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Abstract. The COVID-19 pandemic has spread throughout the world. Most coun-

tries experienced the pandemic in multiple-waves. The Richards model predicts when
a pandemic will peak and end in a particular area. However, this model can only be

used in the single-wave case. The research aims to identify a changepoint detection

method capable of delineating pandemic wave boundaries, thus enabling the resolution
of multiple-wave cases using the Richards model. This article uses two methods to de-

tect changepoints: the Pruned Exact Linear Time (PELT) and the interpolation method.

PELT method determines the changepoint based on changes in the statistical properties
of the sequence of observations which can be in the form of differences in the mean

or variance of each set of observations. In contrast, the linear interpolation method
determines the changepoint based on the slope of a data pattern. The two methods com-

plement each other, where the interpolation method is used to determine whether the

pandemic is still in a single wave or has multiple-waves, followed by determining wave
boundaries using the PELT method. Richards model parameter estimation is carried out

after the wave boundaries are obtained, and initial data is taken from the last wave using

the PELT method. The prediction results show the peak of the pandemic in a particular
region and when it will end, which can be used to inform medium-term strategies for

the government to overcome the ongoing pandemic. This information helps prevent a

resurgence of infections, which would negatively affect the COVID-19 mortality rate and
the area’s economic situation.
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1. Introduction

The COVID-19 pandemic has become a global challenge that has seriously affected

the lives of people around the world. However, in dealing with a pandemic, it is

essential to predict when the pandemic will peak and end in a particular area,

especially because many countries face the pandemic in multiple-waves. Although
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many epidemiological models have been developed, most can only predict single-

wave pandemics, including the Richards curve model. Therefore, the problem of

this research is adapting these models to handle a multiple-wave pandemic.

A multiple-wave pandemic refers to a situation where an infectious disease, such

as COVID-19, spreads and causes repeated waves of infection in the population of

a region or country. Each wave of infection usually occurs after a decline in new

cases, followed by a rebound in the number of new cases over a certain period. In

the context of the COVID-19 pandemic, a multiple-wave pandemic can occur due

to several factors, including changes in people’s behavior, more contagious virus

variants, and government policies regarding disease control. Therefore, it is essen-

tial to identify and understand these wave patterns to take appropriate action to

overcome the pandemic.

COVID-19 is caused by SARS-CoV-2, leading to severe acute respiratory syn-

drome. COVID-19 has the potential to cause a variety of respiratory issues, ranging

from mild symptoms similar to the flu to more severe lung infections such as pneu-

monia. The initial occurrence of this disease was identified in the Chinese metropolis

of Wuhan in late December 2019. The COVID-19 rapidly disseminated among in-

dividuals, resulting in infections in numerous countries, including Indonesia, within

a few months.

The first case of COVID-19 in Indonesia was detected in Jakarta in early March

2020 until it spread to all parts of Indonesia in mid-2020. Various studies were

carried out in order to reduce the rate of spread of COVID-19 such as that of

[1] which provides a new approach to estimate the arrival date of an infectious

disease based on a small sample that can be applied to many epidemiological situa-

tions. The purpose of conducting a COVID-19 study was to monitor the individuals

exposed and reduce the overall risk to the community [2]. In South Africa, preven-

tive behavior has evolved. The most frequently utilized preventative strategy is the

wearing of masks, which has surpassed handwashing [3]. It is the same with the

Netherlands implementing lockdown rules in their country [4]. The government of

Indonesia has taken stricter measures, such as physical isolation, home education,

and emergency local movement restrictions, to contain the coronavirus outbreak in

various regions. This is happening at the same time. Several control measures have

been introduced, including strict limits (PKM emergency).

The epidemic model has evolved from the simplest model, namely

Susceptible-Infected (SI), Susceptible-Infected-Susceptible (SIS), Susceptible-

Infected-Recovered (SIR) [5]. In predicting cases of the COVID-19 pandemic that hit

all countries globally, this paper uses the Richards curve model. These two models

have been used to describe previous epidemics, including SARS, HIV, and other

diseases [6,7,8], and real-time estimates of influenza pandemics [9]. COVID-19 cases

are also modeled in different countries, either those that have undergone a single or

multiple pandemic wave [10,11]. The obstacle faced by several countries, including

Indonesia, is the occurrence of a multi wave pandemic which has caused a surge in

positive cases to increase. So that in predicting when the COVID-19 case will end

in an area, it is necessary to detect changepoints to determine the starting point

for data collection in the last wave. Research has been conducted by [12,13,14] on
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time series data with multiple changepoints.

This research aims to develop a changepoint detection method that can iden-

tify the boundaries of each wave of the COVID-19 pandemic, thereby enabling

epidemiological models such as the Richards curve model to predict the develop-

ment of the pandemic over a more extended period.

This study used two changepoint detection methods: the Pruned Exact Linear

Time (PELT) and interpolation for areas experiencing multiple-wave epidemics. We

have previously carried out similar research using the binary segmentation method,

which was compared with the PELT method [15,16,17,18]. The results obtained

by the PELT method are more accurate than the binary segmentation method.

We continued this research by adding an interpolation method before applying the

PELT method in the multiple-wave case. As an application, data is used from several

provinces in Indonesia which are experiencing a multiple-wave epidemic. The best

method is then used to determine initial data that will be used to predict when the

COVID-19 pandemic will end in several provinces in Indonesia using the Richards

curve model.

Most Indonesian provinces were afflicted with the COVID-19 pandemic until the

start of 2022. The application of the Richards curve model is limited to forecasting a

singular wave of a pandemic. A multi wave pandemic requires the use of changepoint

detection to identify the boundaries of each wave. The final wave derived from

the changepoint detection approach will be utilized to generate forecasts using the

Richards curve model.

We use the PELT approach as our initial changepoint detection technique. The

PELT method is an estimation technique that identifies the precise point at which

the statistical characteristics of a sequence of observations change. To use the PELT

approach effectively, it is crucial that the changepoint does not exhibit an outlier and

that the magnitude of the data change does not consistently grow since this would

yield more precise detection outcomes. The difficulty in conducting multiple change-

point detections is in determining the ideal number and position of changepoints,

as the number of potential solutions grows exponentially with the quantity of the

data. By contrast, the second approach uses linear interpolation. The interpolation

approach solely necessitates the slope of a data pattern, with a fractional amount

of this slope being incrementally incorporated for each interpolation point between

two neighboring points. Hence, the algorithm requires minimal operations and can

interpolate uniform and non-uniform sample data. This is achieved through the uti-

lization of addition operations, with the only requirement being the satisfaction of

the coordinates (xi+1, yi+1). Identifying interpolation points gets increasingly chal-

lenging when dealing with noisy data points. Consequently, filters are employed to

eliminate noise and identify those locations effectively.

The fundamental difference between the two methods we use is that the PELT

method determines the changepoint based on changes in the statistical properties

of the sequence of observations which can be in the form of differences in the mean

or variance of each set of observations. In contrast, the linear interpolation method

determines the changepoint based on the slope of a data pattern. The PELT method

and linear interpolation were chosen because both have advantages. PELT can ef-
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ficiently detect statistical changes in time series data, while linear interpolation is

suitable for dealing with non-uniform data. The leading indicators to compare these

two methods are the accuracy in detecting changepoints and data processing speed.

The results of this research are expected to provide a better understanding of

the dynamics of the COVID-19 pandemic and provide an effective tool for decision-

makers to plan appropriate mitigation measures. It is hoped that this will reduce

the negative impact of the pandemic on society and the economy. This research also

contributes to using changepoint detection methods in the Richards curve model.

2. Matherials and Methods

2.1. Data

This research uses COVID-19 data in Indonesia, sourced from

https://covid19.go.id/peta-sebaran. This website presents data on confirmed cases

of COVID-19 every day from all provinces in Indonesia. The data used starts with

detecting the first case of COVID-19 in each province on the island of Java until

July 31, 2021. The reason for choosing provinces on the island of Java is because

they have experienced multiple-waves of the pandemic. The provinces include West

Java, DKI Jakarta, Central Java, East Java, Banten, and DI Yogyakarta.

2.2. Methods

Changepoint analysis is the discovery of places within a data collection where the

statistical features change. Suppose that we have an ordered series of data, y1:n =

(y1, y2, · · · , yn). Our model will include a number of changepoints, m, as well as their

locations, τ1:m = (τ1, τ2, · · · , τm). An often employed method to detect numerous

changepoints is to minimize:

m+1∑
i=1

[C(y(τi−1+1):τi)] + βf(m), (2.1)

where C is a cost function for a segment, while βf(m) is a penalty against overfitting.

Both of these functions are used in this context. In the literature on changepoints, a

cost function that is frequently utilized is known as twice the negative log-likelihood

[19]. The PELT method algorithm is also used by [20]. Steps for the PELT method:

(1) Initialization: Start with the observed time series data and determine the start-

ing point.

(2) Segmentation: Dividing data into segments that may contain points of change.

(3) Statistical Calculations: Calculates relevant statistics for each segment, such as

deviation or variation.

(4) Pruning: Uses a pruning algorithm to remove segments unlikely to contain

changepoints based on specific criteria, such as low deviation.

(5) Identify change points: Determine change points by comparing statistics in each

remaining segment.

The second method used is the interpolation method. To recognize turning lo-

cations, we first establish the slopes, Si, between neighboring interpolation points.
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These slopes are then utilized to assess whether or not there is a turning point.

We use two criteria in this case. The first criteria determines if the slopes change

sign in such a way that a local/absolute minimum or maxima occurs. However,

this requirement alone is insufficient to catch all turning points, thus there may be

curvatures on times when neighboring slopes do not change sign, such as during S3.

As a result, a second condition is necessary to ensure that these turning locations

are properly recognized even when the slopes do not change sign.

As with any other approach, detecting interpolation points becomes more diffi-

cult under noisy settings. As a result, filters were used to crudely eliminate noise

artifacts and detect these spots, as previously described [21]. Once these sites are

identified, turning point criteria concentrate on decreasing random mistakes caused

by the interpolation process. The method uses linear interpolation to boost com-

puting efficiency when turning point identification is unavailable.

Condition 1 → Si−1 > 0 and Si < 0, Si−1 < 0 and Si > 0, (2.2)

Condition 2 → 3

4
|Si−1| > |Si|,

3

4
|Si| > |Si−1|. (2.3)

Steps for interpolation method:

(1) Data preparation: Prepare time series data to be interpolated.

(2) Mathematical modeling: Choose an appropriate mathematical model to de-

scribe the data pattern, such as a linear or polynomial model.

(3) Coefficient calculation: Calculate the coefficients of the mathematical model

used for interpolation.

(4) Interpolation: Using a mathematical model and previously calculated coeffi-

cients to estimate values between available data points.

2.3. Prediction Models

The Richards model is usually solved numerically because proving the analytical

solution of the Richards model involves several complex mathematical steps. [22]

states that the Richards model is a more comprehensive and detailed variant of

the logistic growth model. Within the framework of the logistic growth model, the

differential equation is

D′(t) = rD(t)

[
1− D(t)

N

]
. (2.4)

The analytical solution of the equation (2.4) is the logistic growth model equation,

namely:

D(t) =
N

1 + be−rt
, (2.5)

where b is a constant value that depends on the initial conditions, the equation (2.5)

is obtained through the following steps.

dD(t)

dt
=
rD(t)(N −D(t))

N
,

N

D(t)(N −D(t))
dD(t) = rdt.
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Both sections are integrated:∫
N

D(t)(N −D(t))
dD(t) =

∫
rdt, (2.6)

by using partial fraction decomposition, it is obtained then the equation (2.6) be-

comes:

N

D(t)(N −D(t))
=

1

D(t)
+

1

N −D(t)
,

then the equation (2.6) becomes:

∫ (
1

D(t)
+

1

N −D(t)

)
dD(t) =

∫
rdt,

ln |D(t)| − ln |N −D(t)| = rt+B,

ln

∣∣∣∣ D(t)

N −D(t)

∣∣∣∣ = rt+B,

e
ln

∣∣∣∣∣∣
D(t)

N −D(t)

∣∣∣∣∣∣
= ert+B ,

D(t)

N −D(t)
= erteB .

It is defined that eB = B, which is a constant, then we obtain:

D(t)

N −D(t)
= Bert. (2.7)

The equation (2.7) can be changed to:

D(t) = Bert(N −D(t)),

D(t) = NBert −D(t)Bert,

D(t) +D(t)Bert = NBert,

D(t)
(
1 +Bert

)
= NBert,

D(t) =
NBert

1 +Bert
. (2.8)

If t = 0 in the equation (2.7), then we get:

D(0)

N −D(0)
= Ber(0),

B =
D(0)

N −D(0)
. (2.9)
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Substitute the equation (2.9) into the equation (2.8), thus obtaining:

D(t) =

N

(
D(0)

N −D(0)

)
ert

1 +

(
D(0)

N −D(0)

)
ert

,

=
ND(0)ert

(N −D(0)) +D(0)ert
,

=
Nert(

N −D(0)

D(0)

)
+ ert

,

=
Nert

b+ ert
,

D(t) =
N

1 + be−rt
,

with basic knowledge of limits, it can be seen that any constant b is lim
t→∞

D(t) = N ,

as long as N and b are positive. In other words, as long as the total number of

epidemic cases and the constant are positive, whatever the population size is at

t = 0, the population will reach its maximum number as time passes. Thus, the

total number of epidemic cases N can be considered the equilibrium value for the

logistic model.

This is an addition to the logistic growth model called the Richards model.

It adds a new parameter called a to measure how far the curve is from being

symmetrical [23]. The differential equation governing the Richards model is:

D′(t) = rD(t)

[
1−

(
D(t)

N

)a]
. (2.10)

The Richards model has an analytical solution, which may be found in [8].

D(t) =
N

[1 + e−r(t−tm)]1/a
, tm = ti +

ln a

r
, (2.11)

where N represents the total number of cases in the epidemic, r represents the

rate at which the infected population is growing, a represents the exponent that

measures the deviation from the typical logistic curve, t represents time, and ti
represents the inflection point.

The final step was to test the validity of the estimation results using Mean Abso-

lute Percentage Error (MAPE). MAPE calculates the average percentage difference

between observed values and predicted values. This is very useful for assessing the

accuracy of predictions relative to the magnitude of actual values. The MAPE value

can be calculated using equation (2.12).

MAPE =
1

n

n∑
i=1

∣∣∣∣yi − ŷiyi

∣∣∣∣× 100%. (2.12)
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3. Results

The initial step that needs to be taken is to determine the number of confirmed

cases of COVID-19 in each province selected as a sample. The aim of doing this is

to identify the number of pandemic waves that occurred in each province. Figure 1

presents a data plot for each province based on time. The blue curve represents the

actual data, the red curve represents the interpolation method applied to the data,

and the black line represents the changepoint boundary created based on the PELT

method. In addition, the initial data used to make predictions regarding the final

wave can be observed in Figure 1.

Table 1. Changepoint results from the PELT method.

Province Final wave limit Date

West Java 463 June 15, 2021

DKI Jakarta 472 June 16, 2021

Central Java 457 June 12, 2021

East Java 471 June 30, 2021

Banten 490 July 11, 2021

DI Yogyakarta 476 July 16, 2021

Figure 1 shows that of the six provinces sampled; only Central Java has not

shown a decrease in cases in the second wave. From the Figure 1, it is found that the

interpolation method is only effective for determining the number of pandemic waves

that occur in each province. On the other hand, the PELT approach indicates the

number of pandemic waves that have occurred and establishes an initial threshold

for data gathering, which may be utilized to forecast the timing of the pandemic’s

peak and end.

Table 2. Results of Richards model parameter estimates.

Province N r a tm
West Java 403,900 0.0632 0.2449 9.58

DKI Jakarta 395,200 0.1077 0.5657 17.85

Central Java 283,500 0.0512 0.3488 19.14

East Java 179,200 0.1043 0.1916 4.41

Banten 60,670 0.1881 0.2126 0.20

DI Yogyakarta 48,500 0.1529 0.3196 2.59

As depicted in Figure 2, most provinces experienced the highest pandemic point

in July 2021. The non-linear approach was used to estimate parameters for the six

areas modeled using the Richards curve, as shown in Table 2. As seen in Figure 1, the

initial assumptions were obtained from the data on COVID-19 instances reported

in the provinces. The initial assumption value is determined using different data for

each province, ranging from the initial limit specified in Table 1 until July 31, 2021.

We utilized the non-linear least squares method to estimate the parameters using
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Figure. 1. Comparison of changepoints with the PELT method and interpolation method.

the initial parameters. Once the parameters of each model are obtained, forecasts

are generated for each province. The forecast outcomes utilizing the Richards curve

are displayed in Figure 2.
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Figure. 2. Prediction results with Richard’s curve compared to data up to October 31, 2021.

The Richards curve parameters were estimated in Table 2 to determine the end

of the pandemic in a country and to estimate the maximum number of cases in each

province. These values were then substituted into equation (2.11). The K value in
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Table 2 represents the highest COVID-19 instances recorded in each province. The

prediction findings, displayed in Table 3, provide information on the projected end

of the pandemic and the highest number of cases that will occur in the province

during the outbreak’s peak.

Table 3. Prediction results.

Province End of pandemic Max. number of cases MAPE

West Java December 2021 730,000-740,000 8.07 %

DKI Jakarta November 2021 840,000-850,000 6.33 %

Central Java January 2022 490,000-500,000 11.25 %

East Java October 2021 350,000-360,000 13.84 %

Banten September 2021 120,000-130,000 13.44 %

DI Yogyakarta October 2021 130,000-140,000 21.85 %

In this work, we take the province of Java as a sample of the Indonesian province.

In states with multi waves, the PELT approach is a helpful tool for determining

changepoints and providing information about relevant data to predict the final

wave of the pandemic. Initial details of the last wave for each multi wave state

based on changepoints in Figure 1 can be found in Table 1.

The information for creating Figure 2 continues until October 31, 2021, follow-

ing the completion of the PELT method as described in Table 1. This means the

consistency of his prediction results for the next 11 days after the prediction was

made. Figure 2 The result is close to the Richards curve pattern. After estimating

the parameters using nonlinear least squares, the actual data is input into each

model equation, and the results can be seen in Figure 2.

Each province after the epidemic has ended is displayed in Table 3 respectively.

If the curve does not slope, the rate at which the COVID-19 sickness is spreading

will continue to intensify. It is clear from the six data plots that the province of

Central Java is the only one that continues to exhibit considerable growth in the

number of positive cases. In provinces with many waves, the actual data from the

most recent wave is utilized. This changepoint is indicated by the PELT method, as

seen in Figure 1 below. As seen in Figure 2, the parameters’ estimation findings that

were performed using the Richards curve approach are utilized to create predictions.

Approximately in July 2021, the apex of the pandemic will occur in every

province, according to reference Figure 2. Four hundred thousand people live in

the DKI Jakarta region, making it the region with the most significant number

of confirmed positive cases of COVID-19. On the other hand, the province of DI

Yogyakarta has the fewest cases of the disease. In addition, the forecasts regarding

the termination of the COVID-19 pandemic are shown in Table 3. Central Java is

the province experiencing the longest epidemic duration, expected to conclude in

January 2021. Additionally, the pandemic in Banten province is also nearing its

end. The generated prediction results will be contingent upon the data utilized [24].

Furthermore, government measures are crucial in determining the conclusion of the

COVID-19 pandemic. The lower the MAPE value, the better the model predic-
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tion quality. In this context, predictions for DKI Jakarta have the lowest MAPE

(6.33 %), indicating a higher accuracy level than other provinces. Meanwhile, DI

Yogyakarta has the highest MAPE (21.85 %), indicating a lower level of accuracy.

However, in COVID-19, the prediction outcome may diverge from the expected

result due to significant uncertainty [25]. The primary sources of uncertainty are the

unpredictable social factors and natural disasters that lead to large gatherings of

people, resulting in more infected individuals. Additionally, uncertainties arise from

a need for more understanding regarding specific events such as hospital capacity,

daily testing rates, holidays, and other social factors. Our observation revealed a

positive correlation between population density and dispersion width. Consequently,

every prediction fails to match its value or yield consistent outcomes.

4. Conclusions

The Richards curve model can be predicted even in an area experiencing multiple-

wave pandemics. It is critical to ascertain the changepoint of each pandemic wave in

the event of a multi-wave outbreak. The two methods for determining changepoints

in this paper complement each other, where the interpolation method is used to

determine the presence of new waves that will be predicted. The PELT method is

used to determine each wave’s boundaries so that each wave’s boundaries are used

as the basis for collecting initial data to make predictions for the last wave.

The predicted provinces with the most confirmed positive cases of COVID-19

are DKI Jakarta, with 400,000, and Banten province, with the least. Furthermore,

predictions are being made for the end of the coronavirus pandemic. The area

with the most extended pandemic period is Central Java, which is expected to end

in January 2022, and Banten province is also expected to complete its pandemic

soon. The predicted results depend on the data used to determine the original

assumptions. Furthermore, government intervention in each region will affect the

increase or decrease in the number of confirmed positive cases of COVID-19, which

will affect the determination of the end of the epidemic in the region.

The implication of this research is the development of a changepoint detection

method that can be used to predict the development of the COVID-19 pandemic

in the future. This research also provides a better understanding of the factors

that influence the spread of the disease and helps in planning effective mitigation

measures.

This research’s limitations include the data used, especially regarding the avail-

ability of complete and accurate data. Additionally, predictions produced by models

can be influenced by factors that are difficult to predict, such as changes in govern-

ment policy or societal behavior. More in-depth research can be carried out on the

factors that influence the spread of COVID-19, including further analysis of the ef-

fectiveness of different mitigation measures. This research contributes to providing

an effective tool for policymakers to plan an appropriate response to the COVID-19

pandemic and reduce its negative impact on society and the economy. Thus, this

research can provide valuable insights for policymakers and researchers to control

the spread of COVID-19 and protect public health.
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