the cases of the same
electricity usages. Therefore, the markers are widely spread
even when the electricity usages are the same. The dispersion
of the markers at the same usage is seen more in the sum-
mer/winter case of Fig. 4(b) than the spring/autumn case of
Fig. 4(a). Note that home appliances, which consume high
electric energies, are usually used in the summer/winter case
(especially in July and August), and a small usage change
of those appliances between the peak and off-peak hours can

FIGURE 5. Annual bill differences in thousand Won per year. The eleven
apartment complexes are indicated as their complex number at the lower
part of the graph and the whole households of the complexes are
designated as the household number below the graph.

make a large change in the ratio of usages in peak and off-
peak hours.

For the summer/winter case in Fig. 4(b), the monthly bill
difference values can be divided into two groups. The upper
one is the summer result group and the lower is the winter
result group. This seasonal distinction is due to the fact
that the summer and winter rate ranges are different in the
progressive rate plan. In particular, the reason that the summer
results are in a higher position for the same electricity usage
is because the progressive rate plan offers a lower electricity
rate in the summer case than the other case.

Meanwhile, in South Korea, the electricity rate plan is
contracted by each household on an annual basis. Therefore,
we need the total billing amount of twelve months for pro-
gressive and TOU rate plans, and compare them in selecting
an appropriate electricity rate plan to save electricity bills.
Fig. 5 shows the annual bill differences obtainedwhen the rate
plan is changed from the progressive to TOU rate plan based
on the bills summed over twelve months for each household
in the eleven complexes. The horizontal axis represents the
household number, and the vertical axis represents the annual
bill difference in thousand Won per year. An annual bill
difference greater than zeromeans an increase in the bill when
changing to the TOU rate plan, and thus it is advantageous
to just stay with the current progressive rate plan. If the
annual bill difference is less than zero, then the electricity
bill can be saved after the plan change to the TOU rate plan.
We observe increases of bills in many households, but the
value of increase is 151,013 Won/year at most. Although the
decrease of the annual bill difference is less frequent than
the increase case, we observe that the value of decrease is
large enough to reach the minimum of −881,063 Won/year,
of which magnitude is much larger than the progressive case.

D. SAVINGS AND DIFFICULTY IN SELECTING THE BEST
RATE PLAN
In this subsection, we discuss methods in appropriately
selecting the electricity rate plan for each household.
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FIGURE 6. Portion of the TOU rate plan and the average annual bill under
the progressive rate plan with respect to the average annual usage for the
apartment complexes of Table 3.

If the annual bill difference is positive for a household, then
it is better to keep the progressive rate plan without changing
the rate plan because the positive value implies applying the
TOU rate plan increases the electricity bill. On the other hand,
for households whose annual bill differences are negative, it is
better to change the rate plan to the TOU rate plan because the
electricity bill will decrease.

The portion of households, which can save electricity rates
by changing the progressive to TOU rate plan, to the entire
households in each complex is shown as the circle marks
(‘‘©’’) in Fig. 6. Here, the horizontal axis represents the
average annual electricity usage in each complex, and the
left vertical axis represents the TOU portion in percentage.
In addition, Fig. 6 also shows the average annual electricity
bills with the progressive rate plan in each complex as the
triangle marks (‘‘4’’) along with the apartment complex
name. The vertical axis on the right represents the annual
electricity bill. As we can expect, both the average bill and
the TOU portion increase as the average usage increases. For
example, the complex with the lowest portion of households
for which it is advantageous to change to the TOU rate
plan is Complex 6, and the TOU portion is 4.85%, while
the highest TOU portion is shown in Complex 2 as 35.0%.
In addition, we observe from Fig. 6 that the TOU portion and
the average bill of the test complex are placed approximately
in the middle of the complexes.

In Fig. 7, we illustrate the total bill saving of a complex
that can be obtained by changing the electricity rate plan to
the TOU rate plan, where the horizontal axis represents the
average annual usage in each complex. The total annual bill
savings in millionWon per year per complex are shown as the
triangle marks with the apartment complex numbers in Fig. 7
when each household selects the best rate plan. Note that this
total amount of savings depends on the number of households
in the corresponding complex. The average annual savings
per household in each complex are also shown as the cross
marks (‘‘×’’) in Fig. 7 with the right vertical axis in thousands

FIGURE 7. Total and average annual savings for each complex.

Won per year. We observe from Fig. 7 that both total saving
and average saving tend to increase as the average annual
usage per household increases.

In fact, not all households will benefit from the rate plan
changes. For each apartment complex, we now compute a
conditional average annual savings only for the households
that could lower their electricity bills by changing the rate
plan. These conditional annual bill savings are also depicted
as circle marks in Fig. 7 with the right vertical axis. They
are between about 79,000 Won and 121,000 Won with their
average of 102,808 Won, which is presented as a horizontal
dotted line. We can find that there are no significant correla-
tions between the conditional saving and the average usage,
in other words, the average savings calculated conditionally
for the households that benefit are similar independently of
the complex.

In order to evaluate the annual savings as shown in Fig. 7,
electricity usage metering data collected at hourly intervals
through AMI are required as described in Subsection II-B.
For calculating the bills in the TOU rate plan, information
on the time of electricity usage as well as the amount of
usage are required. However, currently, all the households
in South Korea are provided with electricity bill reports that
contain only their monthly electricity usage and bill. With
such reports, it is not easy for a household to determine which
rate plan is better, and the accuracy of the determination can-
not be guaranteed. In the following section, we will describe
methods for determining the better rate plan between the
progressive and TOU rate plans for each household using
only the monthly electricity usages and bills in the current
progressive rate plan.

III. SELECTION OF THE ELECTRICITY RATES
In this section, under the assumption that onlymonthly usages
and bills are available, we design classifiers and predic-
tors to provide guidelines in determining an appropriate rate
plan between the progressive and TOU rate plans. By train-
ing metering data of the ten complexes for various input
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TABLE 4. Various inputs for the classifier and predictor designs.

FIGURE 8. Accuracies and F-scores of the SVM classifiers designed for the
ten complexes as well as each complex of Table 3.

features, different classifiers are designed based on SVM, lin-
ear regression, and DNN, respectively. Here, the techniques
of the linear regression and DNN can additionally provide
predictions of the bill differences or expected average savings
from changing the rate plan from the progressive to TOU
rate plans. Statistical properties of the designed classifiers
and predictors are next analyzed as selection guidelines for
an appropriate electricity rate plan.

A. SUPPORT VECTOR CLASSIFIERS
The training sequence consists of N pairs (xi, yi), for i =
1, · · · ,N , where xi ∈ Rp and yi ∈ {−1, 1}. For the ith house-
hold, the input vector xi can be composed of the monthly or
annually usages or bills as summarized in Table 4. Define a
hyperplane by

{x : xTα + α0 = 0, x ∈ Rp
}, (1)

where α is a unit vector as ||α|| = 1 and α0 ∈ R. Note that
the input vectors of xi can be classified by the hyperplane
of (1). The hyperplane of (1) can be found based on SVM
using the training sequence (xi, yi) [33], [34, p. 417]. A rate
plan selection for the ith household can then be conducted by
checking the sign of xT

i α + α0. If this quantity is negative,
then moving to the TOU rate plan can save the electricity bill
and thus selecting the TOU rate plan is recommended.

In order to construct a training sequence, we use the ten
complexes of Table 3 and use the test complex to verify
the designed classifier. Using the hourly metering data of

the ten complexes through AMI, we prepared ground truth
selections between the progressive and TOU rate plans and
constructed a training sequence of (xi, yi). In the training
sequence, the output yi is determined as yi = −1 if the
bill difference is negative and yi = 1 otherwise. Among the
total N = 10, 865 households of the ten complexes, 1,556
households should choose the TOU rate plan and other 9,309
households should stay on the progressive rate plan in terms
of minimizing their annual electricity bills.

Using the training sequence of (xi, yi), the coefficients of
α and α0 in (1) are determined based on SVM. In designing
the SVM classifiers, we considered various combinations of
the usages and bills as the SVM input as summarized in
Table 4. ‘‘Usage (1)’’ uses the annual sum of the electricity
usage and ‘‘Bill (1)’’ uses the annual sum of the electricity
bill. By combining these two features as ‘‘Usage+Bill (2)’’
we can also design an SVM classifier. In a similar man-
ner, we can use 12 monthly usages and 12 monthly bills
as ‘‘Usage (12),’’ ‘‘Bills (12),’’ and ‘‘Usage+Bill (24)’’
in Table 4.
The accuracies and F-scores of the SVM classifiers

designed using the ten complexes are illustrated as black
symbols ‘‘Ten Complexes’’ in Fig. 8. Here, as shown in
Fig. 6 regarding the TOU portion, the classes of the progres-
sive and TOU rate plans have imbalance properties. Hence,
the F-scores can have further significant meaning than the
accuracy values. In Fig. 8, we observe that using 24 fea-
tures as ‘‘Usage+Bill (24)’’ shows the best accuracy and
F-score values, and using the bill data is more advantageous
than the usage data case. Interestingly, the result using two
features of ‘‘Usage−Bill (2)’’ is very similar to the result
using 24 features of ‘‘Usage−Bill (24).’’ Hence, using 2 or
24 features for designing a classifier is recommended in terms
of maximizing both the accuracy and F-score as the solid
black triangle (‘‘N‘’). In Fig. 8, trained SVM results for each
apartment complex are also illustrated to show different accu-
racy properties depending on the complexes. We observe that
as the TOU portion increases the location of the accuracies
versus F-scores move to the left.

For the ten complexes, scatter diagram examples of the
annual electricity bill versus the annual usage is illustrated
in Fig. 9. The households of the triangle (blue) marks of
‘‘TOU’’ in the upper right are preferred to select the TOU
rate plan (1,556 households). The households of the cir-
cle (red) marks of ‘‘Progressive’’ should stay at the pro-
gressive rate plan to reduce the annual electricity bill (9,309
households). Fig. 9 also shows SVM results of ‘‘Usage (1),’’
‘‘Bill (1),’’ and ‘‘Usage+Bill (2)’’ of Table 4 with the cor-
responding hyperplanes. The accuracies of ‘‘Usage (1)’’ and
‘‘Bill (1)’’ are 0.9748 and 0.9828, respectively. The accuracy
of ‘‘Usage+Bill (2)’’ increases to 0.9863. If we consider only
one feature as an input of SVM, the threshold of ‘‘Bill (1)’’
shows a better accuracy than the case of ‘‘Usage (1)’’ [31].
For the case of ‘‘Usage+Bill (2),’’ we observe a different
hyperplane as shown in Fig 9 and the accuracy is further
increased.
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FIGURE 9. Scatter diagram of the annual bill (progressive rate plan) with
respect to the annual usage and SVM design examples for the ten
complexes. The SVM hyperplanes of ‘‘Usage (1),’’ ‘‘Bill (1),’’ and
‘‘Usage+bill (2)’’ are illustrated.

B. PREDICTIONS BASED ON LINEAR REGRESSION
The bill difference can be approximated by a hyperplane
based on a linear regression analysis. We consider a training
sequence that consists of N pairs (xi, di), for i = 1, . . . ,N ,
where xi ∈ Rp and di is the annual bill difference. A linear
regression

f (x) := xTβ + β0, x ∈ Rp (2)

is optimized by using the training sequence (xi, di) to min-
imize a sum of the square errors as [f (xi) − di]2, where
β ∈ Rp and β0 ∈ R. From the optimized regression function
f , we can estimate saved electricity bills as well as learn
preferred rate plan between the progressive and TOU rate
plans by observing the sign of f in a similar manner to the
SVM case.

For the households of the ten complexes, the prediction
values f (xi) from the linear regression are depicted in Fig. 10
(‘‘Progressive prediction’’ and ‘‘TOU prediction’’) with the
true bill difference values, where f was trained for the ten
complexes with p = 24. The prediction errors of f (xi) − di
are also depicted in Fig. 11. We observe that the prediction
values faithfully follow the bill difference values. The root
mean square error (RMSE) value was 8,785 Won per year.
From the trained f , we can predict a saving amount of the
electricity bill when we move to the TOU rate with a 95%
confidence interval of f (xi)±17, 570Won per year assuming
a normal probability distribution on the prediction errors.

C. PREDICTIONS BASED ON DEEP NEURAL NETWORK
DNN can be used to predict the bill difference as well as
design a classifier for an electricity rate plan selection.

In order to design a DNN, we use the training sequence
(xi, di) of the linear regression case. Here, the input xi con-
tains 24 features (‘‘Usage+Bill (24)’’, p = 24) without
normalizations and seven hidden layers are added to the DNN

FIGURE 10. Predictions of the annual bill difference based on the linear
regression with inputs of ‘‘Usage+Bill (24)’’ (p = 24) for the ten
complexes.

FIGURE 11. Prediction errors for the annual bill difference in Fig. 10. The
root mean square error is 8,785 Won/year.

architecture. As shown in Fig. 12, an input x of 24 features
goes to 32, 64, 128, 256, 128, 64, and 32 nodes, and the last
layer yields one output as the bill difference prediction g(x).
For the outputs of the hidden layers, activation functions and
normalizations are not applied. In order to design a DNN for
the training sequence, the loss function is the mean square
error (MSE), where the batch size is 128, training epoch is
300, and the learning rate is 0.0005. The decreasing loss is
illustrated in Fig. 13 and the final RMSE is 8,983 Won per
year.

D. EXPERIMENTS ON THE SELECTION METHODS
We first compare the classifiers designed based on SVM,
linear regression, and DNN in terms of their accuracies and
F-scores. For the SVM case, the accuracies and F-scores of
the test complex are illustrated as ‘‘Test (SVM)’’ in Fig. 14.
The maximal accuracy and F-score are 0.9791 and 0.9413,

VOLUME 10, 2022 74019



Y. M. Chung et al.: Residential Electricity Rate Plans and Their Selections Based on Statistical Learning

FIGURE 12. DNN architecture for a prediction of the bill difference. The
input x has 24 features of the monthly usages and bills (p = 24) without
normalizations.

FIGURE 13. Training MSE curves with respect to the epoch for the ten
complexes based on the DNN architectures with different sizes of hidden
layers.

respectively, when the input is ‘‘Usage+Bill (2)’’ (p = 2).
The results for the test complex are similar to the case of
the ten complexes. Note that the training ratio, which is the
ratio of the total number of households to the number of
parameters in α and α0, is relatively high to provide a good
training performance [36]–[38]. The accuracies and F-scores
from the classifiers designed based on the linear regression
and DNN are also shown in Fig. 14 (‘‘Regression’’ and
‘‘DNN’’). Here, the classifications for the ith household are
conducted by checking the signs of f (xi) and g(xi), respec-
tively. For the 2 features ‘‘Usage+Bill (2)’’ and the 24 fea-
tures ‘‘Usage+Bill (24)’’ show similar results of the SVM
case. For ‘‘Usage+Bill (24),’’ the results of SVM, regression,
and DNN, shown by the triangle marks (‘‘4’’), are similar.
If the electricity bills are only available as ‘‘Bill (12),’’ then
the results of regression and DNN are considerably worse
than the SVM case. These results are shown by the solid
squares (‘‘�’’). For the test complex, the results are also
similar to the SVM case. However, if we consider the features
of p = 1 or p = 12, then using the SVM classifier in selecting
the electricity rate plan is further advantageous than the linear
regression or DNN case.

We next compare the predictions from the methods of
linear regression and DNN. Prediction values of the test
complex by the linear regression f (xi) of (2) are illustrated
in Fig. 15. We observe that the prediction values can suc-
cessfully follow the ground truth values of the bill difference
with RMSE=7,846 Won/year. Several example households
of the test complex are shown in Table 5. For the training of
the methods, inputs of ‘‘Usage+Bill (24)’’ in Table 4 are used
from the training sequences of the ten complexes. The SVM

FIGURE 14. Accuracies and F-scores of the test complex using the SVM,
regression, and DNN classifiers designed for the ten complexes.

FIGURE 15. Predictions of the annual bill differences with respect to the
households of the test complex by using the trained linear regression of
Fig. 10. The root mean square error is 7,846 Won/year.

TABLE 5. Examples of the electricity rate plans and predictions of the bill
difference di (thousand Won) for the test complex of Fig. 15. The input is
‘‘Usage+Bill (24)’’ of Table 4.

results can only provide a selection between the progressive
and TOU rate plans. On the other hand, the methods of the
linear regression and DNN can provide predictions of saving
bills when the rate plan moves to the TOU rate. In Table 5,
Household A should stay at the current progressive rate plan
to save the electricity bill. Households B and C should change
their electricity rate plan to the TOU rate plan to save bills
and predicted savings can be obtained from the methods of
the linear regression or DNN as summarized in Table 5.

Prediction precisions of the linear regression and DNN
methods are illustrated in Fig. 16. We observe that both linear
regression andDNNmethods can provide similar saving elec-
tricity bills with similar standard deviations. Hence, by using
the linear regression or DNNmethod, we can predict amounts
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FIGURE 16. Prediction precisions of the bill differences with respect to
the apartment complexes with the prediction means and standard
deviations, in which the length of the error bar is the twice the standard
deviation.

of annual electricity bill savings if we move to the TOU rate
plan.

IV. CONCLUSION
Using only monthly electricity usage and bill data based on
the current progressive rate, we could accurately conduct
decisions on appropriate electricity rate plan between the
progressive and TOU rate plans. If a small number of monthly
bill or usage data are available, then choosing the SVM
technique is preferable. On the other hand, if wewant to know
the amount of savings from changing the rate plan, then we
should use the linear regression or DNN technique to predict
the savings. Based on the framework of the simulations on
the apartment complexes, we can extensively conduct elec-
tricity bill calculations for different scenarios of electricity
energy consumptions as a future work. By moving the elec-
tricity usage duaring the peak hour to the usage duaring the
off-peak hour, households can further reduce the electricity
bills. Explicit calculations of the achievable savings can be
obtained from a mathematical modeling as well as empirical
simulations.
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