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Abstract

Several studies indicate that Indonesia's position on the equator, where winds from the northern and southern hemispheres converge,
leads to year-round rainfall in Indonesia. Previous studies have also shown the presence of monsoon winds over Indonesia, which
causes rain in Indonesia to follow the Asian and Australian monsoon wind patterns. Recently, variations in rainfall patterns and
intensity in Indonesia have been highly volatile and difficult to predict. This study uses gridded data analysis of ocean-atmospheric
rainfall for 69 years (1948-2016) to detect monsoonal, equatorial, and local signals and relate them to ENSO and IOD events.
Rainfall analysis reveals that the first mode accounts for 38.57%, the second 13.92%, and the third 8.93% of the total variance.
These results show that these variants are very variable, both in space and time. Monsoonal patterns were detected in the southern
region of Indonesia, equatorial patterns in northern Sumatra and western Kalimantan, while local patterns were detected in Maluku
and the Maluku Islands. Furthermore, the monsoonal and local rainfall patterns are strongly correlated (> 0.85) with local SST,
but the equatorial rainfall pattern is weakly correlated (< 0.5) with local SST. Note that the equatorial pattern is associated with
the Inter-Tropical Convergence Zone (ITCZ) phase. The varied vector correlation map illustrates the asymmetric fluctuations in sea
surface temperature and the simultaneous existence of winds coming from the west from the Indian Ocean and winds coming from
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the east from the Pacific Ocean during the period of heavy precipitation.
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1. INTRODUCTION

The monsoon and the convergence zone’s northward and south-
ward displacement in response to the sun’s visible shift are re-
lated to Indonesia’s precipitation (Kajita et al., 2022). When
two circulations of air from different poles of the atmosphere
collide, the air rises to the integration zone. Convergence is
a shift of wind to a point that results in upward movement,
and the area where integration arises is known as a converged
area. (Yamanaka, 2018). The Inter-tropical Convergence Zone
(ITCZ) is a very limited region that occurs at low latitudes.
The I'TCZ is also known as the heat equator or equatorial front
(Lestari et al., 2019; Liu et al., 2024). The position of the At-
lantic and Pacific Oceans of the ITCZ, is very closely connected
to the doldrums (5°N-5°S area), so the I'TCZ is the boundary
between the strong maritime airflow from the northeast to the
southeast, while over the continent the shift in the ITCZ po-

sition appears more pronounced. The monsoon circulation
is connected to the north-south shift of the ITCZ and also
depends on seasonal contrasts in land and ocean heating as
a complex system (Nugroho et al., 2021). The ITCZ moves
northward in boreal (northern hemisphere) summer (July) and
moves southward in boreal winter (January) following the lo-
cation of maximum solar heating. In July, when the summer
maximum occurs in the Northern Hemisphere, the position
of the ITCZ is around 25° N above the Asian continent and
between 5 and 10° N above the ocean (Ariska et al., 2024 a;
Zhang et al., 2020; Zheng, 2019). In January, when the sum-
mer maximum occurs in the Southern Hemisphere, the ITCZ
is around 15° S above the land (continent) and near the equator
above the ocean. The I'TCZ’s position will definitely have an
impact on rainfall in areas where it has been detected, and this
will probably result in wet periods and rainy weather. Twice
a year, the I'TCZ occurs exactly on the equator, namely in
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September and March. Therefore, in these months above the
equator there is a convergence that contributes to increased
rainfall (Iskandar et al., 2022).

Many studies show the existence of monsoon winds in In-
donesia (Liu et al., 2024; Mulsandi et al., 2024). However,
Because of research indicating that the region close to the equa-
tor between 10°S and 10°N does not fit under the conventional
monsoon climate because it receives abundant annual rainfall,
this region is still not properly characterized. (Campos et al.,
2024; Estrela et al., 2024). Indonesia is understood as an is-
land on the equator, which is marked by two times the annual
maximum amount of rainfall and a protracted rainy season that
is followed by a brief dry season. For regions south and south-
east of the equator, the dry season will progressively lengthen
(Ariska et al., 2024b). A monthly rainfall pattern having 2 (two)
maxima within a year is known as a bimodal pattern. The study
of regional monsoons, many scientists would like to focus on
other massive quantities phenomena, such El Nino—Southern
Oscillation (ENSO), rather than discussing how these mon-
soon and equatorial regions are detected. The Meteorology,
Climatology, and Geophysics Agency is still working at track-
ing Indonesia’s rainy season activity using the AUSMI index,
which is based on local rainfall in Australia (Chang et al., 2005;
Liu et al., 2024; Zhang et al., 2020), while the monsoon is a
strong regional characteristic (Liu et al., 2024; Mulsandi et al.,
2024). Thus, in an attempt to reduce the detrimental effects of
hydrometeorological disasters on the environment and econ-
omy in these regions, it is imperative to first define the area of
Indonesia’s monsoon, equatorial, and local rainfall patterns.

The link between SST and rainfall patterns over the In-
donesian region has been demonstrated by earlier investiga-
tions (Aldrian and Susanto, 2003; Ariska et al., 2024a,b; Mul-
sandi et al., 2024). They demonstrate how suppression of (in-
creased) evaporation in response to cooling (warming) leads to
decreased (higher) rainfall. Additionally, the variability of rain-
fall in Indonesia may be considerably influenced by both local
and distant SST. The simultaneous influence of both nearby
and far-off SSTs, however, makes it challenging to identify
which has the greatest impact on Indonesia’s rainfall variability.
This emphasizes the need for a deeper comprehension of the
dynamics behind Indonesia’s rainfall variation. Furthermore,
the majority of earlier research relied on straight forward an-
alytic techniques like composites and correlations based on
certain reference grid points or indices, which necessitate sub-
jective interpretation of the time series selection. Thus, the
EOF approach is used in this work to investigate the temporal
evolution, spatial pattern, and interaction of rainfall variability
with SST and the patterns of winds.

In order to analyze spatial forms of variability and their
temporal variations, EOF analysis has been applied extensively.
There is no physical foundation for the EOF analysis. It is ac-
complished by computing the eigenvalues and eigenvectors of
an anomalous covariance matrix of a set of data that is weighted
geographically. The fraction of variation that each mode ex-
plains is represented by the computed eigenvalues. The time
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series of the different modes (principal components) are cre-
ated by projecting the resulting eigenvectors onto the spatially
weighted anomalies. The amplitude of each mode across the
data period will be the outcome (Iskandar et al., 2022; Lestari
etal., 2019; Mulsandi et al., 2024). Furthermore, the precipi-
tation data that was used, which was derived from climatic data
products from the Princeton Global Meteorological Forcing
Dataset, had a large time span and high resolution, spanning
from January 1948 to December 2016. This data has daily
spatial resolution and high spatial resolution (0.250 0.250).
This enables more in-depth study at the regional and global
levels. This data, which includes regions with little direct obser-
vational data, like the oceans and remote locations, is created by
combining observational data and reanalysis models covering
the whole surface of the world. Princeton University’s monthly
rainfall data has been used in a number of research, such as
those by Zhang et al. (2020) and Beck et al. (2017).

This study attempts to determine the temporal and spatial
variations of rainfall in Indonesia and connect it to ENSO and
[IOD. For this purpose, we first performed an EOF analysis to
detect monsoonal, equatorial, and local rainfall signals. These
three signals are, then, classified based on their spatial charac-
teristics. Second, we conducted correlation analysis between
SST and wind on precipitation to explain possible influences
of tropical climate modes.

2. EXPERIMENTAL SECTION
2.1 Data Collection

This research examines monthly rainfall data over the Indone-
sian region, bound by an area between 11° S to 6° N and
90° to 140° E, as shown in Figure 1. Monthly precipitation
data from Princeton University in link http://hydrology.
princeton.edu/data/pgf/v3/0.25deg/daily/ (accessed on
14 April 2028) is used to create monthly rainfall data with a
horizontal resolution of 0.250 0.250 is taken from monthly
precipitation data from Princeton University. This study em-
ploys monthly SST, vertical velocity, zonal wind (u10), merid-
ional wind (v10), and rainfall data from the ERA5 monthly av-
eraged data link https://cds.climate.copernicus.eu/ (ac-
cessed on 8 November 20238). National Center for Environ-
mental Prediction (NCEP) is an advanced version of the NCEP-
NCAR reanalysis. The selection of this study area is expected
to represent the response to the impact of precipitation vari-
ability, especially precipitation in the Indonesian region. The
mean precipitation in each region of Indonesia calculated from

1948-2016 can be seen in Figure 1.

2.2 Methods

2.2.1 EOF Analysis

The EOF technique looks for a new set of variables that repre-
sent most of the observed variance in the data by utilizing a lin-
ear combination of the original variables. Since the early 1950s,
atmospheric scientists have developed Empirical Orthogonal
Functions (EOFs), as demonstrated by the works of Obukhov
(1947), Obukhov (1960), Fukuoka (1951), and Lorenz (1956).
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Figure 1. Average of Rainfall for Each Region of Indonesia

Lorenz (1956) invented the EOF terminology and used it in a
Massachusetts Institute of Technology forecasting study. EOFs
have now widely used as analysis tools in the field of climate
research.

A matrix is broken down into three parts by EOF: a diag-
onal matrix with single values along its major diagonal, two
orthogonal matrices (sometimes referred to as the left and right
single vectors), and a matrix. In this work, EOF is employed
to examine the spatiotemporal variability of climatic modes,
identify their patterns, and further measure the significance
of each pattern. Spatial and temporal modes are meant to be
kept apart via EOF. Our research focuses mostly on data vari-
ability analysis instead than long-term trends. EOF analysis
is a statistical technique that reduces data by constructing a
new coordinate system with maximum variance by changing a
previous linear system of coordinates. Data dimensions can be
decreased via principal component analysis without materially
altering the data’s qualities. In technical terms, EOF analysis
is a method for taking large amounts of multivariate data and
reducing them so that an initial or original data matrix can be
changed (transformed) into a smaller set of linear combinations
that nevertheless capture the majority of the variation from
the original data. The explanation of as much variance in the
original data with as few principal components as possible is
the primary objective of EOF analysis.

In addition, The EOF is a technique for identifying re-
current patterns that are changing over time and space based
on data (Tang et al., 2024). Reducing a high number of data
variables to a small number of variables while maintaining the
majority of the original data’s variation is the primary goal of
EOF analysis (Horii et al., 2022; Lestari et al., 2019). The
Indonesian Region’s spatial and temporal patterns can be found
using the EOF approach, which is expected to extract informa-
tion directly from the rainfall data so as to classify the spatial
and temporal ocean-atmosphere phenomena recorded in the
data. Finding the covariance matrix from the rainfall data ma-
trix is the first step in the EOF analysis process which has been
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defined in Equation (1), namely (Iskandar et al., 2008, 2017):

1

z:n_lx'f'x (1)

The covariance matrix ¥ in Equation (1) is a real symmetric
matrix that has eigenvectors e, (x, y) and positive eigenvalues
A. By using eigen values equation, the eigen values can be
written as in Equation (2):

RE, = A,en 2)

From Equation (2), the eigenvalue A and the eigenvector e
are obtained which satisfy the equations |[R — 21| = 0 and
(R—A1)e = 0. The eigenvector is an orthogonal EOF temporal
variability, thus satisfying the Equation (8) (L.yons, 1982):

Zi\jyzlem(xi;yi)en (i, y) =0,m #n 3)

Forecasting the original data on the temporal variability
yields the new equation, which is the spatial variability u,, (¢).
Singleton defines it as the multiplication of the eigenvector
uy (x, ) with the initial data matrix X (s, £) which is defined in
Equation (4):

wn(t) = 2 X (2, p, Den(x, 3) “)
2.2.2 Correlation Map
Based on the recommendations of Iskandar et al. (2022) and
Aldrian and Susanto (2003), we investigated the statistical re-
sults of EOF analysis using homogeneous and heterogeneous
correlation maps. Vector representing the relationship between
eigen value at each grid point and its 2-th mode expansion
coeflicient. This indicator allows for the eflicient evaluation of
the geographical distribution of the current covariance com-
ponents and their h-th modes. In order to build a correlation
between two planes, the ~-th heterogeneous correlation map
is defined as an array of correlation values that depicts the
relationship between the grid points of one plane and the ex-
pansion coefficients of the ~-th mode of that plane. In order to
build a correlation between two planes, the i-th heterogeneous
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Figure 2. Spatial Mean (a) and Standard Deviation (b) at EOF1
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Figure 3. Spatial Mean (a) and Standard Deviation (b) at EOF2
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Figure 4. Spatial Mean (a) and Standard Deviation (b) at EOF3

correlation map is defined as an array of correlation values that
depicts the relationship between the grid points of one plane
and the expansion coefficients of the A-th mode of that plane.
This statement explains how far it is possible to forecast with
certainty the values of the grid points in the second plane.
When using EOF, the relationship between a particular
variable’s h-th expansion coeflicient and the matching grid of
point values is represented by the correlation map for the i-th
mode. Homogeneous map would show correlation between the
same variables, but a heterogeneous map would show correla-
tion between different variables included in the EOF. In every
instance, the contours that are shown show the distribution
of the current modes of action centers, scaled as correlation
coeflicients. The process of creating vector correlation maps in-
volves figuring out how well the h expansion coeflicients of one
variable correlate with different vector field elements, like the
and components of the wind vector. The obtained correlation
values can be characterized as vector correlation components.
The strength of the association is directly proportional to the
length of the arrow, which represents the direction of the wind.

2.2.3 Fast Fourier Transform (FFT) Spectrum Algorithm

Cooley et al. (1969) created the Fast Fourier Transform (FFT)
analysis method. The Discrete Fourier Transform (DFT), a
technique for evaluating signals or data in the frequency do-
main, is sped up by this algorithm. In order to identify the
dominant frequency of the corresponding PC, rainfall anoma-
lies with the highest power/amplitude in the time series are

© 2024 The Authors.

analyzed using FFT. When determining a sequence’s DFT,
this algorithm is crucial. Time signals can be transformed into
frequency domain signals using FFT. When DFT is used for
periodic spectral analysis of signals, it displays mathematical
properties that are strikingly comparable to those of the inte-
gral Fourier transform. For a series with N terms, the FFT
approach only needs 2N Log2N operations, whereas the DFT
approach takes N squared (N?) operations. As a result, the
FFT method quickly and accurately produces spectral data and
accelerates the harmonic analysis process. Since DFT and the
Fourier transform of continuous waveforms are closely related,
DFT is frequently substituted with FFT Yamanaka (2016).

DFT exhibits mathematical characteristics in the periodic
spectral analysis of signals that are very similar to the inte-
gral Fourier transform. The DFT approach for a series with
N terms require N squared (N?) operations, while the FFT
only requires 2Nlog2N Thus, the FFT technique efficiently
generates spectral data and performs harmonic analysis with in-
creased speed while maintaining high accuracy. DFT is strongly
connected to the Fourier transform of continuous waveforms,
i.e., FFT is often used instead of DFT Yamanaka (2016).

The FFT algorithm’s representation of the rainfall time
series as a function of y(z, y, t) is presented in Equation (5),
where x is the number of pixels or longitude, v is the number
of lines or latitude, and ¢ is the time measured in months.
Therefore, y(x, v, t) can be written as a linear combination of
elementary periodic functions as in Equation (5):

')’(.’L’, Y, t) = Z?m = I)A(x’y)nei[(wm—qﬁ(x,y))n] (5)
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Figure 5. Spatial Mean (a) and Standard Deviation (b) at EOF3

where w, is the frequency, A4 is the amplitude, and g is the
phase lag. The frequency is directly proportional to the period
7 with w, = 2¢/7,. ® represents a collective series of events
that occur within a cycle. The phenomenon is a specific time
span that is defined by a particular combination of amplitude
and phase that repeats a sequence of phenomena.

2.2.4 Composite Analysis

We used composite analysis as suggested by Ge et al. (2024)
and Katsumata et al. (2018). Composite analysis is used to
understand rainfall patterns over a certain period of time by
combining data from various sources or periods. By imple-
menting the combined or average value of the primary PC,
SST, zonal wind (ul0), and meridional wind (v10) at 10 me-
ters above sea level, the spatial influence of each climatic mode
event (i.e., IOD and ENSO) on rainfall in Indonesia is com-
puted and observed. In the years when Indonesia had IOD

© 2024 The Authors.

(positive and negative IOD) and ENSO (EI Nino and La Nina)
events, this average is computed using the composite approach.
Compared to the SST anomaly covering the southeastern por-
tion of the tropical Indian Ocean and the Indonesian Sea, the
SST anomaly covering the equatorial region of the western In-
dian Ocean and the eastern equatorial Pacific Ocean is colder.
In Indonesia, the SST anomaly during negative IOD is warmer
than that during the La Nina event. The maximum intensity of
positive SST anomalies in this region is +1.0°C under negative
IOD phenomenon. In the meantime, the greatest intensity
during La Nina is approximately +0.7°C. Increased water va-
por in the lower atmosphere as a result of wind convergence
brought on by the warm SST anomaly increases atmospheric
convection activity over the maritime continent. In Indonesia,
the result of this scenario is an increase in rainfall.

On the opposite side, Indonesia’s climate is significantly
impacted when ENSO occurrences take place during the ASO

Page 1014 of 1023



Ariska et. al.

Science and Technology Indonesia, 9 (2024) 1009-1023

349.7
n
2423 S
1]
>
134.9
o
w
27.5
-79.8

93°E

93°E

113°E

Figure 6. Monthly Climatology EOF1 from January 1948 to December 2016

and ND]J seasons. Rainfall and the ENSO and 1OD climate
mode indexes form a related pattern during the ASO and ND]J
seasons. The classification of dry years caused by the El Nino
event was obtained based on the analysis of SST anomalies
in the Nino3.4 region and the gradients of the West Tropical
Indian Ocean and Southeast Tropical Indian Ocean, namely
in 1951, 1957, 1968, 1965, 1967, 1969, 1972, 1976, 1982,
1986, 1987, 1991, 1994, 1997, 2002, 2004, 2006, 2009, and
2015. Positive IOD years were found in ten out of the nineteen
drought years. Conversely, rainy years, which happened in
1949, 1950, 1954, 1955, 1964, 1971, 1973, 1975, 1988,
1998, 2000, 2010, 2016, are normalized rainfall anomalies
above 1.0. Eleven positive IOD events that coincided with El
Nino events are considered to be part of the IOD phenomena,
whereas three non-El Nino/La Nina years and nineteen La
Nina years included eight negative IOD events.

© 2024 The Authors.

3. RESULT'S AND DISCUSSION

3.1 Detection of Dominant Rainfall Patterns in Indonesia
The variance of the ten primary modes obtained from the
EOF analysis of rainfall data from Indonesia is shown in Table
1. The percentage of this fraction to the overall variation is
provided. Principal components (PC) are a spatial pattern that
symbolizes the explained variance for each mode. The PC time
series is the temporal evolution of the PC pattern. The results
of the computations indicate that there are multiple forms of
rainfall variability in the Indonesian area.

Based on the multiple correlation method (DCM), Aldrian
and Susanto (2008) identified the monsoon area, which is
similar to the distribution of areas seen in PC1. But we did
notice a little change in the areas of Kalimantan and Sumatra.
As a result, utilizing a fresh dataset, the results offer an up-
dated representation of the PC1 region. The increased spatial
load on the variance—nearly three times higher than the other
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modes—indicates that the first PC (Figure 2) has the strongest
dominant pattern in southern Indonesia. The network in the
southern and northern regions of Indonesia clearly differs from
one another, indicating that the northern region of Indonesia
has comparatively modest loading. Identified geographical the
monsoon pattern shown in the PC pattern is somewhat reminis-
cent of the winter monsoon pattern seen in Asia. Consequently,
this disproves the assertion that and clarifies the presence of
the Indonesian monsoon (Baeda et al., 2019; Hendon, 2008;
Kurniawati et al., 2020).

The second PC (Figure 8) has the second dominant pattern
in Indonesia, which was detected in the western part of Sumatra
Island and the western part of Kalimantan Island. This is indi-
cated by the higher spatial load on the variance, almost three

© 2024 The Authors.
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times greater than other modes. Geographically, the observed
PC pattern shows an equatorial pattern because it coincides
with the equator in Indonesia. Meanwhile, the third dominant
pattern was detected in Maluku and the Maluku Islands, as
shown in Figure 4.

In order to identify the emergence of these three signals, we
utilized the FFT method to examine the frequency of PC time
series. Figure 5 illustrates an examination of the Indonesian
rainfall temporal pattern using PC1, PC2, and PC3 modes.
There are six months in the dry phase and another six months in
the wet phase, as indicated by the significant spectral peak seen
in the PC1 power spectrum linked to rainfall anomalies for the
time series FF'T power spectrum’s one-year frequency range
(see Figure 5). Based on FFT analysis of the periodicity of each
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Figure 8. Monthly Climatology EOF3 from January 1948 to December 2016

PC time series produced using EOF analysis, the remaining
PCs depict non-annual patterns (Aldrian and Susanto, 2008;
Iskandar et al., 2017).

The periodogram of each PC is investigated to clarify which
frequencies dominate the rainfall pattern in each region from
each main coeflicient of the resulting EOF mode. Figure 5
shows the eigenvalue spectrum of the three main regions of the
resulting EOF. Along the x-axis are displayed significant time
scales, which has annual (12-monthly) signals. The spectrum
of the EOF1 region has a strong annual signal with amplitude
values of 7226, 3347, and 1846, respectively. Minimum stan-
dard deviation of the annually cycle further suggests a strong
homogenous pattern in the significant seasonal signal of the
EOF1, EOF2, and EOF3. In addition, there are signals that

© 2024 The Authors.

appear over a period of more than a decade that may be related
to the Indo-Pacific mode.

The results of the monthly climatological average PC values
for the three main EOF regions show different climate patterns.
The rainfall pattern detected in the PC1 region is the opposite
of PC3, which can be observed in Figure 6-8. The finding
is consistent with earlier studies’ findings, including those of
Aldrian and Susanto (2003), which were discussed in the pre-
ceding sub-chapter. Meanwhile, the EOF2 region has different
fluctuations {rom the other two regions.

The EOF spectrum highlights a strong annually (12-monthly)
signal, as seen in Figure 5. The monsoon, equatorial, and local
signals based on the rainfall cycle that appears on the PC can be
identified using the findings of the EOF analysis that has been

Page 1017 of 1023



Ariska et. al. Science and Technology Indonesia, 9 (2024) 1009-1023

1.000

0.667

0.333

0.000

-0.333

-0.667

-1.000

1.000
0.667

. " 0.333
N 0.000
) -0.333

2 -0.667

-1.000

1.000

0.667

0.333

0.000

-0.333

-0.667

-1.000

Figure 10. Correlation of SST, Zonal and Meridional Wind on EOF2 (a) ASO and (b) ND]

© 2024 The Authors. Page 1018 of 1023



Ariska et. al.

Science and Technology Indonesia, 9 (2024) 1009-1023

0.667

0.333

0.000

-0.333

-0.667

-1.000

4.125°N/
0.875°N

|I5.875°N

0.875°N.
93.125°E 103, 125 E M3.a25° ﬁb’ZJ 125°E 133.125°E

4125 j
0.875°

I5.875°N

10.875°N 5 - -
93.125°E 103.125°E 13.a25° E‘ "123 125°E 133.125°E

93.125'E 103125 E N3.125°E l?_'l J125°E 133125 E

m'.”nnfo o 0 ) 0
93.125°E 103.125°E M3.125 ﬁ '|23 125°E 133.125°E

93125 E 103 125 E M3. 'IZSE. 123 125°E 133.125°E

.50 0 4128°N|

r-33.3
-75.0
N6.7

-158.3

m_n‘o'"’e <) l 0 0 (s
93.125°E 103.125°E 113.25°E 123.125°E 133.125°E

0.875°

5.875°N

Figure 12. Composite EOF in the Neutral Year for (a) (d) EOF1, (b) (¢) EOF2, and (c) () EOF3 for the ASO (left) and ND]J
(right) Seasons. The Two-tailed t-test’s 95% Significant Rainfall Anomalies Are Indicated by Color

conducted. The EOF technique yields distinct boundaries and
demonstrates that annual signals and a few semi-annual signals

predominate in the spectrum.
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3.2 Simultaneous Correlation of Dominant Patterns with
SST and Wind

In order to improve comprehension of the impact of SST

and wind on dominant rainfall patterns, correlation analysis is
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Table 1. Percentage of Variance of Ten PCs of Rainfall Variabil-
ity in Indonesia Using EOF Analysis

Eigen Values
PCs Variance  Cumulative
PC1 38.57% 38.57%
PC2 18.92% 52.50%
PC3 8.93% 61.40%
PC4 5.74% 67.17%
PC)H 3.16% 70.34%
PC6 2.33% 72.68%
pPC7 2.09% 74.77%
PC8 1.72% 76.50%
PC9 1.48% 77.93%
PC10 1.39% 79.33%

applied between the primary PCs and relevant atmospheric dy-
namic variables (wind and SST). The data indicate a strong (r =
0.86) correlation between the precipitation and local SST first
PC time series. Figure 9-11 illustrates the correlation coefhi-
cients for PC2 and PC3, which are 0.78 and 0.68, respectively.

These results illustrate the correlation of EOF1, EOF2,
and EOF3 providing results that are in line with the previous
analysis. In Indonesia, the ASO and ND]J periods, which mark
the closing of the dry season and the opening of the rainy sea-
son, have a positive correlation between local SST and EOF1,
EOF2, and EOF3. This correlation explains that warm local
SST increases the convective zone around Indonesian waters,
both at PC1, PC2, and PC3, thereby influencing the intensity
of rainfall in the region.

The primary consistent PC map relating to variations in sea
surface temperature (SST) and rainfall during the Indonesian
monsoon is shown in Figures 7-9. Strong positive SST loading
in surrounding Indonesian waters defines the spatial pattern of
the first dominant phase. A dipole pattern of rainfall with neg-
ative (positive) changes in the north (south) accompanies this
variability. This demonstrates that rainfall is increased in the
southern part of Indonesia during the positive phase of the local
SST, particularly in locations where the correlation coefficient
is large. The Java Sea, South Java Sea, Timor Sea, Arafura Sea,
Flores Sea, and Banda Sea have the biggest yearly SST cycles,
as seen by Figure 7, where the pattern demonstrates larger load-
ing concentrations in comparison to the surrounding climate.
These findings are consistent with earlier research (Baeda et al.,
2019; Chang et al., 2004; Igarashi and Suryadarma, 2023) that
demonstrates a robust relationship between rainfall in region
A (monsoon region) and the local SST of South Maluku or
the Timor Sea (15-5° S, 120-135° E) (Aldrian and Susanto,
2003).

This is significant evidence of the Asian winter monsoon’s
dominant influence on Indonesian SST variations, as previ-
ously reported by Chang et al. (2004) and Iskandar et al. (2022).
It also shows that rainfall and SST variability in Indonesia are
clearly influenced by monsoon activity. Large regions south of
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5° S are cool (warm) during the southeast monsoon, which runs
from June to August (December to February). To identify the
primary dynamic driving forces of the dominant mode, more
investigation is done. Thus, using the 850 hPa wind regression
and each main component (PC) as a guide, we generate SST
correlation maps. The lowest point of air circulation at this
wind speed was selected since there are no surface disturbances
at this wind velocity (Annamalai et al., 2010). It is becoming
increasingly evident that the SST response to changes in air
circulation brought on by local warming of Indonesian SST is
linked to predominant rainfall variability. Convection, which
is dependent on SST;, is the predominant atmospheric mecha-
nism, and as a result, the SST and atmospheric dynamics of
the Indonesian region have a significant impact on the status
of the atmosphere in the region. An overview of Indonesia’s
predominant rainfall coverability, as well as that of the atmo-
sphere and oceans, has been given. This work aims to give
an overview of climate predictability, since local agriculture is
greatly impacted by rainfall variability in a given region.

3.8 The impact of ENSO and IOD on Indonesia’s Predomi-
nant Patterns of Rainfall

The mean precipitation in the three primary EOF mode zones
(non-El Nino/La Nina, positive and negative IOD) in neutral
years. Figure 12 demonstrates how EOF1, EOF2, and EOF3
all clearly display the decrease in rainfall that occurs during the
ASO season. Rainfall in EOF3, however, is extremely infre-
quent and uneven when compared to a neutral year’s equivalent.
Figure 12 also illustrates how precipitation in these three places
is significantly decreased near the end of the dry season in the
ASO season during neutral years.

During the ASO season, there is little to no rainfall, par-
ticularly in the EOF3 region, where there is very little rainfall.
Meanwhile, during Indonesia’s ND]J season, there is heavy rain-
fall virtually year-round in every location. In particular, when
calculating rainfall on an annual average basis, the EOF2 region
experiences more rainfall than the other two modes.

The composite results of EOF1, EOF2, and EOF3 re-
constructions for ENSO phenomena (El-Nina and La-Nina)
and IOD phenomena (positive IOD and negative IOD) in the
ASO and NDJ seasons are displayed in Figures 13—14. The
majority of Indonesia experiences a rainfall deficit during the
ASO season with good IOD events. In the southern section of
Sumatra, Java, and southern Kalimantan, which receives more
rainfall than other locations, the rainfall season begins during
the NDJ season. Interestingly, nevertheless, the northern re-
gion of Sumatra has a comparatively high surplus of rainfall in
positive IOD vyears rather than a deficit during peak positive
IOD event (ASO) years. A distinct pattern can be seen in the
combined rainfall anomaly during negative IOD episodes.

The majority of Indonesia’s land encompassed by the EOF1,
EO¥F2, and EOF3 sectors faces a rainfall deficit during the ASO
dry season. The EOF2 region isn’t any worse than the other
two zones, though. Particularly when both El Nino and Posi-
tive IOD occurrences happen, and it is even worse when they
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do so together. El Nino composite rainfall anomalies exhibit
a pattern resembling positive IOD events. Though it affects a
larger area, drought (negative rainfall anomaly) during EI Nino
events, particularly in the ASO season, is not as severe as it is

© 2024 The Authors.

during positive IOD occurrences. Conversely, when La Nina
is practically certain, there is an excess of rainfall during the
ASO season in every part of Indonesia, with the exception of

the.
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During the ND]J wet season, all major EOF mode regions
mostly show a rainfall surplus (composite results not shown),
especially the EOF1 and REOF2 regions, with the EOF2 re-
gion being much higher and positive than the other two regions.
The excess rainfall in the NDJ wet season is mostly caused by
La Nina and Negative IOD years, and it gets worse when they
happen at the same time. The differences in rainfall that occur
in all EOF reconstruction modes during the ENSO and IOD
phenomena years are clearly illustrated. These two phenomena
have a big impact on the climate in Indonesia.

Researchers studying climate change find it crucial to iden-
tify Indonesia’s climatic type based on rainfall characteristics
and current data. Based on EOF statistics, this study has as-
sessed and observed the extent to which the ENSO and IOD
phenomena impact Indonesia’s climate. As a resul, it is crucial
for the general public to be aware of the temporal and spatial
distribution of rainfall in Indonesia, particularly the govern-
ment, which sets policies. This research helps paint a clear
picture of the potential effects of the dynamics of the Trop-
ical Indian Ocean (T1O) and Tropical Pacific Ocean (TPO)
during a climate mode anomaly on Indonesia’s climate change.
The greatest risks to the social and economic well-being of a
society are hydrometeorological disasters, which policymakers
can mitigate by adopting the appropriate attitude

4. CONCLUSIONS

This study clearly shows that there is a monsoon season in
Indonesia based on Indonesia’s main rainfall patterns. We
can determine the temporal and geographical patterns of sea-
sonal rainfall using the EOF technique. These simulations’
results unquestionably show that the Indonesian region suffers
an abundance of patterns of rainfall variability. The first PC
explained 88.57% of the total rainfall variance in Indonesia,
the second PC 13.92%, and the third PC 8.93%. Rainfall in
Indonesia fluctuates widely. The first dominating PC variance
explains less than half of the overall variance. At the peak of
the dry season (ASQ), there is a significant correlation (> 0.85)
between the predominant rainfall pattern in Indonesia and
SST and wind, which decreases at the initial phase of the rainy
season (NDJ). The predominant pattern of rainfall clearly in-
dicates that the dry season, which runs from May to October,
is marked by strong easterly winds and a notable drop in pre-
cipitation. November through April is when the rainy season
occurs. The present study offers conclusive responses to the
inquiries posed by the scientific community on the presence of
monsoon and regional precipitation in Indonesia. The variabil-
ity of Indonesia’s dominant rainfall is studied by correlating
Indonesia’s dominant rainfall with local SST. This variability
definitively shows that rising local SST causes increasing and
sensitivity to changes in rainfall in Indonesia.
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