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Abstract
Understanding energy demand patterns in the residential sector is crucial for improving
energy efficiency through demand-side management. Load curve classification is a useful
method for analyzing energy demand patterns. In this paper, we employ a hidden
Markov model (HMM)-based classification to residential load curves in South Korea.
We also investigate how the number of hidden states affects classification performance
by allowing HMM to train with a different number of hidden states for each class. We
compare our HMM-based method with several state-of-the-art models and find that it
outperforms other competing models in multiple datasets. Additionally, we use the fitted
HMM model to make inferences about the load curves, gaining deeper insights into
energy demand patterns.
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1 | INTRODUCTION

Understanding demand patterns is fundamental in numerous economic
contexts, from resource allocation to policy formulation. Energy demand, par-
ticularly in the residential sector, is a significant component of this framework,
accounting for up to half of the total energy demand in many countries. Analyz-
ing these patterns yields crucial insights not only for energy producers and
consumers but also for economic planners and policymakers aiming to enhance
efficiency and sustainability. Given the recent advancements in demand-side
management (DSM) strategies, the characterization of demand patterns has
gained heightened importance. The primary objective of DSM is to provide
cost-effective and reliable energy to customers by optimizing electricity usage at
the user end, yielding benefits for both consumers and producers (Premkumar
et al., 2022). Moreover, energy demand pattern analysis influences housing and
urban development by informing infrastructure planning and supporting smart
city initiatives, promoting energy-efficient housing to reduce overall consump-
tion and costs. In energy pricing and subsidies, it aids in designing fair tariff
structures and tailoring subsidies for energy-efficient appliances. Environmental
policies benefit from emission reduction efforts and energy conservation
programs, promoting renewable energy and efficient technologies in homes.

Since understanding demand patterns is essential in implementing effective
DSM, there have been various attempts at characterizing load curves.
Balasubramanian and Balachandra (2021) used a simulation-based clustering of
load curves and demonstrated its effectiveness. Within the residential sector,
home appliances contribute significantly to energy consumption. According to
Firth et al. (2008), the quantity and types of these appliances within a household
exert a notable influence on electricity demand. Several studies have focused on
investigating the effect of seasonal appliances, such as air conditioners,
on household electricity consumption. Hu et al. (2019) suggested that the use of
air conditioners or other weather-related devices is on an increasing trend. As
such, seasonal home appliances can be useful in understanding energy demand
patterns of the residential sector.

In this study, we classify the electricity load curves of South Korean house-
holds based on the types and quantities of home appliances. Four types of home
appliances are considered: seasonal, video/audio, kitchen, and general devices.
A survey was conducted to gather information on the specific devices owned for
each of the four types. We aggregated the number of devices for each type and
used them to analyze the electricity load curves of each household. Given that
energy demand is likely to be lower for households with fewer electronic devices
and higher for those with more, we divided the distribution of the number of
possessions into two, creating two distinct classes for our analysis. This classifi-
cation provides insights into household energy behavior, which is vital for devel-
oping targeted DSM strategies and economic policies.
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Time series classification is a task associated with classifying each time series
into a known label and there have been various methods developed over the
years. The k-nearest neighbors (KNN) algorithm is one of the most widely used
distance-based models and is considered the baseline model for time series clas-
sification. The KNN classifies data into a class similar to the one from training
data, where it determines the class of the KNNs based on a measure of distance.
A popular metric to determine the nearest neighbors in time series classification
is dynamic time warping (DTW), which is the smallest distance of alignment
between time series. In addition to DTW, numerous alternative elastic distance
metrics (distance measures that compensate for potential misalignment between
series) have been proposed: for example, Elastic Ensemble (Tan et al., 2020).
The distance-based algorithm has the advantage that it does not require assump-
tions about the data, unlike parametric models. However, one of the disadvan-
tages of the KNN is that it is highly sensitive to irrelevant features and the scale
of the data, and the calculations tend to take a long time for large k.

There are several feature-based models that have shown promising results in
time series classification. The bag-of-SFA-symbols in vector space (BOSSVS)
proposed by Schäfer (2015) is a time-efficient time series classification model
that is significantly faster than the k-nearest-neighbor classifier. The algorithm
transforms the time series into a histogram of symbols by the symbolic Fourier
approximation (SFA). Subsequently, the TF-IDF (term frequency-inverse docu-
ment frequency) model is employed to compute the cosine similarity within the
vector space model. The classification decision for a given time series is made
based on the class that exhibits the highest cosine similarity. Baydogan et al.
(2013) proposed a time series classification algorithm based on the bag-
of-features approach (TSBF), which characterizes complex objects by generat-
ing feature vectors of subobjects. The algorithm initially extracts subsequences
of random lengths from random locations of the time series. Features such as
the mean and standard deviation of each subsequence are obtained. Each subse-
quence is then partitioned into several intervals, and features are computed from
each interval. The algorithm employs a random forest classifier using these fea-
tures to classify the time series. Recently, alternative pipelines of feature extrac-
tor and classifier have been developed, for example, time series feature
extraction based on scalable hypothesis tests (Christ et al., 2018).

Deep learning models have recently become one of the most successful fields
of study, and are increasingly used for time series classification (Ismail Fawaz
et al., 2019). Wang et al. (2017) proposed the fully convolutional network
(FCN) which can be a simple but strong baseline for time series classification.
The FCN has the advantage that it does not necessitate complicated
preprocessing on the raw time series. The FCN inspired and produced many
other variants for time series classification. Karim et al. (2017) extended the
FCN by augmenting it with a long short-term recurrent neural network
submodule, called LSTM-FCN. This modification was made to enable the
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LSTM-FCN to capture temporal dependencies in sequential data. Elsayed et al.
(2019) proposed another variant of the FCN that replaces the LSTM submodule
with a gated recurrent unit (GRU), called GRU-FCN. The architecture of
GRU is even simpler than LSTM and it can outperform LSTM-FCN in many
time series classification datasets.

Ismail Fawaz et al. (2019) claimed that time series classification task is simi-
lar to computer vision task where the only difference is the dimension of the
data. They also proposed InceptionTime (IT), which is an ensemble of inception
networks each with different initialized weights. The main idea of inception net-
work is to apply various filters to the time series simultaneously which allows
the model to extract relevant features from the series. According to Tang et al.
(2020) the receptive field (RF) size is one of the most important factors to
consider for one-dimensional convolutional neural network (1D-CNN) used in
univariate time series classification. Since the RF size greatly affects the perfor-
mance, several studies have been made on how to choose the right size. Tang
et al. (2020) proposed a model with an omni-scale block for 1D-CNN, called
omni-scale convolutional neural network (OS-CNN) that can automatically set
the RF size. Due to its ability to find an appropriate RF size effectively, a
simple 1D-CNN with an OS-block can achieve great performance across multi-
ple benchmark datasets. More recently, Dempster et al. (2020) introduced
ROCKET (random convolutional kernel transform) as a method for trans-
forming time series using a considerable number of random convolutional
kernels, achieving state-of-the-art accuracy in time series classification. Subse-
quently, Dempster et al. (2020) reformulated ROCKET into a new approach
named MINIROCKET, which can be up to 75 times faster than ROCKET on
larger datasets while maintaining essentially the same level of accuracy. Also,
the time series transformer (TST), introduced by Zerveas et al. (2021), is a
transformer-based framework designed for unsupervised representation learning
of multivariate time series. This framework surpasses the performance of state-
of-the-art supervised methods in tasks related to time series regression and
classification. Despite the evident success of deep learning models in various
fields, they have a few disadvantages. One of the most notable disadvantages of
deep learning models is that they require a large amount of data to train properly.

In this study, we consider a probabilistic model called the hidden Markov
model (HMM), which models a system in which a series of observations are
derived from a series of unobservable hidden states, assumed to be a Markov
process. Several advantages of HMMs exist over the methods discussed above.
The HMM can learn the sequence of hidden states through an observation
sequence and make probabilistic statements about each state through a transi-
tion probability matrix and emission probability matrix. This approach allows a
more thorough understanding of the observation sequence and allows a proba-
bilistic approach to the problem. Moreover, they have strong statistical founda-
tions and are robust to new data. They are easy to train and test on new data
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once the HMM has been initialized (Zucchini et al., 2017). Finally, they have
well-established training algorithms, such as the Baum–Welch algorithm, which
guarantees convergence to a local optimum. Another advantage of the HMM is
that it is not sensitive to the sample size. When examining relatively small data,
various studies, including those by Andersson (2017), and Dofadar et al. (2021),
have consistently reported that HMM approaches exhibit exceptional perfor-
mance. They affirmed that achieving optimal performance does not necessarily
require a large sample size; in certain instances, having as few as 40 or 80 sub-
jects suffices. The disadvantage of the HMM is that it usually has numerous
parameters to learn, which is computationally expensive and time-consuming
(Zucchini et al., 2017).

The HMM is a popular model for time series data and has broad applicabil-
ity in various fields. Dofadar et al. (2021) employed the HMM to forecast con-
firmed cases and deaths from the coronavirus disease 2019 in Bangladesh. The
HMM is also remarkably useful in classification problems. Andersson (2017)
classified whether the DSM has been utilized based on electricity load curves
using HMM-based classification.

The fundamental premise of HMMs is that observation times are discrete and
regular. However, this assumption is frequently impractical in clinical trials and
observational studies where subjects are intermittently observed, and the observa-
tion times are irregular or continuous. In addressing the time-offset issue, Axelrod
and Maison (2004) integrated HMMs with DTW procedures. The combination of
DTW with multibranch HMM models proved successful in reducing the error rate
in large vocabulary speech recognition. Recently, a diverse range of HMMs has
emerged to address the time-offset challenge. Guédon (2003) proposed a hidden
semi-Markov model, incorporating a positive integer random variable to define
state dwell-time and separately modeling the transition probability matrix of the
embedded Markov chain, to allow irregular observation times. Various formula-
tions of continuous-time HMMs have also been presented. These models, known
for their high flexibility, are capable of handling diverse types of time series data,
including those collected regularly, irregularly, or continuously. In a more recent
development, Zhou et al. (2020) introduced a comprehensive framework for
continuous-time HMMs with an unknown number of states and transition pat-
terns, designed to manage longitudinal data collected regularly, irregularly, or con-
tinuously. Their approach included a novel penalized method for estimating the
number of hidden states in HMMs. Additionally, Luo and Stephens (2021) devel-
oped a reversible jump MCMC algorithm for continuous-time HMMs with an
unknown number of states and clusters, implemented within a fully Bayesian
framework. This model is adept at addressing challenges commonly encountered in
latent multistate modeling, particularly irregular visits that vary among individuals.

In this paper, we employ the HMM to classify the electricity load curves of
South Korean households. In addition, we explore in more detail how the num-
ber of hidden states in the HMMs, used to train each class, influences
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classification performance. Traditionally, HMM-based classification employs
the same number of hidden states for each class. For instance, Andersson (2017)
employed identical hidden state numbers for HMM training, irrespective of
whether load curves included a new DSM or not. However, this conventional
approach may lead to suboptimal performance when the actual sets of hidden
states from which the observation sequences originated differ across classes. In
our study, we allowed for varying numbers of hidden states for each class, con-
sidering numerous potential sets. Subsequently, we compared the classification
outcomes between HMMs employing the same number of hidden states for each
class and those with different hidden state numbers. This comparative analysis
enables us to assess the efficacy of employing class-specific hidden state numbers
in enhancing the classification performance of the HMM.

The rest of the paper is organized as follows. Section 2 describes the data
and how we assign classes on load curves for classification. Section 3 details
how the HMM works and how it is trained. Descriptions of the HMM-based
classification and model selection scheme are also provided. In Section 4, we
present the classification results of the HMM models and compare them with
various state-of-the-art models. Additionally, we analyze the load curves by
making several inferences on the fitted HMM model. Section 5 concludes with a
summary of key findings and their policy implications.

2 | DATA DESCRIPTION

Hourly electricity load data (recorded from January to December 2018) of sev-
eral households were provided by the Korea Institute of Energy Technology
Evaluation and Planning. Among these, 59 households of an apartment com-
plex in Seoul, South Korea, were studied in this paper. A survey of these house-
holds was conducted on the number of home appliances a household owns
based on type. The devices were divided into four categories: seasonal, video/
audio, kitchen, and general, labeled A, B, C, and D, respectively, for conve-
nience. Table 1 lists all devices asked about for each category.

TABLE 1 Devices discussed in the survey based on type.

Type Devices included

Seasonal (A) Air conditioner, humidifier, dehumidifier, electric blanket, electric fan

Video/Audio (B) TV, computer monitor, audio device, DVD player

Kitchen (C) Refrigerator, Kimchi refrigerator, electric rice cooker, electric oven

Air fryer, dishwasher, microwave oven, induction range

General (D) Air purifier, washing machine, tumble dryer, air dresser, vacuum cleaner

Wireless vacuum cleaner, computer desktop, printer, boiler

ASIAN ECONOMIC JOURNAL 409
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The total number of devices for each type was converted into binary data,
wherein class 1 denotes that the count is equal to or lower than a particular thresh-
old, and class 2 denotes that the count is higher than the threshold. The threshold
value was selected to divide the distribution as evenly as possible, resulting in four
datasets for each device type with two classes for classification. Table 2 lists the
mapping scheme of the two classes and their counts for each dataset.

Given the 1-year time period under consideration, which would be impractical
to analyze using hourly data, the hourly electricity load data was aggregated into
daily data to facilitate analysis. Figure 1 displays the average aggregated electricity

TABLE 2 Mapping scheme and counts of the classes.

Dataset Class 1 Count Class 2 Count

A ≤ 4 37 > 4 22

B ≤ 1 26 > 1 33

C ≤ 4 27 > 4 32

D ≤ 4 25 > 4 34

F I GURE 1 The average aggregated electricity load curves based on classes across multiple
datasets. [Color figure can be viewed at wileyonlinelibrary.com]
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load curves for 59 households, categorized based on their classes using the mapping
scheme for each dataset described in Table 2. It is evident that the load curve
patterns vary depending on the number and type of devices that the households
own. Of the four datasets, dataset A exhibits the smallest difference in averages
between the two classes, while dataset D shows the largest difference.

3 | METHODS

3.1 | Hidden Markov model

HMM models a system in which a series of observations have come from a
series of hidden states, which is assumed to be a Markov process. By definition,
hidden states in the HMM are unobservable and must be learned from the
observation sequence. We used the following notation by Jurafsky (2000) to
describe an HMM. The observation sequence is defined as O¼ o1,o2,…,oTf g,
and the hidden state sequence is defined as Q¼ q1,q2,…,qTf g. The possible
values of each state are S¼ s1,s2,…,sNf g and the possible symbols per state are
V ¼ v1,v2,…,vMf g. The parameters of HMM are λ¼ A,B,Πf g, where A
denotes the transition probability matrix, B represents the emission probability
matrix, and Π indicates the initial probability distribution. The transition proba-
bility matrix is defined as

A¼ aij
� �

,
XN
j¼1

aij ¼ 1, i, j¼ 1,…,N,

where aij is the probability of moving from state i to state j. The emission proba-
bility matrix is defined as

B¼ bi vkð Þf g, i¼ 1,…,N, k¼ 1,…,M,

where bi vkð Þ¼P ot ¼ vkjqt ¼ sið Þ, which is the probability of observing the sym-
bol vk given that the state at t is si. The initial probability distribution is

Π¼ πif g, i¼ 1,…,N,

where πi indicates the probability that the Markov chain starts in state i
and

PN
i¼1πi ¼ 1.

The HMM can handle both discrete and continuous observation sequences.
In the case of continuous data, the emission probability can assume a normal
distribution. Then, the emission probability becomes bi vkð Þ¼N vk;μi,σ

2
i

� �
and
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the parameters of the HMM become λ¼ A,μ,σ,Πf g. Three tasks must be
accomplished to use the HMM for analysis:

1. Computation of the likelihood of a particular observation sequence, given
the model parameters, P Ojλð Þ, which can be achieved using the forward
algorithm.

2. Decoding, a process of finding the most likely hidden state sequence in which
a given observation sequence might have occurred from, argmax

Q
P QjO,λð Þ.

The Viterbi algorithm is commonly used in this task.
3. Learning, finding the model parameters that best represent a given observa-

tion sequence, argmax
λ

P Ojλð Þ, which can be performed using the Baum-
Welch algorithm.

Forward algorithm

Computation of the likelihood of a particular observation sequence given a
model is crucial for classification using the HMM. Let αt jð Þ be the forward
probability representing the probability of being in state j after the first t obser-
vations given λ,

αt jð Þ¼P o1,…,ot,qt ¼ jjλð Þ:

Then, the value of forward probability, αt jð Þ, is calculated by summing the
probabilities of all possible paths that lead to state j at time t,

αt jð Þ¼
XN
i¼1

at�1 jð Þaijbj otð Þ,

where at�1 jð Þ denotes the forward probability from the previous time step, aij
indicates the probability of moving from state i to state j, and bj vkð Þ represents
the emission probability of vk given the current state j. The forward algorithm
described in Algorithm 1 calculates the forward probabilities recursively and
eventually obtains the likelihood of a particular observation sequence given the
model parameters (Jurafsky, 2000).

Viterbi algorithm

The Viterbi algorithm is used to find the most likely sequence of hidden states
where the observation sequence has come from. Let vt jð Þ be the Viterbi proba-
bility which is the probability that HMM is in state j after seeing the first

412 LEE and HWANG
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t observations and passing through the most likely hidden state sequence
q1,…,qt�1ð Þ given the parameters, λ. We can then express the Viterbi probability as

vt jð Þ¼ max
q1,…,qt�1

P o1,…,ot,q1,…,qt�1,qt ¼ jjλð Þ:

If we already computed the probability of being in every state at time t�1,
we can compute the Viterbi probability by taking the most probable path that
leads to the current state at time t.

vt jð Þ¼ max
i¼1,…,N

vt�1 ið Þaijbj otð Þ:

Algorithm 2 shows the formal structure of Viterbi algorithm. In order to
trace the optimal sequence of hidden states, we need to keep track of the paths
of hidden states that led to each state. We do this by storing the argument that
maximizes vt�1 ið Þaijbj otð Þ on ψ . P� is the final probability obtained by the
Viterbi algorithm and Q� ¼ q�1,…,q�T

� �
is the predicted sequence of hidden states

(Zucchini et al., 2017).

Baum-Welch algorithm

In many cases, we must estimate the parameters of the HMM based on an
observation sequence. The Baum–Welch algorithm is a particular case of

ALGORITHM 1 Forward algorithm

1. Initialization

α1 jð Þ¼ πjbj vkð Þ, 1 ≤ j ≤N

2. Recursion

αt jð Þ¼
XN
i¼1

at�1 jð Þaijbj vkð Þ, 1 ≤ j ≤N, 2 ≤ t ≤T

3. Result

P Ojλð Þ¼
XN
i¼1

aT ið Þ

ASIAN ECONOMIC JOURNAL 413
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an iterative algorithm called the expectation–maximization (EM) algorithm
(Jurafsky, 2000), which computes initial estimates for the transition and emis-
sion probabilities and uses them to derive better estimates iteratively.

Backward probability is introduced to estimate transition probabilities,
A, emission probabilities, B, and initial probability distribution, Π. Backward
probability, βt ið Þ is the probability of observations from time tþ1 to T , given
that the state is i at time t with a model whose parameters are λ¼ A,B,Πð Þ,

βt ið Þ¼P otþ1,otþ2,…,oT jqt ¼ i,λð Þ:

It is calculated recursively in a manner similar to the forward algorithm.
The transition probabilities, A, are estimated as follows:

baij ¼ expected frequency of transitions from state i to state j
expected frequency of transitions from state i

¼
PT�1

t¼1 ξt i, jð ÞPT�1
t¼1

PN
k¼1ξt i,kð Þ ,

ALGORITHM 2 Viterbi algorithm

1. Initialization

v1 jð Þ¼ πjbj o1ð Þ, 1 ≤ j ≤N
ψ1 jð Þ¼ 0:

2. Recursion

vt jð Þ¼ max
i¼1,…,N

vt�1 ið Þaijbj otð Þ, 1 ≤ j ≤N, 2 ≤ t ≤T

ψ t jð Þ¼ argmax
i¼1,…,N

vt�1 ið Þaijbj otð Þ, 1 ≤ j ≤N, 2 ≤ t ≤T :

3. Termination

P� ¼ max
i¼1,…,N

vT ið Þ,
q�T ¼ argmax

i¼1,…,N
vT ið Þ:

4. Result (Backtracing)

q�t ¼ψ tþ1 q�tþ1

� �
, t¼T�1,T�2,…,1:
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where ξt i, jð Þ denotes the probability of being in state i at time t and state j at
time tþ1, given the observation sequence and model parameters:

ξt i, jð Þ¼P qt ¼ i,qtþ1 ¼ jjO,λ
� �

¼P qt ¼ i,qtþ1 ¼ j,Ojλ� �
P Ojλð Þ

¼ αt jð Þaijbj otþ1ð Þβtþ1 jð ÞPN
j¼1αt jð Þβt jð Þ

:

The estimates for emission probabilities B are computed as follows:

bbj vkð Þ¼ expected frequency of being in state j and observing vk
expected frequency of being in state j

¼
P

t:ot¼vkf gγt jð ÞPT
t¼1γt jð Þ

,

where γt jð Þ denotes the probability of being in state j at time t,

γt jð Þ¼P qt ¼ jjO,λð Þ
¼P qt ¼ j,Ojλð Þ

P Ojλð Þ
¼ αt jð Þβt jð Þ

P Ojλð Þ :

Last, the initial probability distribution is estimated as

bπi ¼ γ1 ið Þ,

where γ1 ið Þ is the expected frequency of being in state i at time t¼ 1.
With the above calculations, we can now reestimate λ¼ A,B,Πð Þ with their

previous estimations. The Baum-Welch algorithm based on the EM algorithm is
described in Algorithm 3.

3.2 | HMM-based classification

Classification of time series using HMM involves training the parameters of the
HMM and computing the likelihood of a given observation sequence (Zucchini
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et al., 2017). First, separate HMMs are trained for each class of a dataset using
the Baum-Welch algorithm:

λc ¼ Ac,Bc,Πcð Þ, c¼ 1,…,C,

where C denotes the number of classes. Then, we compute the likelihood of an
observation sequence with each model using the forward algorithm:

P Ojλcð Þ, c¼ 1,…,C:

Finally, the observation sequence is classified into a class of the model that
provided the highest likelihood:

k¼ argmax
c

P Ojλcð Þ:

The HMMs in this study were implemented using the Python package
hmmlearn (Lebedev, 2016).

ALGORITHM 3 Baum-Welch algorithm

1. Initialization

Initial λ¼ A,B,Πð Þ
2. Iteration

Expectation step

Compute γt jð Þ and ξt i, jð Þ with A,B,Πð Þ

Maximization step

Compute baij , bbj vkð Þ,and bπj with γt jð Þ and ξt i, jð Þ

Update

A,B,Πð Þ¼ bA,bB, bΠ� �

3. Result

Converged λ¼ A,B,Πð Þ
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3.3 | Model selection

One of the critical hyperparameters of the HMM is the number of hidden
states specified before learning the parameters λ¼ A,B,Πð Þ. Commonly used
model selection criteria such as the AIC and BIC, are used to select the opti-
mal number of hidden states for forecasting using the HMM (Dofadar
et al., 2021). For classification, a grid search can be used to determine the
optimal number of hidden states that maximizes the classification metrics.
The maximum number of hidden states need not be high because such models
are difficult to interpret, and many limit the number to a single digit
(Andersson, 2017). In this study, we consider the number of possible hidden
states N in the range of two to nine. The optimal number of hidden states of
the HMM was chosen via grid search that maximizes the classification
performance.

Generally, HMM-based classification assigns HMMs with the same number
of hidden states to each class to train with. For example, Andersson (2017) used
the same number of hidden states of the HMM to train the load curves with and
without new DSM. However, if the actual sets of hidden states from which the
observation sequences have originated are different for each class, this method
could yield poor results. In this study, we investigate the effectiveness of using a
class-specific number of hidden states by training the HMM with different
numbers of hidden states for each class. This approach enables the HMM to
capture information that is specific to each class, thus improving classification
performance. To find the optimal number of hidden states for each class, we
consider all possible combinations in the range of two to nine and select the set
N1,…,NCð Þ that yields the best classification performance using grid search.
This model is referred to as HMM* in Section 4 to differentiate it from the
standard HMM.

3.4 | Evaluation metrics

We evaluate the classification performance of our models by considering both
accuracy and weighted F1 score as evaluation metrics. For binary classification
problems, a confusion matrix can be used to evaluate the performance of a clas-
sifier. If we define class 1 as the negative class and class 2 as the positive class,
then the true positive (TP) represents the number of samples correctly predicted
as positive, false positive (FP) is the number of samples incorrectly predicted as
positive, true negative (TN) is the number of samples correctly predicted as neg-
ative, and false negative (FN) is the number of samples incorrectly predicted as
negative. We can calculate accuracy as
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Accuracy¼ TPþTN
TPþFPþTNþFN

,

and the F1 score as

F1 score¼ TP
TPþ 1

2 FPþFNð Þ :

The weighted F1 score is calculated as the weighted average of the F1 scores
for each class, where the weights are determined by the relative frequency of
each class in the dataset. The weighted F1 score is considered an ideal metric for
imbalanced datasets since it incorporates the support of each class.

4 | DATA ANALYSIS

In this section, we have classified the load curves based on the device types
described in Section 2. To accomplish HMM-based classification, we have uti-
lized two models: standard HMM, which has been trained with the same num-
ber of hidden states for each class, and HMM*, which has been trained with
different numbers of hidden states for each class. We compared the classification
performance of HMM-based classification with various state-of-the-art models.
For the distance-based method, we employed KNN algorithm with DTW met-
ric. For feature-based method, we used BOSSVS, and bag-of-features approach
(TSBF) which were implemented by the python package pyts (Faouzi &
Janati, 2020). For deep learning models, we used the FCN and its variants using
LSTM-FCN and GRU-FCN, IT, and OS-CNN which were implemented
using PyTorch (Paszke et al., 2019), as well as more recent methods, MIN-
IROCKET and TST. Furthermore, we provide inferences made on the fitted
HMM model to obtain deeper insights into the load curves.

4.1 | Classification

We first demonstrate how HMM-based classification classifies an observation
sequence to its class based on the likelihood computation. In this study, we com-
puted the log of likelihood as follows:

LLc ¼ log P Ojλcð Þ½ �, c¼ 1,2,
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where c indicates the class. We computed the log-likelihood values for each
observation sequence of a household in a given test set, using models that were
trained on class 1 and class 2, respectively. We subsequently assigned the house-
hold to the class with the larger likelihood value. Table 3 presents the classifica-
tion result of the second fold of the 8-fold cross-validation for dataset A using
HMM. The number of hidden states was three, and it achieved an accuracy of
0.750 and weighted F1 score of 0.750.

We further show how HMM* was trained with three hidden states for class
1 and two hidden states for class 2 performed the classification. Table 4 presents
the classification result of HMM* which indicates the classes were correctly
predicted for all households in the dataset. It is evident that enabling the model

TABLE 3 Classification of dataset A by HMM (with the same number of hidden states for each
class).

Household ID True LL1 LL2 Predicted

0 2 �1026.29 �1036.01 1

7 1 �928.45 �1034.96 1

18 1 �1077.24 �1126.43 1

21 1 �844.00 �861.48 1

22 1 �1093.37 �1142.65 1

24 2 �842.89 �827.93 2

33 1 �903.89 �905.11 1

35 1 �850.87 �843.92 2

Note: The larger log-likelihood for each household is in bold.

TABLE 4 Classification of dataset A by HMM* (with different numbers of hidden states for
each class).

Household ID True LL1 LL2 Predicted

0 2 �1026.29 �1010.02 2

7 1 �928.45 �1038.98 1

18 1 �1077.24 �1157.01 1

21 1 �844.00 �892.70 1

22 1 �1093.37 �1261.15 1

24 2 �842.89 �827.83 2

33 1 �903.89 �918.07 1

35 1 �850.87 �871.05 1

Note: The larger log-likelihood for each household is in bold.
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to train using a different number of hidden states for class 2 has led to an
improvement in the classification result.

Table 5 shows the average values of the weighted F1 scores and accuracies,
respectively obtained by the models through the eight-fold cross-validation. The
results demonstrate that the HMM models outperformed other competing
models across all datasets in terms of both weighted F1 score and accuracy.
Although the distance-based model (KNN) and feature-based model (BOSSVS)
showed relatively good results compared to other models, they still did not per-
form as well as the HMM models. In addition, the HMM* achieved even better
results than the HMM, indicating that using class-specific number of hidden
states can improve the classification performance of the HMM.

Considering that the datasets examined in this study have small sample sizes,
it is evident that the HMM is able to achieve better performance on the classifi-
cation of time series datasets with small sample sizes. This elucidates the rela-
tively poorer results achieved by many deep learning models, as these models
are recognized for their need for larger sample sizes to facilitate effective train-
ing. It is noteworthy that some models exhibited fluctuating rankings depending
on the evaluation metric employed, either weighted F1 score or accuracy, while
the HMM models sustained consistent rankings across both metrics. Given that
some of the test sets were imbalanced, this implies that HMM-based classifica-
tion is more robust to class imbalance than other competing models.

4.2 | Inference

A notable advantage of employing HMM-based classification lies in the ability
to perform inferences on the models that are trained for each individual class of
the time series. Table 6 shows the parameter estimates of the Gaussian HMM
trained on dataset A (seasonal devices) with three hidden states for both classes.
We intentionally chose to make inferences on the HMM, because we found that,
although the classification performance was superior with two hidden states for

TABLE 6 Parameters of the Gaussian HMMs trained on each class of dataset A.

Model State Mean SD

Class 1 1 5.171 1.680

2 8.507 2.460

3 10.973 7.590

Class 2 1 5.143 1.296

2 8.109 2.426

3 12.192 6.161
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class 2 based on the HMM* result, it was deemed more straightforward to inter-
pret by maintaining consistency in the number of hidden states between the two
classes.

The hidden states in HMM are intrinsically unobservable, and their actual
meaning is often open to the researcher’s discretion for interpretation, relying
on the observed data and model parameters (Zucchini et al., 2017). Since we
assume that there are three states where the load curves were theoretically gener-
ated, it may be appropriate to interpret the states as periods of low, medium,
and high energy demand by a household.

Table 6 represents that the estimated means of states 1 and 2 for the HMM
model trained on class 1 are larger than those for the model trained on class
2, while the mean of state 3 is larger for the model trained on class 2 than the
one trained on class 1. This implies that households with fewer electronic devices
tend to have higher energy demands on average during periods of low and
medium energy demand, while those with more electronic devices tend to have
higher energy demands on average during periods of high energy demand. The
large standard deviations of state 3 for both classes indicate significant variabil-
ity in energy demand during periods of high demand, irrespective of the number
of electronic devices in a household.

Figure 2 illustrates the transition probability matrices of the models trained
on each class. Both matrices indicate that there are relatively few transitions
between states. However, the model trained in class 2 tends to move more fre-
quently from state 1 to state 3 and from state 2 to state 3 than the model trained
in class 1. This is consistent with our expectations, as households with many
electronic devices are more likely to move from periods of low or moderate

F I GURE 2 Transition probability matrices of the HMMs trained on each class of dataset A.
[Color figure can be viewed at wileyonlinelibrary.com]
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energy demand to periods of high energy demand compared to those with fewer
electronic devices.

Figure 3 displays time series plots of sample households from both classes of
dataset A, with the means of the most likely states predicted by the Viterbi algo-
rithm plotted alongside. The plots clearly illustrate that the household from
class 1 spends more time in state 1, which is a period of low energy demand,
while the household from class 2 spends more time in state 2, which is a period
of medium energy demand. This result makes sense since households with fewer
electronic devices are expected to have less energy demand and thus spend more

F I GURE 3 Time series plots of samples from each class of dataset A with the means of the
most likely states. [Color figure can be viewed at wileyonlinelibrary.com]

F I GURE 4 Proportions of the most likely states of dataset A for each class. [Color figure can
be viewed at wileyonlinelibrary.com]
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time in low energy states, whereas households with many electronic devices tend
to have more energy demand and spend more time in medium energy states.
Furthermore, both households show a tendency to stay in state 3, which is a
period of high energy demand throughout the summer season.

The proportions of the most likely states predicted by the Viterbi algorithm
for each class of dataset A are presented in Figure 4. The figure shows that the
proportion of state 1 is higher in class 1 than in class 2, while the proportion of
state 2 is higher in class 2 than in class 1. Both classes have comparable propor-
tions of state 3, although class 1 has a slightly higher proportion. These findings
are consistent with the interpretation of the three states as denoting periods of
low, medium, and high energy demand, because households with few electronic
devices are more likely to have longer periods of low energy demand, while
households with many electronic devices are more likely to have longer periods
of medium energy demand. In terms of economic policy, policymakers can pro-
mote energy efficiency programs and provide subsidies to households with few

F I GURE 5 Proportions of the most likely states of dataset A for each class based on four
seasons. [Color figure can be viewed at wileyonlinelibrary.com]
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electronic devices to maintain their low energy consumption, while encouraging
the use of smart home systems and offering incentives for energy-efficient
upgrades to reduce medium energy demand in households with many electronic
devices.

Figure 5 provides additional insights into the energy demand patterns by
showing the proportions of the states based on seasons. In general, the seasonal
proportions are consistent with those in Figure 4, with two notable exceptions:
summer and autumn. During summer, the proportions of state 3 increased for
both classes, but the increase was more pronounced for class 2, which has signif-
icantly larger proportions of state 3 than class 1. This implies that the energy
demand escalates substantially for both classes during the summer season, but
the rise is even more pronounced for households with a larger number of elec-
tronic devices. In autumn, the proportion of state 1 increased dramatically for
both classes, while the proportion of state 3 decreased. The decrease of state
3 was more pronounced for class 2, suggesting that the energy demand is signifi-
cantly lower in autumn for both classes compared to other seasons, particularly
for households with many electronic devices. These findings provide valuable
insights for developing economic policies and energy management strategies
that account for seasonal variations in energy demand. By tailoring policies to
address the specific needs and behaviors observed in different seasons,
policymakers can enhance energy efficiency, ensure grid stability, and promote
sustainable energy use.

5 | CONCLUDING REMARKS

Understanding energy demand patterns in the residential sector is crucial for
optimizing energy supply and consumption, which has significant implications
for economic policy and resource management. To make a contribution to this
endeavor, we conducted load curve classification to gain insight into the energy
demand behavior of households residing in an apartment complex located in
South Korea. Our approach involved labeling load curves for each household
based on home appliance types and their counts. We employed an HMM-based
classification and investigated the effect of class-specific hidden state numbers
on the classification performance of the HMM. To evaluate the performance of
HMM-based classification, we compared it to various state-of-the-art time series
classification models, including distance-based, feature-based, and deep learning
methods.

Our results demonstrate that the HMM models consistently outperformed
other competing models across all datasets. Notably, HMM* with class-specific
numbers of hidden states achieved better performance than HMM with the
same number of hidden states for each class. This suggests that allowing differ-
ent numbers of hidden states for each class can improve the classification
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performance of the HMM. Additionally, our findings indicate that the HMM
models can effectively handle small or imbalanced datasets, as evidenced by
high scores on evaluation metrics such as weighted F1 score and accuracy.

To obtain deeper insights into the load curves, we performed inference on
the fitted HMM. As an illustrative case, we employed the HMM trained with
three hidden states for both classes on dataset A. The states were interpreted as
denoting periods of low, medium, and high energy demand. We ascertained that
this interpretation was in line with the parameters of the fitted HMM. Our anal-
ysis revealed that households with fewer electronic devices tend to have longer
periods of low energy demand, while households with more electronic devices
have longer periods of medium energy demand. These findings suggest several
economic and policy implications for managing residential energy demand.
Targeted energy efficiency programs can focus on households with few elec-
tronic devices by promoting the adoption of energy-efficient appliances through
subsidies, maintaining their low consumption levels. For households with many
devices, policies could encourage the use of smart home systems and offer incen-
tives for upgrading to energy-efficient appliances to reduce medium demand
periods. DSM strategies, such as dynamic pricing, can help shift energy use to
lower demand periods. Infrastructure planning should account for the higher
loads from households with many devices, ensuring grid stability and integrating
renewable energy sources to match high demand periods. Economic incentives
like appliance rebates and smart home technology adoption can further aid in
managing energy consumption efficiently, promoting overall energy savings and
sustainability.

We also noted that both groups demonstrated a rise in the proportion of
medium and high energy demand periods during the summer season while hav-
ing a larger proportion of low energy demand periods during autumn. These
results indicate that seasonal energy pricing policies, such as implementing
higher tariffs during peak summer months to reduce high energy demand and
offering autumn discounts to balance grid load, can manage seasonal fluctua-
tions. Energy efficiency incentives like rebates for energy-efficient cooling sys-
tems in summer and upgrades during the lower demand in autumn can enhance
overall efficiency. Additionally, integrating renewable energy sources, such as
supporting solar panel installations in summer and wind energy generation in
autumn, can help meet seasonal energy demands sustainably.

Although the current datasets used in the analysis showed promising results
in classifying load curves using HMM-based classification, more extensive
datasets should be considered in future work to assess the performance of this
method more thoroughly. In addition, various variants of the HMM have been
successful in modeling load curves, including hierarchical HMM and factorial
HMM, which can handle data of multiple levels. Since the survey conducted for
this study also provides information regarding the size of each residence, it may
be more appropriate to model the load curves using methods that can
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accommodate multiple levels, particularly because larger houses tend to exhibit
higher energy consumption. In future work, we plan to utilize these HMM vari-
ants to gain further insight into the energy demand behavior of the households
from the perspective of economic policy and energy management.
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