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El Nino-Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) can
reduce the amount of rainfall in Indonesia. The previous study found that ENSO
and IOD derived from the OISST dataset have an association with hotspots in
Indonesia, especially in southern Sumatra dan Kalimantan. But the correlation
results are still too small, and the correlation strength between regions has not
been analyzed. Therefore, this study quantifies the association of the estimated
ENSO and IOD derived from the ERA5 dataset on hotspots in Indonesia based
on a Heterogeneous Correlation Map (HCM) and analyzes the correlation
strength between regions in Indonesia. We use a singular value decomposition
method to quantify this HCM. Besides OISST, ERAS5 is an estimation data often
used for weather forecast analysis. Therefore, this study quantifies the association
of the estimated ENSO and IOD derived from the ERAS5 dataset on hotspots in
Indonesia based on a Heterogeneous Correlation Map (HCM) and analyzes the
correlation strength between regions in Indonesia. Based on variance explained
and correlation strength, the hotspot in Indonesia is more sensitive to ENSO and

10D derived from ERAS than OISST. Consequently, the ERA5 data more useful
to statistical analysis that requiring a substantial correlation.
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1. Introduction

Indonesia is a tropical country with rainy and dry seasons (Aldrian, 2008). Generally, Indonesia's
rainy and dry seasons occur during the west and east Asia-Australian monsoon, respectively. Even
though the seasons occur periodically, the season's length can vary each year, such as the longer the dry
season (Ashok et al., 2003). One of the factors that cause seasonal shifts in Indonesia is global climate
phenomena such as the Indian Ocean Dipole (IOD) and the El Nino-Southern Oscillation (ENSO) (Saji
et al., 1999).

ENSO and IOD have a high impact on reducing rainfall in Indonesia (Nur’utami and Hidayat, 2016).
ENSO and IOD can be indicated using Nino3.4 and Dipole Mode Index, respectively. There are many
negative impacts from the reduced rainfall, such as drought, crop failure, and forest fires. Forest fires are
a disaster that often occurs in Indonesia. Forest fires can reduce air quality so that many people are
infected Acute Respiratory Distress Syndrome (ARDS) (Saharjo and Ramadhania, 2019; Perwitasari and
Sukana, 2012). The forest fire indicator that is generally used is a hotspot (Ikhwan, 2016).

The previous study found that anomalies SST in the Nino3.4 region associated with hotspots in South,
East, and Central Kalimantan Provinces whereas anomalies SST in the DMI region associated with
hotspots in Lampung, South Sumatera, West, South, and Central Kalimantan Provinces (Daftri et al.,
2021). That study uses SST data derived from the OISST dataset and heterogeneous correlation map
based on singular value decomposition to describe the correlation of hotspots with ENSO variance and
10D variance on spatial patterns. However, the correlation results of that study are still too small, and
the correlation strength between regions in Indonesia has not been analyzed.

65



Nurdiati et al. / Jambura Geoscience Review (2021) Vol. 3 (2): 65-72

Besides OISST, ECMWF Reanalysis Fifth Generation (ERAS5) is an estimation data often used for
weather forecast analysis. The European Centre for Medium-Range Weather Forecast (ECMWF)
provides global forecasts, climate reanalysis, and specific datasets designed to meet different user
requirements. ECWMF is often used as reference data on weather forecasts, especially for member
countries, including Indonesia, and is often used to analyze weather and climate forecasting (Najib and
Nurdiati, 2021; Nurdiati, Sopaheluwakan and Najib, 2019). Reanalysis combines model data with
observations from across the world into a globally complete and consistent dataset using the laws of
physics (Hersbach et al., 2019a). We use ERAS datasets since ERAS5 has many innovative features. These
include hourly output throughout and an uncertainty estimate. The uncertainty information is obtained
from a 10-member ensemble of data assimilations with 3-hourly output (Hersbach et al., 2019b).

The higher correlation strength makes the data more useful to statistical analysis that requiring a
substantial correlation value to be used properly (Nurdiati, Sopaheluwakan, and Septiawan, 2021a).
Therefore, this study quantifies the association of the estimated ENSO and IOD derived from the ERAS5
dataset on hotspots in Indonesia based on a Heterogeneous Correlation Map (HCM) and analyzes the
correlation strength between regions in Indonesia. The results are expected to increase knowledge about
the association between sea surface temperature datasets, especially in Nino3.4 and IOD against hotspots
in Indonesia. Also, to find out which dataset has the highest association with hotspots. In the future, this
can be considered in selecting a dataset to develop a hotspot prediction model.

2. Materials and Method

2.1. Study area and datasets

The hotspot data obtained from the National Institute of Aeronautics and Space of Indonesia
(LAPAN) was derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensors of
the Terra and Aqua Satellites on a spatial resolution of 0.25° X 0.25° from 2001-2020 (Nurdiati et al.,
2021b). The hotspot data cover the Asia-Pacific area, but this study only uses Indonesian territory.
Meanwhile, estimated ENSO and IOD data were obtained from ECMWF Reanalysis Fifth Generation
(ERAD) that can be downloaded via cds.climate.copernicus.eu.

2.2. Heterogeneous correlation map based on singular value decomposition

Let Pand Sbe spatial X temporal 2-dimensional matrices of the hotspot and the anomaly of sea surface
temperature in Nino3.4 or IOD data, respectively. Using singular value decomposition (SVD), the
dimension of cross-correlation matrix PS” can be decomposed by

pST =uzvT (1)
U and V are singular vectors of Pand S, respectively, and X is a diagonal matrix containing singular values
o; of cross-correlation matrix PS” (Dafri et al., 2021). The singular value decomposition is a powerful
technique in many matrix computations and analyses. Using the SVD of the matrix in computation,
rather than the original matrix, has the advantage of being more robust to numerical errors (Leach, 1995).

Temporal Analysis was performed using the expansion coefficients of the P and § matrices. The
expansion coefficient of the P and S matrices was obtained from U”Pand V'S, respectively, and given by

E,=UTP

EZ — VT S (2)
E; and E, are temporal patterns of hotspot and ENSO or IOD, respectively (Bjornsson and Venegas,
1997). Spatial Analysis used the Heterogeneous Correlation Map (HCM) to describe the correlation of
hotspots in Indonesia with varying values of the ENSO or IOD. The HCM of hotspots is obtained from
the correlation between the expansion coefficient of ENSO or IOD and hotspots in Indonesia, given by
r(E,, P) (Bjornsson and Venegas, 1997).

This study uses Pearson correlation to calculate the association between hotspot and ENSO nor
hotspot and IOD (Benesty et al., 2009). In addition, several time lags were used to consider the delay of
ENSO and IOD effects on hotspots in Indonesia, namely a lag of 0 to 4 months.

This study only analyzes some of the main dominant spatial and temporal patterns of SVD results or
called modes. Each mode is obtained from each vector of the matrices generated by the SVD process.
For example, the first mode of the temporal patterns of hotspots is obtained from the first vector of the
matrix E;, the second mode is obtained from the second vector and so on. Moreover, the contribution of
each mode is represented by the squares of the singular value (67).
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Figure 1. The flow chart process of creating the heterogeneous correlation map based on singular value
decomposition between hotspot and ENSO nor hotspot and IOD

The total variance is the sum of the squares of the singular value g;. Thus, the percentage contribution
of each mode (u;) derived from dividing o by the total variance, given by

2
0;

o ©)
' =1 Uiz

where n is the number of modes given by the rank of PS” (Navarra and Simoncini, 2010). Figure 1 shows
the process of creating the heterogeneous correlation map based on singular value decomposition
between hotspot and ENSO nor hotspot and IOD.

2.3. Boxplot analysis

The boxplot analysis summarizes and compares the associations between hotspots and ENSO or IOD
in different parts of Indonesia (Benesty et al., 2009). These areas are partitioned based on the fire
characteristics of the area. The area includes northern Sumatra (Riau and Jambi Provinces, A1), southern
Sumatra (Lampung and South Sumatra Provinces, A2), Kalimantan (A3), and Papua (Merauke, A4).
For example, northern Sumatra has dry seasons twice a year, which causes fires to occur at the beginning
and middle of the year (Septiawan et al., 2019). Two provinces of South Sumatra and Central Kalimantan
with the highest hotspots counts also have the most increased peatland fire occurrence (19,403 and
20,324, respectively) and the highest fire densities (which is fire count relative to the area) in peatland
areas among all the provinces in 2015 (Miettinen et al., 2017). Previous research found that IOD had
more impact in southern Sumatra, while ENSO had more effect in Kalimantan (Nurdiati et al., 2021b).
In addition, Papua is an area where forest fires often occur after Sumatra and Kalimantan, especially
Merauke (Nurdiati et al., 2019). The boxplot of each area represents the distribution of the associations
between hotspots and ENSO or IOD at each point in the area. The area partitioning mentioned above is
shown in Figure 2.
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Figure 2. Partition of the area based on the fire characteristic
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Figure 3. The maximum correlation of the heterogeneous correlation map at the time lag of 0-4 months
and the variance explained in the first and second modes between hotspot and ENSO nor IOD.

3. Results and Discussions

3.1. Heterogeneous correlation map between hotspot and ENSO nor hotspot and 10D

Of the several time lags tried, zero lag gave the best results on the heterogeneous correlation map
between hotspot and ENSO nor hotspot and IOD. Figure 3 shows the maximum correlation of the
heterogeneous correlation map between hotspot and ENSO nor hotspot and IOD at the time lag of 0-4
months also the variance explained in the first and second modes.

Variance explained indicates how much the contribution of a single-mode can explain the entire data.
Thus, the total variance explained is 100% if all the modes are added together (in this case there are 228
modes, obtained from the rank matrix of PST). From Figure 3, both variance explains and maximum
correlation occurs at zero lag. The singular value decomposition result on the cross-correlation matrix
between hotspots and ENSO nor hotspot and IOD at zero lag is given in Table 1.

Both ENSO and IOD, mode 1 has the highest variance explained with more than 90%, which means
that mode 1 can represent more than 90% of the variability between hotspot and ENSO nor hotspot and
IOD. Consequently, 90% of information of the original matrix data can be explained using mode 1.
Therefore, the analysis is focused on mode 1, while modes 2 and 3 between hotspot and IOD are analyzed
as additional information. Thus, the total variance analyzed was more than 98%. The heterogeneous
correlation map of hotspots in the first mode with ENSO and IOD is shown in Figure 4.

The first mode singular value decomposition between hotspot-ENSO and hotspot-IOD has variance
explained 98.15% and 90.09%, respectively. Figure 4 found that ENSO has associations with hotspots in
South Sumatra, Central, South, and East Kalimantan, and Papua Provinces. Slightly different, IOD has
associations with hotspots in a larger area. South Sumatra, Central, South, and East Kalimantan, and
Papua Provinces, IOD also has associations with hotspots in Jambi, Lampung, and West Kalimantan
Provinces. Similar to that discussed by Dafri et al. (2021). The highest spatial correlation between hotspot
and ENSO is 0.442 in Merauke.

Meanwhile, the highest spatial correlation between hotspot and IOD is 0.534 in South Sumatra
Province. From the temporal pattern, the first mode pattern is very similar between hotspot-ENSO and
hotspot-IOD. Both time series represent the great fires of 2015 when the strong El Nino and positive IOD

Table 1. The first five modes singular value decomposition result on the cross-correlation matrix
between hotspots and ENSO nor hotspot and IOD

Hotspot-ENSO Hotspot-IOD
Modes Singular Variance . Singular Variance .
Valilé Explained Cumulative Val%llé Explained Cumulative
1 1176696.3  98.50% 98.50% 1392995.1  90.09% 90.09%
2 115218.1 0.94% 99.45% 360512.1 6.03% 96.12%
3 44260.4 0.14% 99.58% 240089.1  2.68% 98.80%
4 40814.3 0.12% 99.70% 91398.2 0.39% 99.18%
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Figure 4. The heterogeneous correlation map and temporal pattern of hotspots in the first mode singular
value decomposition with ENSO (left) and IOD (right).

occur simultaneously. Although not as extreme as 2015, El Nino and positive IOD also occurred
simultaneously in 2002, 2006, 2009, and 2014 (Fanin and Van Der Werf, 2017). From the map dan
temporal pattern, IOD amplified El Nino's influence on hotspots in Kalimantan, while in southern
Sumatra, IOD triggered hotspots in areas not affected by El Nino (Pan et al., 2018; Kurniadi et al., 2021)
so that the fire area was getting bigger. Moreover, the temporal hotspot-IOD pattern cannot describe the
extreme positive IOD in 2019 but will be explained in mode 2.

Compared to OISST (Dafri et al., 2021), ERAS5 has associations with hotspots in a wider area in the
first mode with a similar temporal pattern, indicated by a wider red area (p>0.25). From the correlation,
the temporal pattern correlation for hotspot-ENSO and hotspot-IOD from ERA5 is 0.34 and 0.52,
respectively, higher than OISST at 0.291 and 0.338, respectively. The variance explained in the hotspot-
ENSO and hotspot-IOD first mode is also higher than OISST, which has variance explained 79.69% and
48.68%, respectively.

Modes 2 and 3 of the singular value decompositions between hotspot and IOD provide results that
explain the extreme events of IOD and forest fires at the beginning of the year in Riau Province. The
variance explained for each mode is 6.03% and 2.68%, respectively. The heterogeneous correlation map
and temporal pattern of hotspots with IOD in the second and third modes are shown in Figure 5.

From the second singular value decomposition mode, we found that IOD has associations with
hotspots in South Sumatra and West Kalimantan Provinces when the IOD is positive such as in 2002,
2015, and 2019. The highest spatial correlation between hotspot and IOD in the second mode is 0.457 in
West Kalimantan Province. Hotspot on West Kalimantan Province is located in plantation forestry and

Heterogeneous Correlation Map Heterogeneous Correlation Map
Hotspot-IOD, lag = 0, Mode = 2, 1., = 6.03%, maximum Corr = 0.457 Hotspot-IOD, lag = 0, Mode = 3, 11, = 2.68%, maximum Corr = 0.345
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Figure 5. The heterogeneous correlation map and temporal pattern of hotspots with IOD in the second
mode (left) and third mode (right).
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Table 2. The number of grids with a correlation p > 0.35 and the maximum correlation from HCM
results in northern Sumatra (A1), southern Sumatra (A2), Kalimantan (A3), and Papua (A4)

HCM Number of grids with p > 0.35 Maximum correlation

hotspot with Al A2 A3 A4 Al A2 A3 A4
ENSO 0 0 3 11 0.257 0.337 0.407 0.442
I0D 1 2 51 43 11 0.370 0.524 0.486 0.457
10D 2 3 7 16 0 0.413 0.457 0.411 0.064
10D 3 0 0 0 0 0.345 0.097 0.244 0.110

oil palm expansion (Stibig et al., 2014). Substantial portions of West Kalimantan became new and
statistically significant hotspots of forest loss in 2013 and 2014 (Harris et al., 2017). Meanwhile, from the
third singular value decomposition mode, we found that IOD has associations with hotspots in coastal
Riau Province when fires occur at the beginning of the year. However, the temporal pattern shows that
mode 3 still explains hotspot occurrence in the middle of the year 2015. The highest spatial correlation
between hotspot and IOD in the third mode is 0.345 in Riau Province. Riau does have its fire
characteristics. Due to its location on the equator, Riau has two dry seasons, so fires often occur at the
beginning and middle of the year. In addition, because peatlands cover the location, a previous study
revealed that in periods 2001-2014, the highest density of hotspot found in Riau province and South
Sumatera province, especially in Dumai, Bengkalis, Rokan Hilir, and Ogan Komering Ilir district (Kirana
et al., 2016).

The second mode of hotspot-ENSO dan fourth mode of hotspot-IOD has very small variance
explained. The maximum of the heterogeneous correlation maps is no more than 0.25 so that the results
were neglected. Compared to OISST, hotspots are more sensitive to ENSO and IOD estimates derived
from ERAS. With a higher variance explained, ERAS can explain the variability of joint pattern between
hotspot and ENSO nor hotspot and IOD better than OISST.

3.2. Boxplot analysis

Table 2 shows the number of grids with a correlation p > 0.35 and the maximum correlation from
HCM results, while Figure 6 shows the HCM boxplot of each partitioned area mentioned above. In the
first mode, which is the main pattern of hotspot-ENSO and hotspot-IOD, the number of grids with a
correlation p > 0.35 corresponds to the maximum spatial correlation from HCM results in each area.
Table 2 and Figure 6 show that hotspots in Kalimantan are more sensitive to ENSO conditions than
hotspots in southern Sumatra. However, the most sensitive area to ENSO is Papua. Meanwhile, hotspots
in northern Sumatra (Riau) have a very small (even not) association with ENSQO. Otherwise, hotspots in
southern Sumatra are more sensitive to IOD conditions than hotspots in Kalimantan. Moreover, hotspots
in Papua are more sensitive to IOD conditions than hotspots in Kalimantan but not as sensitive as
hotspots in southern Sumatra. Thus, like ENSO, hotspots in northern Sumatra (Riau) have a very small
(even not) association with IOD. The same thing is also explained by Nurdiati et al. (2021).

In the second mode of hotspot-IOD heterogeneous correlation maps, Kalimantan (especially in West
Kalimantan Province that is shown by the red area in HCM) has more area than Sumatra with a
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Figure 6. The boxplot of heterogeneous correlation map of hotspot-ENSO and hotspot-IOD in northern
Sumatra (A1), southern Sumatra (A2), Kalimantan (A3), and Papua (A4)
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correlation of more than 0.35. Still, the strength of the correlation is greater in southern Sumatra. Thus,
the results are still in line with the results in the first mode. Furthermore, there has been an increase in
associations between IOD and hotspots in northern Sumatra, but the resulting associations are still
smaller than hotspots in southern Sumatra and Kalimantan. Meanwhile, in Papua, there is no indication
of an association. In the second mode of hotspot-IOD heterogeneous correlation maps, although HCM
shows an association between IOD and hotspots in coastal Riau Province, the strength of the correlation
is still smaller than the hotspots in southern Sumatra and Kalimantan in the two previous modes. As a
result, there is no correlation of more than 0.35. Moreover, in another area, there is no indication of an
association.

4. Conclusions

Based on the results and discussions section, the heterogeneous correlation map between estimated
ENSO and IOD from ERAS5 and hotspot in Indonesia can describe the main spatial and temporal patterns
of hotspots and ENSO nor hotspot and IOD. Furthermore, the special and unique events such as extreme
positive IOD and hotspot at the beginning of the year can be explained. ENSO is more associated with
hotspots in Papua and Kalimantan than in southern Sumatra from the boxplot analysis. Otherwise, IOD
1s more associated with hotspots in southern Sumatra than in the southern part of Kalimantan and Papua.
Moreover, hotspots in northern Sumatra (Riau) have a very small (even not) association with ENSO nor
IOD. Based on variance explained and correlation strength, the hotspot in Indonesia is more sensitive to
ENSO and IOD derived from ERAS5 than OISST. Consequently, the ERA5 data is more useful to
statistical analysis that requiring a substantial correlation.
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