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Abstract—
As its capital, Jakarta plays a critical role in boosting Indonesia’s economic growth and setting
the precedent for broader change outside of the city. One crucial avenue of inquiry to better
understand, and prepare for, the future of a country so heavily impacted by disastrous weather
events is understanding the effects of climate change through data. This study investigates
meteorological data collected from 1996 to 2021 and compares the application of the SARIMA
and the Holt-Winters methods to predict the future influence of climatic parameters on Jakarta’s
weather. The performance of the SARIMA method is proven to provide better results than the
Holt-Winter models and both methods showed the best performances when forecasting the
humidity data. The results of the forecast are able to demonstrate the characteristic of the
climate in Jakarta, with dry season ranging from May to October and wet season ranging from
November to April.

Keywords: Forecasting, SARIMA, Holt-Winters,
Climate, Big Data

THE INTRODUCTION

With the growing abundance and accessibility
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of time series data , so too has the demand and
use for data forecasting expanded. Forecasting is
the process of predicting future trends based on
previous historical data, and is utilized in many
fields such as business and industry, government,
environmental sciences, and the social sciences.
Problems addressed using forecasting methods
are divided into three classifications: short-term,
medium-term, and long-term. Short-term fore-
casts involve making predictions of trends that
are less than one year into the future, medium-
term forecasts predict trends within periods that
are one to two years into the future, and long-term
forecasts predict trends beyond two years into the
future [1, 1].

Forecasts are often estimated using time-series
data: a sequence of data points chronologically
indexed and recorded with an equal definitive
time interval. Time-series data can be plotted and
decomposed to reveal the components: the trend,
the cycle, and the seasonal effects on the data. A
trend is an overall increase or decrease within the
time span of the observed data, which can be ei-
ther linear or nonlinear. A The cycle and seasonal
components of time-series data are, respectively,
the irregular and regular fluctuations which occur
within the time span of the observed data. The
seasonal component is often measured weekly
or yearly. These three components are used in
time-series modeling to identify the underlying
patterns in the data which assists in extrapolating
the forecast. However, the identification of this
pattern is complicated by the presence of a ran-
dom error that is often present in time-series data
[2]. Using the appropriate forecasting technique
can minimize the random error or estimate to
create a more accurate forecast result.

Techniques of forecasting can be generally
divided into qualitative and quantitative methods
[1, 3-4]. Qualitative methods are a subjective
and interpretative approach which require the
judgment of experts, and is used when there is
little to no historical data. Quantitative methods
use a more objective, systematic approach by
processing historical data to create a forecasting
model. This model captures the patterns based on
the aforementioned components of the data and
utilizes them to project future data.

There are three widely used quantitative fore-
casting models: regression, smoothing, and gen-

eral time-series models. In the Regression mod-
els, the relationship between the observed vari-
able with one or more related predictor variables
is employed. Smoothing models apply a simple
function based on previous observations to fore-
cast the observed variables. Time series models
apply the statistical component of the historical
data to form a formal model and estimate the
unknown parameter of the model. This present
study focuses on using the forecasting method
of a time series model defined as SARIMA and
one of the most well-known ways of forecasting
in the industrial and business field, which is
exponential smoothing [3]; in particular, the Holt-
Winters method. The results of the forecasts are
then analyzed to determine which is the most
effective in forecasting climate data in Jakarta
based on their parametric errors.

Because of its proximity to the Equator, In-
donesia has a tropical climate which significantly
affects its temperature, humidity, and rainfall
rate; all three of which are observed in this
study.Tropical climates receive more intense sun-
light than countries that are further away from
the Equator; thus, such tropical countries will
generally have warmer mean air temperatures [4].
Humidity is the concentration of water vapor
content in the air, measured using hygrometers.
The rainfall rate is the intensity of rainfall over
a given time interval. Indonesia’s rainfall pattern
is mainly influenced by the monsoonal circulation
pattern of wet and dry months [5]. Its rainfall rate
peaks within the wet months from December to
February [6], whereas during dry months—from
June to August—there is a low rainfall rate.

This study aims to compare the forecasting
results of predicting the climatic variables of
Jakarta’s weather for five years into the future
using the SARIMA and Holt-Winters methods.
The climate data that are observed are the mean
temperature, humid ity, and rainfall rate. Both
methods are done using the Python programming
language with MATLAB and Microsoft Excel
for data processing. The forecasting models are
assessed and selected based on the models’ er-
rors, including normalized root mean squared
error, mean absolute percentage error, and Nash-
Sutcliffe efficiency. The results of the observed
errors are also used to determine whichcan be
used to more accurately forecast Jakarta’s cli-
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mate. According to similar previous research by
Hansun and Kristanda [7], simply using exponen-
tial smoothing is not suitable to forecast Jakarta
rainfall rate. Therefore, this study also hopes to
find another more suitable method to forecast the
Jakarta rainfall rate. In addition, if the forecast-
ings are considered relatively accurate, the results
may be considered to predict and analyze future
Jakarta climate.

2 Materials and Methods

2.1 Case Study
The study focuses on Jakarta’s monthly mean

temperature, humidity, and rainfall rate observed
between January 1996 and May 2021, . The mean
temperature is measured in Celsius, the humidity
is measured in percentage, and the rainfall rate
is measured in millimeters. Data are measured
from three different stations in Jakarta province -
Stasiun Halim Perdana Kusuma Jakarta, Stasiun
Meteorologi Kemayoran, and Stasiun Meteorologi
Maritim Tanjung Priok. Stasiun Halim Perdana
Kusuma Jakarta - referenced as Halim Station
- is located at 6.27036 S and 106.88926 E.
Stasiun Meteorologi Kemayoran - referenced as
Kemayoran Station - is located at 6.15559 S and
106.84000 E. Stasiun Meteorologi Maritim Tan-
jung Priok - referenced as Tanjung Priok Station
- is located at 6.10781 S and 106.88053 E. Each
climate variable forecast is done individually per
station, but the three stations’ averaged results are
also considered for further analysis.

Geographically, Jakarta is located at 6◦12”
S and 106◦48” E, with an elevation of about 7
meters above sea level. According to the Gov-
ernment’s Decree No.171 of 2007, the total area
of Jakarta is 7,639.83 km2 with a total landmass
of 662.33 km2 and sea area of 6,977.5 km2 [8].
Jakarta is bordered by the Java Ocean and 13 river
estuaries that run to the ocean in the north.

Jakarta possesses a tropical climate, and be-
cause of its archipelagic geography, sea wind also
affects Jakarta’s climate. The daily air tempera-
ture is relatively stable and spans from 26 - 28
◦C. The air temperature difference between wet
and dry months is also relatively small, which
can be explained by the stable warm air tem-
perature characteristic of tropical countries [9].
The city of Jakarta is located in the homonymous

province of Jakarta, which touts a high popula-
tion; Jakarta Central Statistic Center states that
the total population of Jakarta reaches 10,562,088
people [10]. The dense population of Jakarta
makes the province vulnerable to pollution. Ac-
cording to research on the impact of the popula-
tion in Amman, Jordan, a high-density population
increases dependence on cars and energy, which
also increases environmental pollution by the use
of gas and oil [11], which has been shown to be
one of the leading causes of global warming and
climate change [12][13][14]. Thus, the pollution
level in Jakarta might also affect the climate
variables observed in this study.

2.2 Data Explication and Seasonal
Decomposition

Initially, the data are obtained as daily data
from the official Pusat Database Badan Meteo-
rologi, Klimatologi, dan Geofisika (BMKG) [15].
There exist missing values in the original data
from the BMKG website, and based on the types
of missing data listed by Kang [16], the missing
values are identified to be missing entirely at
random (MCAR) as the data are unmeasured
by the stations. A listwise approach is used to
handle the MCAR values. The listwise approach
or case deletion omits the single missing variable
in a case without removing the entire data tuple
and analyzes the remaining data. This approach
is the most frequently used to handle missing
data, and if the sample size is large enough
and the assumption of MCAR is fulfilled, the
approach is known to produce unbiased estimates,
and conservative results [17]. MATLAB is used
to handle the missing data imputation and also
averages the daily data to monthly data. The daily
data in a month are summed and divided by the
number of the daily data To average the daily data
to monthly data.

Based on the data sets used in this study,
the average, maximum, and minimum values of
each monthly climate variable are described in
Table 1, Table 2, and Table 3, respectively for
mean temperature, humidity, and rainfall rate.

Data sets are also plotted with the help of
matplotlib library [18] in Python and seasonal de-
composed using the seasonal decompose function
from the statsmodel Python library [19]. Seasonal
decomposition is a procedure that decomposes a
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Table 1: Description of Jakarta mean temperature
from January 1996 - May 2021

Halim Kemayoran Tanjung Priok
Station Station Station

Average (◦C) 27.554 28.329 28.530
Maximum (◦C) 31.126 29.861 29.970
Minimum (◦C) 24.500 26.272 26.590

Table 2: Description of Jakarta humidity from
January 1996 - May 2021

Halim Kemayoran Tanjung Priok
Station Station Station

Average (%) 77.970 75.689 74.471
Maximum (%) 89.667 85.806 85.321
Minimum (%) 61.467 65.367 48.600

series into its seasonal components. The com-
ponents observed are the trend, seasonal, and
residual or error.

The seasonal trends can be explained by the
relatively constant seasonal variation. To obtain
the values of the observed component, the sea-
sonally adjusted series are seasonal adjusted to
remove the seasonal effect from the series to iden-
tify previously unseen characteristics; observa-
tions without seasonal variation are not adjusted
[20]. Both the plotting and seasonal decomposi-
tion of the data are shown in Figure 1.

2.3 SARIMA Method
The Seasonal Autoregressive and Integrated

Moving Average (SARIMA) method of forecast-
ing is a product of the seasonal and non-seasonal
polynomials of the components, represented by
SARIMA (p,d,q)x(P,D,Q)s, [21]. The terms
p,d, and q are the trend elements, where p is
trend auto-regression order, d is trend difference
order, and q is the trend moving average order.
Meanwhile, P,D,Q, and s are the seasonal ele-
ments, where P is Seasonal autoregressive order,
D is seasonal difference order, Q is seasonal

Table 3: Description of Jakarta rainfa ll rate from
January 1996 - May 2021

Halim Kemayoran Tanjung Priok
Station Station Station

Average (mm) 5.988 6.056 5.988
Maximum (mm) 34.404 41.728 34.403
Minimum (mm) 0.000 0.000 0.000

moving average order, and s is the number of time
steps for a single seasonal period [22]. SARIMA
method follows the following equation defined at
Equation (1) [23][24][25].

Φ(BS)ϕ(B)(1–BS)D(1–B)dyt = Θ(BS)θ(B)εt
(1)

SARIMA requires the series to be univariate
and stationary [26], which in this study is tested
with the augmented Dickey-Fuller (ADF) para-
metric test [27] done using the adfuller function
in the statsmodels Python library. The test returns
the p-value and the critical values at 1%, 5%, and
10% confidence intervals. The null hypothesis is
that the series has a unit root, meaning that the
series is non-stationary. The alternate hypothesis
is that the series does not contain a unit root; thus,
the series is stationary [28][29]. If a series is non-
stationary, the series requires to be differentiated
in order to obtain stationary.

AIC = 2k−2ln(L̂) (2)

The method also uses the observation of
the plotted Autocorrelation Function (ACF) and
Partial Autocorrelation Function (PACF) of the
data set. The ACF is a function that shows the
correlation between the observed data at time t
and the observed data at previous times [30].
By observing the spikes that occur during certain
lags, it can help to determine the parameter for
the q and Q SARIMA parameters. The PACF is
a function which summarizes the correlation be-
tween the observed data at previous times with the
relationship of removing the intervening observed
data [31]. This function also uses the spikes at
certain lags to determine the parameter for the
p and P SARIMA parameters. The plotting of
ACF and PACF are both done using Python with
functions from the statsmodels library. The ACF
and PACF observations are used in determining
the parameter of the SARIMA.

The SARIMA model is built using the-
SARIMA parameters. A grid search for the op-
timal model parameters is conducted using a
minimum value of zero and a maximum of 3
for [describe the parameters’ utility here]. The
s parameter, is set to 12 for each month of the
yearly period. The models are then selected based
on the Akaike Information Criterion (AIC) value.
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(a) (b) (c)

(d) (e) (f)

(g) (h)

(i)

Figure 1: This figure shows seasonal decompositions of (a) Mean temperature data Halim Station,
(b) Mean temperature data Kemayoran Station, (c) Mean temperature data Tanjung Priok Station, (d)
Humidity data Halim station, (e) Humidity data Kemayoran Station, (f) Humidity data Tanjung Priok
Station, (g) Rainfall rate data Halim Station, (h) Rainfall rate data Kemayoran Station, and (i) Rainfall
rate data Tanjung Priok Station.

The equation for the AIC is as defined in Equation
(2) [32] [33], where k is the number of estimated
parameters in the model and L̂ is the maximum
value of the likelihood function for the model.
AIC estimates the prediction error and, therefore,
the relative quality of a given model for a data
set. A better fit model will have lower AIC value
[34], thus the model that has the lowest AIC value
is selected for the next step of the study. The grid
search and the AIC test are performed using the
statsmodels Python library.

2.4 Holt-Winters Method
The Holt-Winters exponential smoothing

method — an extension of the Holt smoothing
method [35] - is commonly used for forecast-
ing. This method captures seasonality and works
on a single recursive system which makes the
method simple, straightforward, and computa-

tionally efficient [36][37]. Holt’s study on the
use of exponentially-weighted moving averages
(EWMA) on exhibiting variables’ seasonal trends
finds that a time series possesses additive, multi-
plicative, or multiplicative error structure compo-
nents in a trend [36].

The Holt-Winters method’s approaches de-
pend on whether the seasonality is modeled ad-
ditively or multiplicatively [38]. For this study,
the Holt-Winters method for forecasting is done
using the SimpleExpSmoothing and Exponen-
tialSmoothing functions from the statsmodels
Python library, in which both of the approaches
are applied. By plotting both in an additive and
multiplicative way, the best-fitted model of each
data set is selected based on the best parametric
error test results, from which the parameters for
the model can be estimated.
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2.4.1 Additive Holt-Winters Method The
additive approach is defined as the following
Equation (3) - 6 [38].

Level:

ℓt = α(yt − st−m)+(1 − α)(ℓt−1+bt−1) (3)

Trend:

bt = β
∗(ℓt − ℓt−1)+(1 − β

∗)bt−1 (4)

Seasonal:

st = γ(yt − ℓt−1 − φbt−1)+(1 − γ)st−m (5)

Forecast:

ŷt+h|t = ℓt +bth+ st−m+h+m (6)

Where yt is the actual data at time t and m is
the period of seasonality. The ℓt , bt , st , and ŷt+h|t
are respectively the level, trend, seasonal factor at
time t, and the forecast for h periods ahead. As
for h+m , the variable is equal to [(h − 1)mod m]+
1. The smoothing parameters of the Holt-Winters
model are defined as α , β , and γ .

2.4.2 Multiplicative Holt-Winters Method
For the Holt-Winters multiplicative, it is defined
as the following Equation (7) - 10 [38]. The
variable definition is as the same as the additive
method (See Sect. ??).

Level:

ℓt = α
yt

st−m
+(1 − α)(ℓt−1 +bt−1) (7)

Trend:

bt = β
∗(ℓt − ℓt−1)+(1 − β

∗)bt−1 (8)

Seasonal:

st = γ(
yt

ℓt−1 +bt−1
)+(1 − γ)st−m (9)

Forecast:

ŷt+h|t = (ℓt +bth)st−m+h+m (10)

2.4.3 Numerical Instability There is a pos-
sibility of numerical difficulty due to some of
the combinations of trend, seasonality, and error.
Models with a multiplicative error are only useful
when the data are positive, but proven to be nu-
merically unstable when the data contains zero or
negative. Thus, when a time series is not strictly
positive, only the additive models can be applied
[38, 20-23]. This instability is caused by the
need for logarithmic transformation of the purely
multiplicative model. A logarithmic transforma-
tion may allow a model with parameters that
combine multiplicatively to fit better [39]. This
study, with the help of the ExponentialSmoothing
function, tests both additive and multiplicative
models; therefore, the data sets require adjustment
before using the function. The adjustment works
by first applying an increment to the data sets
and then reducing the forecasted results by this
increment to obtain the final results.

2.5 Error Parameters
The models’ performances are evaluated

based on the following error terms: mean squared
error (MSE), root mean squared error (RMSE),
normalized root mean squared error (NRMSE),
mean absolute error (MAE), and the Nash-
Sutcliffe efficiency (NSE). The error terms are
sequentially defined by Equation (11 to 15), given
xt as the observed and x̂t as the estimated. Eval-
uations are done by using the previous one and
two years of the training data set (full data set)
as the test data set, which can be used to validate
the forecast. The calculations of the MSE and
MAE are done using functions from sklearn [40]
Python library and the NSE is calculated using
the hydroeval [41] Python library.

MSE =
1
n

n

∑
t=1

[xt − x̂t ]
2 (11)

RMSE =

√
1
n

n

∑
t=1

[xt − x̂t ]2 (12)

NRMSE =

√
1
n ∑

n
t=1[xt − x̂t ]2

(maxvalue−minvalue)
(13)

MAE =
1
n

n

∑
t=1

| xt − x̂t | (14)
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Table 4: ADF test results of Jakarta mean tem-
perature from January 1996 - May 2021

Halim Kemayoran Tanjung Priok
Station Station Station

Test statistic -2.068 -3.384 -4.422
p-value 0.258 0.012 0.000
Critical value (1%) -3.453 -3.453 -3.453
Critical value (5%) -2.871 -2.871 -2.871
Critical value (10%) -2.572 -2.572 -2.572
Stationary No Yes Yes

NSE = 1 − ∑
n
t=1(x̂t − xt)

2

∑
n
t=1(xt − xt)2 (15)

3 Results and Discussion
3.1 SARIMA
3.1.1 Augmented Dickey-Fuller Test The
augmented Dickey-Fuller (ADF) test results for
stationarity are described in Table 4 to 6. Based
on the results, all data sets are stationary ex-
cept for the mean temperature data from Halim
Station and the rainfall rate data from Tanjung
Priok Station. Therefore, the d and D SARIMA
parameters (See Sect. ) of the forecasting model
for mean temperature Halim Station and rainfall
rate Tanjung Priok Station cannot be zero due
to data sets necessitating differentiation. After
performing a first-order differentiation on the
non-stationary data, the data is already stationary;
thus, the d and D parameter values for the Halim
Station mean temperature SARIMA model and
the Tanjung Priok Station rainfall rate SARIMA
model are 1. The new p-values of both data after
first order differentiation are 5.786948e-13 and
4.450709e 30, respectively for the Halim Sta-
tion mean temperature and Tanjung Priok Station
rainfall rate. Both of these p-values are below
the significance value, thus rejecting of the ADF
Test null hypothesis. Regardless of the ADF test
results, there are other possibilities of d and D
parameter values for the models, which will be
tested using the grid search.

3.1.2 ACF and PACF Plotting Figures 2 and
3 display the ACF and PACF plots. By observing
the positive and negative significant spikes of the
ACF plots, the SARIMA parameters q and Q (See
Sect. ) can be estimated. Out of all of the ACF
plots, the highest lag value that drops around the
confidence interval (blue area) is 3. To estimate

Table 5: ADF test results of Jakarta humidity
from January 1996 - May 2021

Halim Kema yoran Tanjung Priok
Station Station Station

Test statistic -3.322 -4.386 -2.756
p-value 0.013 0.000 0.065
Critical value (1%) -3.453 -3.453 -3.453
Critical value (5%) -2.871 -2.872 -2.872
Critical value (10%) -2.572 -2.572 -2.572
Stationary Yes Yes Yes

Table 6: ADF test results of Jakarta rainfall rate
from January 1996 - May 2021

Halim Kemayoran Tanjung Priok
Station Station Station

Test statistic -3.250 -3.920 -2.502
p-value 0.017 0.002 0.115
Critical value (1%) -3.453 -3.453 -3.453
Critical value (5%) -2.871 -2.872 -2.872
Critical value (10%) -2.572 -2.572 -2.572
Stationary Yes Yes No

the p and P parameters, the PACF plots are
observed. Based on the PACF observations, the
highest lag value that drops around the confidence
interval is also 3.

3.1.3 Model Assessment Based on the ADF
test results, and the observations of the ACF and
PACF plots, the grid search for every SARIMA
parameter will test values between [0,3]. The
models are selected based on the lowest AIC
result from the grid search using the non-adjusted,
undifferentiated data sets. The models and their
AIC values are stated in Table 7. The plotting
of the forecasting results are described in Figure
4 and the forecasted values will be examined in
Section . The tables show that the non-stationary
data sets indeed have a d and D parameter val-
ues of 1, following the differentiation order. Al-
though, some data sets that are already stationary
are shown to have better results when the d and
D parameter values are above zero. By observing
the plots, it is shown that the forecasting pattern
does not feature many variations after the first
period of forecasting.

3.2 Holt-Winters
3.2.1 Zero-value Adjustment Before under-
going the Holt-Winters forecasting, the rainfall
rate data sets need to be adjusted to contain zero
values. The adjustment is made by adding a 0.001
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 2: This figure shows ACF plots of (a) Mean temperature data Halim Station, (b) Mean
temperature data Kemayoran Station, (c) Mean temperature data Tanjung Priok Station, (d) Humidity
data Halim station, (e) Humidity data Kemayoran Station, (f) Humidity data Tanjung Priok Station,
(g) Rainfall rate data Halim Station, (h) Rainfall rate data Kemayoran Station, and (i) Rainfall rate
data Tanjung Priok Station.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3: This figure shows PACF plots of (a) Mean temperature data Halim Station, (b) Mean
temperature data Kemayoran Station, (c) Mean temperature data Tanjung Priok Station, (d) Humidity
data Halim station, (e) Humidity data Kemayoran Station, (f) Humidity data Tanjung Priok Station,
(g) Rainfall rate data Halim Station, (h) Rainfall rate data Kemayoran Station, and (i) Rainfall rate
data Tanjung Priok Station.
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Table 7: SARIMA models for Jakarta climate forecasting
Halim Station Kemayoran Station Tanjung Priok Station

Mean temperature data

SARIMA (p,d,q) x (P,D,Q)s SARIMA (0,1,3) x (2,1,3)12 SARIMA (2,0,1) x (2,1,3)12 SARIMA (3,0,2) x (2,1,3)12
AIC 470.702 251.887 238.041

Humidity data

SARIMA (p,d,q) x (P,D,Q)s SARIMA (0,0,3) x (2,1,3)12 SARIMA (3,0,3) x (2,1,3)12 SARIMA (1,1,2) x (3,1,3)12
AIC 1377.845 1172.544 1241.914

Rainfall rate data

SARIMA (p,d,q) x (P,D,Q)s SARIMA (2,1,3) x (1,2,3)12 SARIMA (0,0,3) x (1,2,3)12 SARIMA (3,1,3) x (1,2,3)12
AIC 1741.553 1458.619 1460.059

(a) (b) (c)

(d)
(e)

(f)

(g) (h) (i)

Figure 4: This figure shows SARIMA forecast plots of (a) Mean temperature data Halim Station,
(b) Mean temperature data Kemayoran Station, (c) Mean temperature data Tanjung Priok Station, (d)
Humidity data Halim station, (e) Humidity data Kemayoran Station, (f) Humidity data Tanjung Priok
Station, (g) Rainfall rate data Halim Station, (h) Rainfall rate data Kemayoran Station, and (i) Rainfall
rate data Tanjung Priok Station.

increment to the data because the forecasting
results are observed up to 3 decimal places, thus
making 0.001 the smallest feasible increment.
After the data sets have been adjusted, the data
sets can then be used for forecasting. Before
noting the forecasting results, the pre-forecast
data sets are reduced by the same increment.

3.2.2 Model Assessment The Holt-Winters
forecasting models are selected based on the
additive and multiplicative models’ lowest error
terms. The seasonal period of the data sets de-
termines the type of Holt-Winters model that is

the best suited for the data set. The parameters
and the AIC values of each data set’s best-fitted
model are described in Tables 8 to 10. The plots
of the models’ forecasts are described in 5 and
the forecast estimations are later stated in Section
. As shown in the plots, the forecasting pattern
does not show many variations after the first
period of forecasting. It should be noted that the
models are built using adjusted data that have not
been readjusted by reducing the increment for the
rainfall rate data.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5: This figure shows Holt-Winters forecast plots of (a) Mean temperature data Halim Station,
(b) Mean temperature data Kemayoran Station, (c) Mean temperature data Tanjung Priok Station, (d)
Humidity data Halim station, (e) Humidity data Kemayoran Station, (f) Humidity data Tanjung Priok
Station, (g) Rainfall rate data Halim Station, (h) Rainfall rate data Kemayoran Station, and (i) Rainfall
rate data Tanjung Priok Station.

Table 8: Holt-Winters model assessment of
Jakarta mean temperature

Halim Kemayoran Tanjung Priok
Station Station Station

Model Multiplicative Multiplicative Multiplicative
α 0.1829279 0.3868695 0.4463127
β 7.1839e-15 1.8292e-13 2.8837e-12
γ 1.0705e-14 7.5104e-14 2.9607e-12
AIC -312.732 -524.473 -539.434

Table 9: Holt-Winters model assessment of
Jakarta humidity

Halim Kemayoran Tanjung Priok
Station Station Station

Model Additive Multiplicative Additive
α 0.3222196 0.5258200 0.3123139
β 9.71e-08 2.9623e-14 4.3526e-08
γ 0.000000 2.9224e-14 2.3477e-10
AIC 823.665 588.218 627.418

3.3 Results of Forecasting and Parametric Error
Tests

The results of the SARIMA and Holt-Winters
forecasts are described in Tables 11 to 13. The
averages of the forecasts are also averaged. The
error terms are described in Tables 14 to 16.

Table 10: Holt-Winters model assessment of
Jakarta rainfall rate

Halim Kemayoran Tanjung Priok
Station Station Station

Model Additive Multiplicative Additive
α 1.4914e-08 1.4949e-08 4.9918e-06
β 1.02e-09 1.4947e-08 2.627e-07
γ 1.0295e-06 2.2751e-11 9.6416e-13
AIC 1230.569 905.537 627.418

Based on the values of the model errors, the best
forecasting method for each data set is noted in
Table 17.

For NRMSE and MAE values, the lower the
value, the more accurately a model is able to
forecast. Conversely, the higher the NSE value,
the more accuracte a model is able to forecast.
Except for the SARIMA forecasts of humidity
data from Tanjung Priok Station, the results of
the one-year parametric error tests are better than
those for a two-year period (See Table 14 to 16.

Based on Table 17, it is shown that the
SARIMA method is preferred in all data sets
except for the rainfall rate data from Kemay-
oran Station, in which the Holt-Winter method
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Table 11: Forecasting results of Jakarta mean temperature in Celsius
Date Halim Station Kemayoran Station Tanjung Priok Station Total Average

SARIMA Holt-Winters SARIMA Holt-Winters SARIMA Holt-Winters

6/1/2021 28.816 28.650 28.955 28.622 28.807 28.787 28.807
7/1/2021 28.532 28.442 28.542 28.347 28.470 28.476 28.470
8/1/2021 28.621 28.533 28.783 28.507 28.660 28.590 28.660
9/1/2021 29.274 29.053 29.168 28.869 29.117 29.099 29.117
10/1/2021 29.434 29.392 28.969 28.924 29.195 29.321 29.195
11/1/2021 29.141 29.012 28.657 28.631 28.993 29.047 28.993
12/1/2021 28.679 28.564 28.117 28.130 28.198 28.419 28.198
1/1/2022 27.866 28.047 27.532 27.618 27.858 27.911 27.858
2/1/2022 27.961 27.823 27.439 27.419 27.542 27.662 27.542
3/1/2022 28.573 28.611 28.177 28.211 28.268 28.435 28.268
4/1/2022 28.898 28.824 28.730 28.724 28.936 28.968 28.936
5/1/2022 29.248 29.083 29.108 29.045 29.222 29.208 29.222
6/1/2022 28.976 28.722 28.601 28.650 28.755 28.812 28.755
7/1/2022 28.581 28.514 28.332 28.376 28.349 28.501 28.349
8/1/2022 28.768 28.606 28.518 28.536 28.439 28.615 28.439
9/1/2022 29.201 29.127 28.858 28.898 29.002 29.124 29.002
10/1/2022 29.789 29.466 28.955 28.953 29.247 29.347 29.247
11/1/2022 29.004 29.086 28.638 28.660 28.938 29.073 28.938
12/1/2022 28.606 28.636 28.239 28.158 28.462 28.444 28.462
1/1/2023 28.135 28.118 27.751 27.645 27.829 27.936 27.829
2/1/2023 28.030 27.893 27.585 27.447 27.639 27.686 27.639
3/1/2023 28.738 28.683 28.264 28.239 28.274 28.460 28.274
4/1/2023 29.087 28.897 28.806 28.753 28.780 28.993 28.780
5/1/2023 29.342 29.157 29.102 29.074 29.068 29.234 29.068
6/1/2023 29.046 28.795 28.704 28.679 28.635 28.838 28.635
7/1/2023 28.747 28.586 28.472 28.404 28.433 28.526 28.433
8/1/2023 28.793 28.678 28.579 28.564 28.511 28.640 28.511
9/1/2023 29.344 29.200 28.935 28.926 28.887 29.150 28.887
10/1/2023 29.718 29.540 29.059 28.982 29.255 29.373 29.255
11/1/2023 29.398 29.159 28.767 28.689 29.003 29.098 29.003
12/1/2023 28.892 28.708 28.250 28.186 28.246 28.469 28.246
1/1/2024 28.187 28.189 27.705 27.673 27.850 27.960 27.850
2/1/2024 28.093 27.964 27.442 27.474 27.481 27.710 27.481
3/1/2024 28.807 28.756 28.301 28.267 28.347 28.485 28.347
4/1/2024 29.121 28.970 28.770 28.781 28.875 29.019 28.875
5/1/2024 29.450 29.231 29.107 29.103 29.022 29.260 29.022
6/1/2024 29.127 28.868 28.745 28.708 28.694 28.863 28.694
7/1/2024 28.796 28.658 28.432 28.432 28.283 28.551 28.283
8/1/2024 28.991 28.750 28.642 28.593 28.473 28.666 28.473
9/1/2024 29.533 29.274 29.008 28.955 29.123 29.176 29.123
10/1/2024 29.899 29.615 28.979 29.011 29.198 29.399 29.198
11/1/2024 29.232 29.233 28.668 28.717 28.920 29.124 28.920
12/1/2024 28.848 28.781 28.195 28.214 28.396 28.494 28.396
1/1/2025 28.241 28.260 27.658 27.700 27.842 27.985 27.842
2/1/2025 28.295 28.035 27.515 27.501 27.647 27.735 27.647
3/1/2025 28.919 28.829 28.238 28.295 28.232 28.510 28.232
4/1/2025 29.270 29.043 28.777 28.810 28.839 29.044 28.839
5/1/2025 29.558 29.304 29.114 29.132 29.192 29.286 29.192
6/1/2025 29.298 28.941 28.671 28.736 28.684 28.889 28.684
7/1/2025 28.939 28.731 28.414 28.461 28.456 28.577 28.456
8/1/2025 29.010 28.823 28.567 28.621 28.481 28.691 28.481
9/1/2025 29.468 29.348 28.917 28.984 28.841 29.201 28.841
10/1/2025 30.024 29.690 29.012 29.040 29.280 29.424 29.280
11/1/2025 29.535 29.307 28.707 28.746 29.003 29.150 29.003
12/1/2025 29.043 28.854 28.247 28.243 28.312 28.519 28.312
1/1/2026 28.471 28.332 27.728 27.728 27.841 28.010 27.841
2/1/2026 28.275 28.106 27.521 27.529 27.501 27.759 27.501
3/1/2026 29.040 28.901 28.285 28.324 28.357 28.535 28.357
4/1/2026 29.360 29.117 28.794 28.839 28.831 29.070 28.831
5/1/2026 29.654 29.379 29.112 29.161 28.966 29.311 28.966

is shown to be a better fit. Variables that are
more accurately predicted using SARIMA are
humidity, mean temperature, and rainfall rate
respectively. The SARIMA forecasting model for
humidity data has the best parametric error values
, with the data from the Kemayoran Station being
the best overall. The Holt-Winters forecasting
model for the rainfall rate data has the most worst
parametric error values, with the data from the

Halim Station being the least optimal overall.

3.4 Climate Analysis
The average forecasting results of the climatic

variables show a slight trend, although the val-
ues are generally stable as there is no massive
change in the maximum and minimum point, or
a shift in the seasonality. The climate variables
are observed using the total average value. The
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Table 12: Forecasting results of Jakarta humidity in percentage
Date Halim Station Kemayoran Station Tanjung Priok Station Total Average

SARIMA Holt-Winters SARIMA Holt-Winters SARIMA Holt-Winters

6/1/2021 77.917 79.221 75.463 75.307 77.873 79.841 77.873
7/1/2021 75.289 77.062 73.956 73.630 76.629 78.116 76.629
8/1/2021 71.443 74.462 71.190 71.529 73.780 75.861 73.780
9/1/2021 70.009 73.874 69.449 70.777 72.251 75.106 72.251
10/1/2021 74.025 76.573 73.027 73.490 75.016 76.414 75.016
11/1/2021 76.944 79.271 76.525 76.181 77.624 79.423 77.624
12/1/2021 76.891 80.494 77.215 77.691 79.540 81.927 79.540
1/1/2022 81.182 82.951 79.687 80.531 81.808 85.081 81.808
2/1/2022 82.961 85.131 81.611 82.162 84.404 87.021 84.404
3/1/2022 81.508 82.053 78.825 78.491 81.526 83.429 81.526
4/1/2022 81.758 82.682 76.659 77.519 80.503 82.350 80.503
5/1/2022 79.485 80.953 76.057 75.941 79.697 81.040 79.697
6/1/2022 78.557 79.188 74.829 75.137 77.994 80.042 77.994
7/1/2022 75.861 77.028 73.367 73.464 75.845 78.316 75.845
8/1/2022 73.568 74.429 71.353 71.368 73.452 76.061 73.452
9/1/2022 73.211 73.841 70.140 70.617 72.415 75.307 72.415
10/1/2022 75.093 76.539 72.496 73.324 73.009 76.614 73.009
11/1/2022 78.064 79.238 75.351 76.010 76.117 79.623 76.117
12/1/2022 79.619 80.460 77.181 77.516 78.355 82.128 78.355
1/1/2023 81.157 82.918 79.884 80.350 82.162 85.281 82.162
2/1/2023 83.897 85.097 81.244 81.977 83.564 87.222 83.564
3/1/2023 79.636 82.020 77.413 78.314 79.652 83.630 79.652
4/1/2023 80.283 82.649 77.620 77.344 78.879 82.551 78.879
5/1/2023 79.254 80.920 75.270 75.770 76.828 81.241 76.828
6/1/2023 76.901 79.154 74.363 74.968 76.303 80.243 76.303
7/1/2023 74.857 76.995 72.419 73.299 74.629 78.517 74.629
8/1/2023 72.062 74.396 70.612 71.207 72.370 76.262 72.370
9/1/2023 71.126 73.808 70.479 70.458 71.962 75.507 71.962
10/1/2023 73.791 76.506 72.595 73.159 73.144 76.815 73.144
11/1/2023 76.855 79.205 75.512 75.839 76.438 79.824 76.438
12/1/2023 78.503 80.427 77.419 77.341 79.553 82.329 79.553
1/1/2024 81.443 82.885 80.100 80.169 81.823 85.482 81.823
2/1/2024 83.676 85.064 82.200 81.792 84.791 87.423 84.791
3/1/2024 80.721 81.986 78.223 78.138 81.181 83.831 81.181
4/1/2024 80.997 82.616 76.800 77.170 79.944 82.751 79.944
5/1/2024 79.548 80.887 76.287 75.599 79.494 81.442 79.494
6/1/2024 78.074 79.121 75.281 74.799 77.480 80.443 77.480
7/1/2024 75.601 76.962 73.615 73.134 76.188 78.718 76.188
8/1/2024 72.980 74.362 71.145 71.046 73.797 76.463 73.797
9/1/2024 72.368 73.774 69.677 70.300 72.387 75.708 72.387
10/1/2024 75.123 76.473 73.149 72.994 74.333 77.016 74.333
11/1/2024 78.016 79.172 75.882 75.668 77.168 80.025 77.168
12/1/2024 78.562 80.394 76.624 77.167 78.854 82.529 78.854
1/1/2025 81.024 82.852 79.613 79.988 82.523 85.683 82.523
2/1/2025 83.451 85.031 81.389 81.608 83.972 87.623 83.972
3/1/2025 80.198 81.953 78.056 77.962 80.643 84.031 80.643
4/1/2025 80.798 82.583 77.062 76.996 79.981 82.952 79.981
5/1/2025 79.241 80.853 74.998 75.429 77.956 81.642 77.956
6/1/2025 77.288 79.088 74.448 74.630 77.441 80.644 77.441
7/1/2025 75.076 76.928 72.737 72.969 75.267 78.918 75.267
8/1/2025 72.491 74.329 70.664 70.886 72.999 76.663 72.999
9/1/2025 71.734 73.741 70.317 70.141 72.701 75.909 72.701
10/1/2025 73.885 76.439 72.271 72.830 73.101 77.216 73.101
11/1/2025 76.982 79.138 75.571 75.497 76.515 80.225 76.515
12/1/2025 79.140 80.361 77.762 76.993 79.791 82.730 79.791
1/1/2026 81.487 82.818 79.891 79.808 82.361 85.883 82.361
2/1/2026 83.924 84.997 81.820 81.424 85.077 87.824 85.077
3/1/2026 80.342 81.920 78.034 77.786 81.121 84.232 81.121
4/1/2026 80.672 82.549 77.456 76.823 79.896 83.153 79.896
5/1/2026 79.530 80.820 76.129 75.259 79.198 81.843 79.198

observations prove the characteristics of a tropical
country, in which the climate is stable throughout
the year. In forecasting over a one-year period, the
diurnal pattern of the dry and wet seasons can
also be distinguished. By observing the rainfall
rate forecast using the median value of 7.724 mm
as the criterion that differentiates the dry and wet
season, the dry season spans from May toOctober
and the wet season spans from November to

April. The rainfall rate peaks during the wet
season, especially in February, while the rainfall
rate drops during the dry season, most notably
in July. There are anomalies in the rainfall rate
forecast from Halim Station, in which several
values are negative. The humidity forecast shows
an exact pattern as the rainfall rate forecast rises
and drops during the same month. This result also
states the direct relationship between rainfall rate
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Table 13: Forecasting results of Jakarta rainfall rate in mm
Date Halim Station Kemayoran Station Tanjung Priok Station Total Average

SARIMA Holt-Winters SARIMA Holt-Winters SARIMA Holt-Winters

6/1/2021 4.932 9.147 6.119 3.557 6.929 5.048 5.955
7/1/2021 1.740 5.913 4.834 3.446 5.795 4.184 4.319
8/1/2021 6.636 7.074 3.331 1.927 4.418 4.123 4.585
9/1/2021 3.077 7.418 3.217 2.592 4.792 4.280 4.229
10/1/2021 7.269 9.975 5.005 4.680 4.858 5.225 6.169
11/1/2021 11.296 12.581 5.383 5.666 7.995 6.994 8.319
12/1/2021 12.428 13.838 6.978 8.221 10.279 9.474 10.203
1/1/2022 12.552 16.277 13.845 16.047 15.811 15.747 15.047
2/1/2022 18.387 22.874 18.735 20.810 24.046 19.570 20.737
3/1/2022 9.725 13.359 8.647 9.141 11.858 9.032 10.294
4/1/2022 9.458 12.764 7.539 7.520 6.264 7.139 8.447
5/1/2022 8.410 10.896 4.918 4.476 7.510 6.353 7.094
6/1/2022 6.315 9.407 4.873 3.613 6.635 5.212 6.009
7/1/2022 -0.121 6.173 4.183 3.500 4.166 4.348 3.708
8/1/2022 3.813 7.334 2.180 1.958 4.722 4.287 4.049
9/1/2022 2.186 7.678 3.450 2.633 4.121 4.444 4.085
10/1/2022 5.606 10.235 3.113 4.755 3.956 5.389 5.509
11/1/2022 10.774 12.841 5.286 5.756 9.438 7.158 8.542
12/1/2022 13.472 14.098 7.641 8.352 10.314 9.638 10.586
1/1/2023 13.621 16.537 15.841 16.302 16.289 15.911 15.750
2/1/2023 20.839 23.134 22.261 21.140 25.724 19.734 22.139
3/1/2023 9.250 13.619 8.532 9.286 11.702 9.196 10.264
4/1/2023 10.490 13.024 7.462 7.640 8.208 7.303 9.021
5/1/2023 7.021 11.157 3.385 4.547 7.437 6.517 6.677
6/1/2023 6.190 9.667 4.212 3.671 6.276 5.376 5.899
7/1/2023 -0.584 6.433 3.796 3.556 5.457 4.512 3.862
8/1/2023 4.152 7.594 2.770 1.989 6.269 4.451 4.538
9/1/2023 2.112 7.938 3.333 2.675 4.529 4.608 4.199
10/1/2023 6.499 10.495 4.050 4.830 5.349 5.553 6.129
11/1/2023 10.735 13.101 5.281 5.848 9.548 7.322 8.639
12/1/2023 12.284 14.358 7.157 8.484 10.072 9.802 10.360
1/1/2024 12.438 16.797 15.345 16.560 17.074 16.075 15.715
2/1/2024 19.069 23.394 22.123 21.476 25.606 19.898 21.928
3/1/2024 8.907 13.879 8.747 9.433 12.263 9.360 10.432
4/1/2024 9.383 13.284 7.882 7.761 7.736 7.467 8.919
5/1/2024 7.162 11.417 4.126 4.619 7.956 6.681 6.993
6/1/2024 5.731 9.927 4.485 3.729 7.168 5.540 6.097
7/1/2024 -1.198 6.693 3.960 3.612 5.365 4.676 3.851
8/1/2024 3.440 7.854 2.745 2.021 5.242 4.615 4.319
9/1/2024 1.310 8.198 3.357 2.718 4.877 4.772 4.205
10/1/2024 5.446 10.755 3.851 4.907 4.809 5.717 5.914
11/1/2024 10.375 13.361 5.239 5.940 9.967 7.486 8.728
12/1/2024 12.525 14.618 7.134 8.619 11.162 9.966 10.671
1/1/2025 12.483 17.057 15.851 16.823 17.103 16.239 15.926
2/1/2025 19.432 23.654 23.456 21.817 26.897 20.062 22.553
3/1/2025 8.367 14.139 8.829 9.583 12.953 9.524 10.566
4/1/2025 9.452 13.544 8.102 7.884 8.792 7.631 9.234
5/1/2025 6.436 11.677 3.954 4.693 8.207 6.845 6.968
6/1/2025 5.367 10.187 4.383 3.788 7.243 5.704 6.112
7/1/2025 -1.825 6.953 3.903 3.670 5.985 4.840 3.921
8/1/2025 3.249 8.114 2.968 2.053 7.075 4.779 4.706
9/1/2025 0.862 8.458 3.325 2.761 5.220 4.936 4.260
10/1/2025 5.403 11.015 4.108 4.985 5.780 5.881 6.195
11/1/2025 10.117 13.621 5.212 6.035 10.567 7.650 8.867
12/1/2025 11.907 14.878 6.925 8.756 10.764 10.130 10.560
1/1/2026 11.789 17.317 15.954 17.091 17.851 16.403 16.067
2/1/2026 18.553 23.914 24.199 22.163 27.179 20.226 22.706
3/1/2026 7.868 14.399 8.965 9.735 13.238 9.688 10.649
4/1/2026 8.803 13.804 8.402 8.010 8.649 7.795 9.244
5/1/2026 6.124 11.937 4.148 4.767 8.783 7.009 7.128

and humidity. For the mean temperature forecast,
the temperature peaks during the beginning and
the end of the dry season, which are May and
October, and drops during the peak of the wet
season, which is February.

END SECTIONS
CONCLUSION

SARIMA and the Holt-Winter method are
both commonly used for their effectiveness in
forecasting tasks. For the SARIMA method, the
grid search parameters are limited using obser-
vations from the ADF test for stationarity, ACF
plots, and PACF plots. By observing the data prior
to using a grid search, hardware limitation can
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Table 14: Parametric error test results of Jakarta mean temperature forecasting

SARIMA Holt-Winters

Halim Kemayoran Tanjung Priok Halim Kemayoran Tanjung Priok
Station Station Station Station Station Station

MSE (1 year) 0.223 0.223 0.089 0.253 0.207 0.201
MSE (2 year) 0.183 0.183 0.074 0.167 0.179 0.211
RMSE (1 year) 0.472 0.323 0.298 0.503 0.454 0.448
RMSE (2 year) 0.428 0.314 0.272 0.409 0.423 0.460
NRMSE (1 year) 0.071 0.090 0.088 0.076 0.127 0.133
NRMSE (2 year) 0.065 0.087 0.081 0.062 0.118 0.136
MAE (1 year) 0.351 0.291 0.255 0.426 0.387 0.379
MAE (2 year) 0.315 0.278 0.226 0.332 0.340 0.367
NSE (1 year) 0.516 0.808 0.808 0.450 0.621 0.567
NSE (2 year) 0.551 0.787 0.812 0.591 0.612 0.465

Table 15: Parametric error test results of Jakarta humidity forecasting

SARIMA Holt-Winters

Halim Kemayoran Tanjung Priok Halim Kemayoran Tanjung Priok
Station Station Station Station Station Station

MSE (1 year) 4.894 2.613 4.433 8.265 2.235 4.836
MSE (2 year) 4.916 2.980 3.556 13.832 6.155 11.328
RMSE (1 year) 2.212 1.616 2.105 2.875 1.495 2.199
RMSE (2 year) 2.217 1.726 1.886 3.719 2.481 3.366
NRMSE (1 year) 0.079 0.079 0.057 0.102 0.073 0.060
NRMSE (2 year) 0.079 0.085 0.051 0.132 0.121 0.092
MAE (1 year) 1.943 1.403 1.780 2.360 1.099 1.726
MAE (2 year) 1.934 1.451 2.974 2.943 2.173 2.911
NSE (1 year) 0.830 0.841 0.744 0.713 0.864 0.721
NSE (2 year) 0.808 0.880 0.839 0.459 0.751 0.486

Table 16: Parametric error test results of Jakarta rainfall rate forecasting

SARIMA Holt-Winters

Halim Kemayoran Tanjung Priok Halim Kemayoran Tanjung Priok
Station Station Station Station Station Station

MSE (1 year) 26.637 14.749 10.847 38.822 11.661 9.051
MSE (2 year) 57.432 37.475 17.229 64.277 43.754 20.715
RMSE (1 year) 5.161 3.841 3.293 6.231 3.415 3.008
RMSE (2 year) 7.578 6.122 4.151 8.071 6.615 4.551
NRMSE (1 year) 0.074 0.092 0.096 0.090 0.092 0.087
NRMSE (2 year) 0.109 0.147 0.121 0.115 0.147 0.132
MAE (1 year) 4.154 3.315 2.518 5.452 2.934 2.338
MAE (2 year) 5.792 4.237 3.318 6.930 4.279 3.585
NSE (1 year) 0.230 0.617 0.630 -0.123 0.697 0.691
NSE (2 year) 0.397 0.607 0.733 0.325 0.541 0.679

be minimized as running a full grid search can
be computationally inefficient. The Holt-Winter
method is relatively straightforward, especially
when the data requires no adjustment. For the
purposes of this study, SARIMA models are
proven to provide better results than the Holt-
Winter models. The methods have also shown that
the most optimal variable to be forecasted using
SARIMA and Holt-Winter is the humidity, while
the least optimal is the rainfall rate. These state-
ments are obtained from observing the parametric
error tests. Despite the results of the tests, all
models from both methods show some somewhat

iterative patterns after the first period of forecast-
ing. Therefore, using SARIMA and Holt-Winter
to forecast beyond one year is not recommended.
This result might affect the method’s inability to
capture the component precisely, and there is a
possibility of unpredictable future events, such as
Covid-19.

The results of the forecast can be utilized
to observe Jakarta’s climate. The results demon-
strate the characteristics of dry and wet seasons
in Jakarta from May 2020 to May 2021. As
shown by the study, the dry season will occur
from May to October, while the wet season will
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Table 17: Forecasting method assessment for each data sets
SARIMA Holt-Winters Better-fitted method

AVG NRMSE AVG MAE AVG NSE AVG NRMSE AVG NSE AVG MAE

Mean temperature data

Halim Station 0.068 0.333 0.534 0.069 0.379 0.521 SARIMA
Kemayoran Station 0.089 0.285 0.798 0.123 0.364 0.617 SARIMA
Tanjung Priok Station 0.085 0.241 0.810 0.135 0.373 0.516 SARIMA

Humidity data

Halim Station 0.079 1.934 0.819 0.117 2.652 0.586 SARIMA
Kemayoran Station 0.082 1.427 0.861 0.097 1.636 0.808 SARIMA
Tanjung Priok Station 0.054 2.377 0.792 0.076 2.319 0.604 SARIMA

Rainfall rate data

Halim Station 0.092 4.973 0.314 0.103 6.191 0.101 SARIMA
Kemayoran Station 0.120 3.776 0.612 0.120 3.607 0.619 Holt-Winter
Tanjung Priok Station 0.109 2.918 0.682 0.110 2.962 0.689 SARIMA

occur from November to April. The results also
generally show stable values for all three climatic
variables, in line with what can be expected from
the climate of a tropical country. Future envi-
ronmental studies can use this study’s results as
a foundation to perform further climate analysis
on the meteorological conditions of Jakarta, and
other such regions heavily impacted by climate
change.
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