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1. INTRODUCTION

ABSTRACT

Papua, Indonesia’s easternmost island, is prone to seasonal hydrometeo-
rological disasters, necessitating high-quality climate forecasts for effective
risk management. This study evaluates the performance of the European
Centre for Medium-Range Weather Forecasts (ECMWF) Seasonal Forecast
System 5 (SEAS5) in predicting seasonal (3-monthly) rainfall across Papua
from 1982 to 2016, using the blended Climate Hazards group InfraRed
Precipitation with in-situ rainfall data (CHIRP+Pos) as the observational
reference. SEAS5S forecasts at 1 to 3 month lead times were assessed across
seasons which defined as July-August-September (JAS), August-September-
October (ASO), September-October-November (SON), and December-
January-February (DJF), and El Nifio-Southern Oscillation (ENSO) phases (El-
Nifio, La-Nifa, Neutral), using Pearson correlation coefficient (Corr), root
mean square error (RMSE), and Kling-Gupta Efficiency (KGE) metrics. Results
show stronger SEAS5 skill in JAS-SON (Corr up to 0.939) compared to DJF-
JEM (Corr as low as -0.208), with a robust ENSO-rainfall relationship in JJA-
SON. SEASS5 performed best during El Nifio, particularly in lowlands and
exhibited greater variability skill during La Nifia and Neutral phases.
Benchmarking against a linear regression baseline showed SEAS5's superior
Corr in 76.2% of grids but higher RMSE in 60.6%. Despite limitations in
mountainous regions and at longer lead times, SEASS5 offers reliable forecasts
for lowland areas during JAS-SON under El Nifio, supporting opera-tional
applications like drought preparedness and agricultural planning in the
regions.
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Rainfall plays an important role in both agriculture
and disaster management in Indonesia. Lack of rainfall
is linked to crop yield losses, impacting agricultural
productivity in various regions in Indonesia (Daymond
et al, 2020; Viandari et al, 2022; Irawan et al,, 2023).
Heavy or prolonged rainfall on the other hand increases
the risk of floods and landslides, combined with factors
like topography, slope, and land-use (Muntohar et al.,
2022; Sugianti et al.,, 2022; Ariyani et al., 2023; Rahayu
et al, 2023). Previous study suggest that climate-
induced disaster, such as El Nifo-induced drought,
occurred the most in Papua (Nurdiati et al., 2023). High-

quality climate predictions are therefore essential for
stakeholders to plan and mitigate disaster risks in
Papua.

Rainfall variability in Indonesia is mainly affected
by various climatic driver. These climatic drivers include
El-Nifo Southern Oscillation (ENSO) (Aldrian et al.,
2007; Supari et al., 2018; Firmansyah et al., 2022), Indian
Ocean Dipole (IOD) (As-syakur et al., 2014; Kurniadi et
al,, 2021), Asian-Australian monsoons (Aldrian and Dwi
Susanto, 2003; Robertson et al,, 2011; Mulsandi et al,,
2024)and sub-seasonal events like Madden Julian
Oscillation (MJO) (Wu et al., 2013). ENSO's influence
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varies by region with stronger effects in eastern
Indonesia (Villafuerte and Matsumoto, 2015; Supari et
al, 2018; Kurniadi et al, 2021). This variability
underscores the need for specific regional rainfall pre-
diction to support local government for decision ma-
king and disaster preparedness.

ENSO influences rainfall in Papua, particularly du-
ring El Nifio phase in dry season, with strong rela-
tionship established using coarse-resolution data-set
(Nurdiati et al., 2023). ENSO affects moisture dynamics
in Papua, with isotopic ratios linked to convective
activity and ENSO (Permana et al., 2016). However,
limited spatial coverage highlights the need of higher
resolution dataset to improve regional analysis in
Papua.

Accurate seasonal rainfall forecasting is crucial for
Papua. ECMWEF provides prediction of various climate
variables, with version 5 (SEAS5) as its latest dynamical
model offering improvement over S4 (Johnson et al.,
2019a). Comparisons with other models showed that
ECMWF's seasonal forecast was superior compared to
National Centers for Environmental Prediction-Global
Forecast System (NCEP-GFS) (Rodrigues et al., 2014,
Wang et al.,, 2023). ECMWF S4 outperformed Climate
Forecast System version 2 (CFSv2) in Indonesia
(Muharsyah, 2020). SEAS5's rainfall prediction per-
formed well in tropical South America with strong
ENSO relationship (Gubler et al., 2020). Comprehen-
sive assessment of SEAS5’s performance particularly in
Papua remains limited to date.

Despite the established rainfall-ENSO relationship
in Papua, few studies have evaluated the performance
of ECMWF's latest seasonal model, SEAS5, across
seasons and ENSO phases with high-resolution data.
This gap limits the development of reliable seasonal
rainfall forecasts for disaster preparedness in Papua.
The main objective of this study is to assess the SEAS5
model in Papua at different seasonal periods and ENSO
phases.

2. MATERIALS AND METHODS
2.1 Study Area

Papua Island occupies the easternmost of
Indonesia, which is geographically located on 0°20'N to
10°42'S and 131° to 141°10'E. It currently consists of
five provinces: Papua Barat, Papua Tengah, Papua
Pegunungan, Papua, and Papua Selatan. The island is
divided from the east-southeast to the west-northwest
by mountain ranges that exceed 3500 m above sea
level (m asl), including the highest peak, Puncak Jaya
(4884 m asl). Papua landmass is dominantly covered by
tropical rainforest with wetlands along coastal and
grassland area in the highlands (Permana et al., 2016).
Topography varied in this land, with several mountain
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ranges in western (Arfak Mountains, with elevation
ranges between 1,030-2,280 m (Pangau-Adam and
Brodie, 2019) and middle part (Maoke Mountains) of it
as shown by Figure 1. This area has annual precipitation
about 2500-4000 mm (Prentice and Hope, 2007) with
dry period during DJF and MAM, while wet period
occurred on JJA and SON (Supari et al., 2018).
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Figure 1. Location on this study. SEAS5 grid location is
depicted in red square, while blue x mark
depicts in-situ rainfall observational station
used to create CHIRP+Pos. Shaded area
shows elevation in meters, while black lines
showed provincial administration.

2.2 Datasets

Data used in this study mainly consisted of 3 data-
sets including CHIRP+Pos, Oceanic Nifio Index (ONI),
and SEASS rainfall prediction (Table 1). We used the
same period from 1982-2016 for all datasets, align with
SEASS5 data availability. CHIRP+Pos is blended data
from satellite-derived rainfall data of Climate Hazards
Center InfraRed Precipitation (CHIRP) (Funk et al., 2015)
and in-situ rainfall data collected by BMKG using geo-
statistics method. This data has been applied by data
cleaning techniques to ensure high quality data, inclu-
ding data availability check (requiring at least 80% data
completeness), gross error check, and advanced quality
control which covered all

Table 1 Summary of data used

Data Resolution Source
Temporal Spatial
CHIRP+ daily 0.05°x0.05° BMKG
Pos
ECMWF monthly 1°x1° Copernicus
SEASS
ONI 3-monthly - NOAA
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regions of Indonesia. The CHIRP+Pos data was used
due to its fine resolution (0.05°x0.05°) for further clima-
tological analysis.

Seasonal forecast monthly used as predictor in this
study derived from Climate Data Store (CDS) Coper-
nicus which provides gridded free-to-access SEASS
hindcast, also widely known as reforecast (Buontempo
et al,, 2022). This hindcast was derived from 25 ensem-
ble models (referred as 'number’ in the dataset) which
have been improved compared to previous version (S4)
of 15 members (Johnson et al., 2019b).

The determination of ENSO phases in this study
was based from Oceanic Nifio Index (ONI) (Supari et al.,
2018). This index is calculated from 3-monthly moving
average of Nifio3.4 sea surface temperature, located on
120°E-190°E, 5°N-5°S from Extended Reconstructed
Sea Surface Temperature version 5 (ERSSTv5) (Huang et
al., 2017). Each ENSO phase was defined as follows: El
Nifio occurs when ONI value of > +0.5 for 5 consecutive
moving 3-months, while La Nifa occurs when ONI
value of < -0.5, and neutral occurs when the ONI did
not meet either El Nifio or La Nifia phase. The ONI is
downloaded from Climate Prediction Center of
National Oceanic and Atmospheric Adminis-tration’s
(CPC NOAA) website (Table 1).

2.3 Data Analysis

Data analysis in this study is divided in two main
steps, data pre-processing and model performance
assessment. Data preprocessing involved three major
procedures. First, the ONI was calculated from 3-month
moving average from both CHIRP+Pos and SEAS5 to
ensure same temporal resolution. Seasonal rainfall was
also calculated for climatological analysis and SEAS5
performance assessment. Second, we regridded CHIRP
+Pos data into SEASS spatial resolution to maintain the
spatial consistency. This is resulting total of 40 grids
over Papua, thereby making the datasets more compa-
rable for model assessment. Third, we calculated the
mean ensemble hindcast data from 25-member of
SEASS dataset.

The ensemble SEAS5 data has three different
forecast lead times, divided into 1, 2, and 3 months yiel-
ding ensemble hindcast for each season. The forecast
lead time is defined as number of months elapsed from
initialization (Johnson et al., 2019b). For example, a 1
month lead time for forecast issued in November refer
to forecast on DJF (Gubler et al., 2020). This ensemble
approach was also been used to assess ECMWF's sea-
sonal forecast in previous studies (Muharsyah, 2020;
Ferreira et al.,, 2022).

After data preprocessing, we utilized three steps
to assess SEAS5 performance. First, we calculated
metrics scores commonly used in deterministic forecast

including Pearson product-moment correlation coeffi-
cient (Corr), root mean square error (RMSE), and Kling-
Gupta Efficiency (KGE) (Gupta et al., 2009; Chai and
Draxler, 2014) for each lead times. Corr was calculated
to assess the relationship between SEAS5S (prediction)
and CHIRP+Pos (observation), with additional analysis
of rainfall and ONI to contextualize ENSO influences to
rainfall. The statistical metrics used are in idem
equation.

n - i
Correlation = 221D OinY) )
[P G i, o972
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KGE = 1—\/(r—1)2+(""’i‘1‘—1)2+(“ﬂ"‘—1)2 @3)
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Second, we developed simple linear regression
based on elevation as a predictor (x) to quantify the
relationship between topography and SEASS5 perfor-
mance using RMSE metric (y). The relationship was de-
termined by the regression coefficient and coefficient
determination or R? values of SEAS5 data over study
area. Third, we compared the SEAS5 with a baseline
linear model using 3-monthly moving average ONI as
predictor, reflecting real world applicability as ONI data
are available by the first week of the following month.

This study utilized Python version 3.8.18 with Pan-
das, Numpy, Xarray, Scikit-Learn, and Scipy for data
manipulation and calculation (Hoyer and Hamman,
2017; Harris et al, 2020). Matplotlib, Seaborn, and
Basemap modules were used for data visualization and
mapping tool also QGIS 2.18 was used to map the study
area.

3. RESULTS AND DISCUSSION
3.1 Seasonal Performance

The seasonal performance of SEAS5 was assessed
using statistical metrics across all seasons in Papua with
re-gridded CHIRP+Pos data to match the resolution, as
shown in Figure 2. The higher correlation value occured
during dry period in JJA-SON ranges from 0.40 to more
than 0.80, while during wet period in DJF-MAM had
lower correlation. During the wet period, particularly in
DJF, 40-43% of grids over Papua showed non-
significant values between CHIRP+Pos and SEASS data
with low correlation (-0.45 to 0.20), marked with 'x’
(Figure 2a). KGE established a similar pattern as corre-
lation, with higher values occurred during dry period
and vice versa (Figure 2b). Both correlation and KGE
showed consistent low results in high-elevation areas,
indicates local characteristics such as orographic preci-
pitation affect predictive skill of SEAS5 (Chevuturi et al.,
2021). This pattern underscores that SEAS5 underper-
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Figure 2 Seasonal performance of 3-month moving average of SEAS5 and CHIRP+Pos for 1 month lead time (a)
Correlation; (b) Kling-Gupta Error (KGE). Shade showed metrics value with 'o' denotated significant value

and 'x' is non-significant value for correlation

formed during wet period which has high rainfall varia-
bility.

The results of 3-month moving average for 1
month lead time showed good performance, dominant
by significant values across all regions, except during
DJF and JFM period. The correlation was highest in JAS
to SON (up to 0.939) and lowest in DJF and JFM (as low
as -0.208), with 40-43% of grids showing non-
significant correlations particularly in high-elevation
areas. KGE and RMSE confirmed poor performance in
the Arfak and Maoke Mountains, with KGE values below
-0.41 in some grids, indicating SEAS5 underperforms
the climatological mean (Knoben et al., 2019).

Other result reveals distinct seasonal variations in
SEAS5’s skill over Papua observed by correlation (Corr),
KGE, and RMSE. High Corr values consistently showed
during the same period including JAS, ASO, and SON
with higher median and mean also shorter interquartile
range (IQR) (Figure 6) for each lead time. In contrast,
DJF and NDJ exhibit lower mean and median Corr along
with wider IQR, suggesting weaker and unstable
SEAS5's skill. The large RMSE distribution in SON
contributes to the similarly wide KGE, reflecting
inconsistent and inaccurate rainfall prediction. High
RMSE variability outweighs the relatively good Corr,
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leading to unstable KGE values. Wide IQRs of RMSE and
KGE were observed on DJF and NDJ. With the
established strong (weak) relationship of major climatic
driver (ENSO) on SON (DJF), the weak performance of
SEASS during DJF and NDJ implied major climate driver
(regional mechanism) in Papua that SEAS5 succeeds
(fails) to represent. Compared to boxplot (Figure 6) with
most outliers occur mostly around mountainous areas.
This further highlight regional mechanisms that affect
SEASS skill in predicting rainfall.

3.2 ENSO-phase Performance

Results show that the skill of SEAS5 in Papua is
modulated by ENSO phase, similar to previous studies
(Abid et al., 2018; Palmer et al., 2004), particularly in
lowland areas. The ENSO teleconnection is indicated by
strong and significant correlation in ONI and rainfall
(Figure 3). During all, EI-Nifio, and neutral phase, SEAS5
revealed good performance with high Corr values
across the region, while the lowest Corr occurred
during La-Nifa evidenced by 30% grid showed non-
significant correlation. The KGE demonstrated no signi-
ficant difference between all phases with similar range
in some high-elevation areas. Both Corr and KGE
suggested best performance during El-Nifio phase with
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Figure 3 Seasonal performance of 3-month moving average of SEAS5 and CHIRP+Pos for each ENSO phases (a)
Correlation; (b) Kling-Gupta Error (KGE). Shade showed metrics value with 'o' denotated significant value

and 'x' is non-significant value for correlation.

average values >0.60 and >0.4, respectively. These
patterns align with prior studies reporting strong ENSO
influences in the Maritime Continent (Kurniadi et al.,
2021; Hidayat et al.,, 2025) yielding dry and wet ano-
malies particularly in Papua (Supari et al., 2018). This
pattern is consistent with seasonal assessments, reflec-
ting SEAS5S's forecast skill underperformed during wet
condition with wet biases more pronounced (Ehsan et
al, 2021). Regions with strong relationship with ENSO
exhibited higher performance for SEAS5’s precipitation
model (Gubler et al., 2020).

In addition, the SEAS5's forecast skill showed good
performances in lowland areas during El-Nifio com-
pared to La Nifia and Neutral conditions. The corre-
lation peaked at 0.97 in lowland with only one non-
significant grid during El Nifio. In contrast, La Nina
phases show numerous non-significant (30%) grids
predominantly in mountainous regions and the west
coast of Papua. Despite strong correlation in some
high-elevation grids, low KGE (e.g., < -0.41, marked by
white ‘0" in Figure 3b) and high RMSE indicate large
errors and bias, rendering SEASS less skillful than the
climatological mean in these regions.

SEASS's performance across El Nifio, La Nifia, and
Neutral phases at lead times 1, 2, and 3 months also
observed by boxplots (Figure 7), highlighting variability
in Corr, KGE, and RMSE. La Nifla consistently shows
wider interquartile ranges (IQR) for Corr and KGE
compared to El Nifio and Neutral phases, with this

instability become more pronounced at longer lead
times as the metric distributions broaden. This suggests
greater variability in predictive skill during La Nifa,
potentially linked to challenges in modeling certain
conditions, as evidenced by outliers where KGE drops
below -0.41 (Figure 3b). In contrast, El Nifio displays
narrower IQRs, reflecting more stable performance,
particularly at lead time 1, with Corr reaching up to
0.973. The increasing variability at extended lead times,
especially for La Nifia, may point to limitations in captu-
ring regional dynamics, a pattern consistent with the
model’s struggles in high-elevation areas as noted in
Figure 3, a limitation that will be discussed later. Com-
pared to the climatology, SEAS5S performs better during
El Nifio (based on KGE score), aligning with findings of
enhanced predictability in dry conditions (Palmer et al,,
2004; Zhang et al., 2016; Abid et al., 2018; Ferreira et al.,
2022). These insights underscore the need for refined
parameterization to address lead-time and phase-
specific challenges across Papua.

To illustrate SEAS5’'s performance across ENSO
phases, we analyzed time series of SEAS5 prediction
along with CHIRP+Pos observation during strong El
Nifio (1982, 1997, 2015), La Nifia (1988, 1998, 2010),
and Neutral condition (1989, 1993, 2001) following
classification of (Supari et al., 2018). We selected 3 grids
with contradictory metrics, strong Corr but low KGE and
high RMSE mentioned above, located in highlands
depicted inside red boxes in Figure 3 (com-
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Figure 4 Time series of SEAS5 prediction (orange line)
with CHIRP+Pos (blue) on EI-Nifo (top), La-
Nifa (middle), Neutral (bottom) event.
Dotted solid line represents rainfall in
lowlands, while dashed-line with X
represents rainfall in highlands

pared it with Figure 1 for elevation context), and com-
pared them to 3 grids with consistent good metrics in
lowland areas in southern Papua (blue boxes in Figure
3). These grids were respectively averaged to produce
time series shown in Figure 4.

The results show that SEAS5 consistently follows
the pattern of rainfall in lowlands on all ENSO phases,
closer alignment during El Nifio compared to La Nifia
and Neutral condition. SEASS rainfall in lowland areas
showed a slight overestimation, whereas in highland
areas the average rainfall was nearly two times greater
than that of CHIRP+Pos. The rainfall SEAS5 on high-
lands resembles the pattern of rainfall but with much
larger RMSE compared to lowlands, roughly 4 times
larger compared to RMSE in lowlands (RMSE of 165.9
mm in highlands, 39.6 mm in lowlands). The elevated
errors contribute to low KGE scores and outliers
observed in boxplots from Figure 6 and Figure 7. This
case study further highlights SEAS5's stronger
performance in producing more accurate rainfall
prediction in lowlands while underscoring SEAS5’s
challenge in highlands.

3.3 Performance Over Lead Time
The SEASS5’s performance was evaluated by
correlations, KGE, and RMSE with three different lead
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times (1, 2, and 3 months) for each ENSO phase as
shown in Figure 8. All metrics consistently showed
better performance of SEASS in all, EI-Nifio, and neutral
conditions compared to La-Nifia, which has the highest
rainfall variability (Supari et al., 2018). Correlation values
were high in all, EI-Nifio and neutral condition with
more than 0.5, while in La-Nifla showed the lowest with
mean value < 0.5 and longer Inter-Quantile Range
(IQR). The same pattern was found in KGE results, La-
Nifia has the lowest mean value < 0.25, compared to
other conditions which ranges from 0.25-0.50. The
wider IQR indicating greater instability, especially
during La Nifa (Kowal et al, 2022). In RMSE, all
conditions established low value, including La-Nifa
which ranges from 50-125, very similar for each lead
time. This suggests challenges in predicting wet
anomalies, with potential outliers reflecting the model's
limitations in high-terrain areas (compared to Figure 3).

Generally, the results showed, performance decli-
ned as lead times increased, align with previous study
(Chevuturi et al., 2021). Correlation and KGE are consis-
tent showing 1 month lead time has the highest mean
value while 3-month lead time showed the lowest.
Unique pattern was found in RMSE, all lead times
showed similar mean value and IQR, indicates there is
no significant difference. These reflecting redu-ced
predictive skill as lead times increased (Kowal et al.,
2022), even when post-process-ing technique were
applied (Yang et al, 2017; Ratri et al, 2023). These
findings underscore SEAS5S's suitability for short-term
forecasts in lowland Papua, highlighting the need for
improved parameterization to address lead-time and
topographic challenges across the region.

3.4 Relationship of Topography and SEAS5
Performance

The relationship of topography and SEASS perfor-
mance was observed by statistical metrics from linear
regression between calculated RMSE (y) and elevation
data (x) as shown in Table 2. The result showed that
elevation statistically affect RMSE in Papua with p-value
lower than 0.001% for all lead times. Slope showed that
with 100 m increases of elevation, RMSE grows 3.99 to
3.53 mm/month. The result showed that elevation
explain up to 48% variance of the regression model, de-

Table 2 Regression results between RMSE (y) and
elevation (x) for each lead time

Slope R2 Lead time Significance
P
0.039 0.482 1 < 0.001
0.036 0.450 2 < 0.001
0.035 0.452 3 < 0.001
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Figure 5 Comparison of SEAS5 and linear regression as baseline model in Papua calculated by difference value of
SEASS and baseline in (a) Correlation (Corr) and (b) Root Mean Squared Error (RMSE)

creasing with longer lead time. This relationship also
confirmed by previous study where rainfall likely to
have largest errors on mountainous area (Hidayat and
Taufik, 2025) and study in Central America, elevation in
Papua affects prediction skill more (Kowal et al., 2022).

3.5 Comparison between SEAS5 and Baseline

Model

The SEASS performance also assessed by compa-
ring the predictive model baseline model constructed
using simple linear regression to assess its predictive
skill using 3-month lagged ONI index (Figure 5). The
comparison was based on correlation and RMSE.
Differences were calculated by subtracting SEAS5's
metric with baseline. The positive differences in corre-
lation indicate that SEAS5 is better at capturing rainfall
pattern, while negative differences in RMSE reflect
SEAS5’s prediction error relative to the baseline. This
benchmarking provides a reference to assess SEAS5
performance against a simple real-life method of rain-
fall prediction in Papua.

The seasonal benchmarking analysis reveals that
SEASS5 predictions align with observed rainfall patterns
in 76.2% of grids across Papua, outperforming the
baseline model, as indicated by positive difference of
Corr (Figure 5a), where ‘0’ markers denote grids where
SEASS5 excels. Seasonal variations of performance are
notable: SEAS5 achieved the highest proportion of
grids with stronger Corr during JJA (82.5%), reflecting a
robust ENSO-rainfall teleconnection. A similar result

was reported in Central America, where SEAS5 perfor-
med best on July-October (Kowal et al, 2022). In
contrast, SEAS5 outperformed the baseline in only 60%
of grids during SON, the lowest among all periods,
suggesting that its skill is not solely driven by ENSO-
related variability, aligning with (Gubler et al., 2020).
SEASS consistently give better Corr relative to the base-
line particularly in lowland areas in western and sou-
thern Papua.

Despite SEAS5's strong performance in capturing
rainfall patterns, SEAS5's limitations are evident in the
RMSE metric benchmarking (Figure 5b), where the
baseline model yielded lower RMSE in 60.6% of grids,
marked by squares indicating baseline superiority.
During the DJF season, only 20% of grids exhibited
lower RMSE for SEAS5. SEASS consistently yields lower
RMSE values compared to the baseline in southern
lowland areas. These results underscore the importance
of using multiple metrics for model evaluation, as
SEAS5 excels in capturing rainfall patterns (Corr) but
struggles with prediction errors (RMSE). Consequently,
in areas where minimizing errors is prioritized over
capturing patterns, the baseline model is often
preferable across Papua.

These findings confirm SEAS5'’s ability to capture
large-scale rainfall patterns in Papua, consistent with
the time series analysis in previous section (Figure 4).
However, significant errors, particularly in high-
elevation areas, allow a simpler baseline model to
achieve lower RMSE, supporting prior evidence that
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statistical models can outperform dynamical forecasts
in certain contexts (Rodrigues et al., 2014).

4. CONCLUSION
This study assessed ECMWEF SEAS5 rainfall
predictions in Papua across seasons and ENSO phases,
revealing better predictive skill on JAS - SON compared
to skill in DJF - JFM, showing challenges in predicting
boreal winter rainfall. The model exhibited superior
performance during El Niflo phase, particularly in
lowlands, but showed greater variability and lower skill
during La Nifia and Neutral phases, as evidenced by
wider IQR for Corr and KGE. SEAS5’s limitations were
evident in high-elevation areas, indicated by much
larger RMSE on highlands as illustrated by time series
analysis and KGE score below -0.41, indicating
performance inferior to climatological mean. Increase
in elevation statistically increased model’s error.
Despite these limitations, SEAS5's ability to
capture rainfall patterns in lowland regions supports its
utility for climate risk management, particularly for
drought preparedness in areas like Merauke, where El
Nifo-induced droughts correlate with burned area. The
inherent uncertainty in seasonal forecasts, evidenced
by wider IQR of metrics during La Nifia and DJF
underscores the need for cautious interpretation when
applying SEAS5 outputs for agricultural planning or
flood mitigation. Future study should focus on applying
various  statistical  post-processing  techniques
demonstrated to enhance GCM’s predictive skill.
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Figure 6 Seasonal performance of correlation (top row), Root Mean Squared Error (middle row), and Kling-Gupta
Error (bottom row) for (a) 1-month; (b) 2-months; and (c) 3-months lead time
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Figure 7 ENSO-phase performances of correlation (top row), Root Mean Squared Error (middle row), and Kling-
Gupta Error (bottom row) for (a) 1-month; (b) 2-months; and (c) 3-months lead time
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Figure 8 SEAS5's performances of correlation (top row), Root Mean Squared Error (middle row), and Kling-Gupta
Error (bottom row) for (a) 1-month; (b) 2-months; and (c) 3-months lead time

106



