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Abstract
Accurate quantification of rainfall is essential for climate assessments and disaster risk reduction. This study compares 
the performance of seven precipitation products in rainfall estimation against a dense rain gauge network over Peninsular 
Malaysia during 2014–2019. Assessments were conducted at daily and seasonal timescales using both continuous and 
categorical error metrics to examine spatiotemporal accuracy. The ability of each product to represent rainfall climatology, 
including the annual cycle and interannual extremes, was also investigated. In point-to-grid comparisons, MSWEP and 
IMERG exhibit good point-scale accuracy, though substantial spatial inconsistencies persist across all products. IMERG 
and CMORPH are the most skillful in replicating daily rainfall dynamics based on the modified Kling–Gupta efficiency 
and demonstrate more balanced categorical performance in detecting rain events. However, weak correlation remains a 
key limitation across all products. Spatiotemporal analysis reveals higher skills in wetter regions but lower skills in drier 
regions across all timescales, suggesting a magnitude-dependent error structure. Most products fail to replicate seasonal 
shifts in rainfall distribution, especially for lower and moderate intensity classes. While rainfall climatology is misrepre-
sented in terms of magnitude, temporal variability is reasonably tracked. Overall, IMERG emerges as the best-performing 
product. The collective findings shed light on the reliability of precipitation products in estimating tropical rainfall for 
water resources management purposes. Future work should quantify uncertainty propagation in rainfall–runoff processes 
and characterize cross-correlation structures between rainfall and atmospheric drivers.

Keywords  Satellite precipitation products · Reanalysis datasets · Uncertainty analysis · Kling–Gupta efficiency · 
Categorical metrics · Tropical monsoon cycle
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1  Introduction

Accurate rainfall measurements across various spatio-
temporal scales are essential for assessing the evolving 
patterns of climate extremes and facilitating disaster pre-
vention. Lack of reliable, timely weather information hin-
ders accurate prediction of floods and droughts, shortening 
disaster preparation. However, rainfall measurement can 
be extremely challenging due to its dynamic nature, as it 
varies in space and time. In practice, rainfall is usually esti-
mated through direct gauge measurements, satellite retriev-
als and reanalysis products, each with distinct advantages 
and limitations. Rain gauges are direct measurements of 
rainfall, but they are point-scale measurements with limited 
space–time coverage over the globe and are subjected to 
instrumental under-catch, especially over mountainous and 
coastal regions (Kidd et al. 2017; Rana et al. 2015; Xie and 
Arkin 1996). Considering the high spatial heterogeneity of 
rainfall, measurements from point-scale gauges often fail 
to reflect meteorological conditions of broader areas. This 
situation is particularly noticeable in tropical regions, where 
the microclimate is highly variable due to convection-dom-
inated processes (Meteorological Service Singapore 2015).

To overcome limitations in gauge measurement, satellite 
and reanalysis precipitation products have been developed, 
benefitting from innovations in numerical weather model-
ling, satellite retrieval and data merging (Gebremichael 
2010; Maggioni et al. 2016; Sun et al. 2018). These pre-
cipitation products mitigate spatial coverage gaps inherent 
in rain gauge networks. However, they differ significantly 
in latency, retrieval algorithms, data sources, record length 
and spatiotemporal resolutions, leading to varying estima-
tion skills (Beck et al. 2019a, 2019b). In addition, the choice 
of a precipitation product for a specific application largely 
depends on its design objectives. For example, the Inte-
grated Multi-satellite Retrievals for the Global Precipitation 
Measurement Mission (IMERG) was developed as a high-
resolution product that provides short-interval estimates. To 
achieve this, IMRGE relies on a continuously changing con-
stellation of satellite inputs to offer the best instantaneous 
precipitation estimation (Huffman et al. 2020). However, 
the changes in the constellation may cause variations in 
the products and introduce non-climatic shift into the time 
series, thus may not be suitable for climate-scale studies that 
are focusing on climate change signals, trends, interannual 
variability or extremes. In contrast, while Global Precipi-
tation Climatology Centre dataset has a coarser resolution 
compared to IMERG, it emphasizes spatiotemporal homo-
geneity and climate-scale consistency over instantaneous 
accuracy, making it more suitable than IMERG for long-
term analysis (Huffman et al. 2023).

Previous evaluations of precipitation products in Pen-
insular Malaysia have yielded mixed results. Several stud-
ies reported reasonable agreement between precipitation 
products and rain gauge observations, particularly during 
the wetter monsoon periods (Ayoub et al. 2020; Tan et al. 
2015). However, substantial uncertainties remain in precipi-
tation products even after bias adjustment (Mohd Zad et al. 
2018; Soo et al. 2022), which can propagate into subsequent 
rainfall-runoff processes and affect hydrologic predictability 
(Mei et al. 2017; Seo et al. 2019). This underscores the need 
to improve their input data quality and retrieval algorithms. 
The release of the IMERG product represented a major 
advancement over its predecessor with improved detection 
of light rainfall events due to enhanced microwave imaging 
capabilities (Tan and Santo 2018). Yet, evidence from other 
tropical regions suggests that IMERG still performs poorly 
compared to the artificial neural network-based Precipita-
tion Estimation from Remotely Sensed Information using 
Artificial Neural Networks—Climate Data Record (PERSI-
ANN-CDR), particularly in sparsely gauged or data-scarce 
catchments (Ganiyu et al. 2025).

Despite valuable insights from past studies, most evalu-
ations in Malaysia have been limited to satellite or gauge-
based products, with little attention given to reanalysis 
datasets that may exhibit greater skills than satellite-based 
products near orography and in cold season environments 
(Beck et al. 2017; Prein et al. 2015). For example, the ear-
lier-generation Princeton Global Forcings (PGFv3) reanal-
ysis product performed poorest against the satellite-based 
Global Satellite Mapping of Precipitation (GSMaP) and 
the Climate Hazards Group Infrared Precipitation with Sta-
tions (CHIRPS) blended dataset (Ayoub et al. 2020), rais-
ing concerns about the reliability of reanalysis product in 
Peninsular Malaysia. While newer reanalysis products such 
as the European Centre for Medium-Range Weather Fore-
casts fifth generation of European ReAnalysis (ERA5) offer 
improvements over their predecessors, recent evidence sug-
gests limitations remain when compared with gauge-based 
datasets for drought estimation (Du et al. 2025). However, 
their performance on rainfall estimation over Peninsular 
Malaysia remains unclear. Apart from reanalysis products, 
emerging high-resolution, multi-source products such as the 
Multi-Source Weighted-Ensemble Precipitation (MSWEP), 
which merges gauges, satellites and reanalysis datasets, 
have shown promising skill in rainfall estimation and hydro-
logical applications at the global scale (Beck et al. 2017, 
2019a). However, MSWEP has yet to be systematically 
assessed over Peninsular Malaysia. The absence of compre-
hensive validation of these emerging reanalysis and merged 
precipitation products against dense rain gauge networks 
represents a critical gap in understanding their applicability 
in convection-dominated tropical Peninsular Malaysia.
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Given the considerable knowledge gaps, this study 
intends to shed light on the reliability of precipitation prod-
ucts over tropical Peninsular Malaysia by addressing sev-
eral pertinent questions: (a) How do satellite, reanalysis 
and blended precipitation products compare in estimating 
rainfall across Peninsular Malaysia at daily and seasonal 
timescales? (b) How does their skills vary at different cli-
matic regions? (c) Are they able to capture the climatology 
in Peninsular Malaysia, including annual cycle and inter-
annual extremes? In the following sections, the evaluation 
is conducted by comparing seven precipitation products 
against gauge observations over Peninsular Malaysia at 
daily and seasonal timescales using both continuous and 
categorical error metrics. Their performances in capturing 
annual cycle and interannual extremes have also been fur-
ther investigated.

2  Data and methods

2.1  Study area

Peninsular Malaysia forms the western portion of Malaysia, 
extending southward from the mainland Asia towards Sin-
gapore. It is separated from East Malaysia on the island of 
Borneo by the South China Sea. Geographically, Peninsular 
Malaysia has a tongue-shaped landmass situated between 
1°N and 7°N latitude as well as 99.5°E and 104.5°E lon-
gitude (Fig.  1). In terms of topography, most part of the 
132,090 km2 land surface area has relatively flat terrains, 
except for the interior land mass with orographic features. 
Peninsular Malaysia experiences a tropical rainforest cli-
mate, characterized by consistently high annual rainfall, 
relative humidity and stable surface temperature throughout 
the year (Ng et al. 2024). With an average of six hours of 
sunshine daily, the interior land of Peninsular Malaysia is 
covered with thick and dense vegetation that hosts a diverse 
species of flora and fauna in its tropical rain forest.

The regional rainfall distribution in Peninsular Malay-
sia is heavily influenced by the tropical monsoon system, 
predominantly orchestrated by the expansion and contrac-
tion of the Siberian high-pressure system (Ding 1990; Wu 
and Chan 1995). The northeast monsoon (NEM) season 
(November to March) is divided into wet and dry phases 
(Tan and Santo 2018). The wet phase (November to early 
January) frequently brings widespread heavy rainfall to the 
eastern part of Peninsular Malaysia, while the dry phase 
(late January to March) is characterized by drier conditions, 
particularly in the north. Based on the temporal variations 
of domain-averaged daily rainfall over Peninsular Malay-
sia from 2014 to 2019, several rainfall peaks are clearly 
identifiable in the time series, notably in December 2014, 

January 2017, late 2017/early 2018, late 2018/early 2019 
and December 2019 (Fig. S1; Supplementary Materials). 
The timing of these peaks aligns with historical flood events 
documented by the Malaysia Department of Irrigation and 
Drainage. The highest domain-averaged single-day rain-
fall (00:00 to 23:59 UTC) was recorded during the Janu-
ary 2017 event (~ 54 mm), followed by events in December 
2014 (~ 51  mm), December 2019 (~ 41  mm), 2017/2018 
(~ 38  mm) and 2018/2019 (~ 31  mm). All of these severe 
events occurred during the wet phase of NEM season.

The southwest monsoon (SWM) season (May to Sep-
tember) is a drier period compared to the NEM season, 
characterized by relatively low rainfall totals (Table S1; 
Supplementary Materials). The inter-monsoon (IM) sea-
sons, occurring in April and October, are transitional peri-
ods between the major monsoons. They are marked by weak 
monsoonal winds and are dominated by localized convec-
tive activity (Mohd Akhir et al. 2014), bringing short-lived 
but intense rainfall events across the region. NEM rainfall 
is frontal-dominated, while SWM and IM rainfall is mainly 
convective and thermodynamically driven (Jamaluddin et 
al. 2018; Juneng and Tangang 2010). Given that the climate 
regime in Peninsular Malaysia is heavily modulated by the 
tropical monsoon system, it is important to evaluate the 
performance of precipitation products across various mon-
soon seasons. To reflect these regional rainfall characteris-
tics, Peninsular Malaysia is divided into five main climatic 
regions (Bakar et al. 2020; Lim 1976), namely the north, 
east, southwest, south and central regions. The east region 
has wetter conditions with higher mean annual rainfall (dur-
ing the study period), while the southwest and south regions 
are drier than average with lower annual rainfall (Fig. 1).

2.2  Gauge observations and precipitation products

Daily rainfall records aggregated from 00:00 to 23:59 UTC 
were obtained from the Malaysia Department of Irrigation 
and Drainage rain gauge network, which consists of 626 sta-
tions across Peninsular Malaysia. Station density was rela-
tively sparser in mountainous terrains (e.g., central region, 
eastern interior) than in coastal areas. The study period 
was set from 2014 to 2019 (6-year period), which offers 
the most complete coverage across precipitation products. 
Quality control followed Ng et al. (2022): (a) outliers were 
retained or replaced as missing based on documented his-
torical events; (b) gauging stations with > 10% of missing 
data were discarded; (c) missing values in the remaining 
408 stations (Fig.  1) were imputed using data from the 
nearest reliable stations, prioritizing similar elevations; (d) 
temporal homogeneity was assessed for all series to ensure 
consistency (Wang et al. 2007; Wang 2008).
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Fig. 1  Distribution of rain gauges overlaying on the elevation map of Peninsular Malaysia. Solid lines represent the boundaries of the five climatic 
regions
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reanalysis (ERA5-Land); (c) merged precipitation products 
(CHIRPS and MSWEP). All products were aggregated to 
daily resolution (00:00 to 23:59 UTC). The daily rainfall 
intensity was categorized into seven classes for the prob-
ability distribution functions (PDFs) analysis (Table 2) (Tan 
et al. 2015).

2.3  Error metrics

The evaluation of precipitation products against the gauge 
observations was conducted at daily scale. Native-reso-
lution grids of the products collocated with gauges were 
extracted for comparison using continuous and categori-
cal error metrics. For continuous error metrics, the modi-
fied Kling–Gupta efficiency (KGE) was applied to quantify 
the uncertainty of these precipitation products (Kling et al. 
2012). KGE integrates the correlation coefficient (reflect-
ing temporal error), bias ratio (reflecting systematic error 
in distribution mean) and variability ratio (reflecting error 

Seven state-of-the-art precipitation products were evalu-
ated (Table 1). These precipitation products feature global or 
quasi-global coverage, high spatial resolutions and consid-
erable latency (Ashouri et al. 2015; Beck et al. 2019b; Funk 
et al. 2015; Huffman et al. 2020; Kubota et al. 2020; Muñoz-
Sabater et al. 2021; Xie et al. 2017). They may be catego-
rized into three groups according to the data sources: (a) 
gauge-adjusted satellite precipitation products: (CMORPH, 
GSMaP, IMERG and PERSIANN-CDR); (b) precipitation 

Table 2  Daily rainfall intensity classes
Category Rainfall (mm/day)
Negligible rain 0–1
Light rain 1–2
Low moderate rain 2–5
High moderate rain 5–10
Low heavy rain 10–20
High heavy rain 20–50
Very heavy rain  > 50

Abbreviation Name Data 
Sources

Spatial 
resolution

Temporal 
resolution

Reference

Observations Ground rain gauge network Gauge Point Daily Malaysia 
Department 
of Irriga-
tion and 
Drainage

CMORPH Climate Prediction Center 
morphing technique 
(CMORPH) bias corrected 
(CRT) V1.0

Gauge, 
Satellite

8 km 
(~ 0.07°)

30 min Xie et al. 
(2017)

GSMaP Global Satellite Mapping 
of Precipitation gauge-
adjusted (GSMaP_Gauge) 
standard product V7

Gauge, 
Satellite

0.10° Daily Kubota et 
al. (2020)

IMERG Integrated Multi-satellite 
Retrievals for the Global 
Precipitation Measurement 
(GPM) Mission (IMERG) 
Final Run V06

Gauge, 
Satellite

0.10° Daily Huffman et 
al. (2020)

PERSIANN-CDR Precipitation Estimation 
from Remotely Sensed 
Information using Artificial 
Neural Networks—
Climate Data Record 
(PERSIANN-CDR)

Gauge, 
Satellite

0.25° Daily Ashouri et 
al. (2015)

ERA5-Land European Centre for 
Medium-Range Weather 
Forecasts (ECMWF) fifth 
generation of European 
ReAnalysis (ERA5) high 
resolution realisation 
(HRES) land component

Reanalysis 9 km 
(~ 0.08°)

Hourly Muñoz-
Sabater et 
al. (2021)

CHIRPS Climate Hazards Group 
Infrared Precipitation with 
Stations (CHIRPS) V2.0

Gauge, 
Satellite, 
Reanalysis

0.05° Daily Funk et al. 
(2015)

MSWEP Multi-Source Weighted-
Ensemble Precipitation 
(MSWEP) V2.8

Gauge, 
Satellite, 
Reanalysis

0.10° Daily Beck et al. 
(2019b)

Table 1  List of gauge observa-
tions and seven precipitation 
products evaluated in this study
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provides the measure of overall capability of precipitation 
products in event detection without factoring in the prob-
ability of correct detection by chance. These categorical 
metrics are derived as:

ACC = A + D

n
,� (6)

POD = A

A + C
,� (7)

FAR = B

A + B
,� (8)

CSI = A

A + B + C
,� (9)

HSS = 2 (A · D − B · C)
(A + C) · (C + D) + (A + B) · (B + D) � (10)

where A, B, C and D are the number of hit, false alarm, 
missing and correct non-alarm of rainfall event conditioned 
on the 1 mm/day threshold; n is the total number of possible 
event combinations (A + B + C + D). ACC, POD, FAR and 
CSI have their values range from 0 to 1, with 1 being the 
optimum for ACC, POD and CSI and 0 being optimal for 
FAR. The value of HSS ranges from –∞ to 1, with 1 being 
the optimum value, zero HSS value represents equivalent 
performance with observations and negative HSS value 
indicates that the estimation is worse than the observations.

2.4  Evaluation of climatology and extreme indices

To further explore the performance of precipitation prod-
ucts in estimating the climatology in Peninsular Malaysia, 
the annual cycles of three climate indicators, namely wet 
day frequency (FREQ), rainfall intensity during wet day 
(SDII) and 90th percentile of rainfall during wet day (Q90) 
(Table 3), were computed using time series of both gauge 
observations and precipitation products following Ngai et 
al. (2020). These three indicators can provide insights on 
the suitability of each precipitation product to be applied in 
future climate studies. Additionally, the potential applica-
tion of precipitation products in estimating interannual pre-
cipitation extremes was also investigated by computing four 
extreme indices that reflect the frequency and intensity of 
extreme rainfall (World Meteorological Organization 2009) 
(Table 3). These extreme indices, recommended by the for-
mer World Meteorological Organization’s Expert Team on 
Climate Change Detection and Indices, are widely used as 
quantitative indicators in decision-making processes due to 
their simplicity and clarity, which facilitate the monitoring 

in distribution of rainfall intensity) without interdependence 
among these components:

KGE = 1 −
√

(r − 1)2 + (β − 1)2 + (γ − 1)2
,� (1)

β = µs

µo
,� (2)

γ = σs/µs

σo/µo
,� (3)

where r is the linear correlation coefficient between the rain-
fall estimates (s) and the gauge observations (o); β is the 
bias ratio of the rainfall means, μ; γ is the ratio between 
the estimated and the observed rainfall variability; σ rep-
resents the standard deviation. KGE and its three error 
components (r, β and γ) are dimensionless, with an optimal 
value of 1. Additionally, the normalized root mean square 
error (NRMSE) was used to quantify the residuals between 
observed and estimated rainfall series. It is computed as:

RMSE =

√∑N
i=1 (Si − Oi)2

N
,� (4)

NRMSE = RMSE

O
,� (5)

where N is the total number of data points; Oi and Si are the 
i-th observed and estimated daily rainfall, respectively; Ō is 
the mean observed daily rainfall. A lower NRMSE indicates 
a better fit between the precipitation products and gauge 
observations, with 0 being the optimum value.

Apart from the continuous error metrics, five detection-
based categorical metrics, namely accuracy (ACC), prob-
ability of detection (POD), false alarm ratio (FAR), critical 
success index (CSI) and Heidke skill score (HSS), were 
applied to measure the detection error of rainfall event (Mei 
et al. 2020; Soo et al. 2018). These categorical metrics are 
commonly applied as diagnostic verification measures for 
assessing the quality of non-probabilistic forecasts or esti-
mations (Wilks 2011). They were computed based on four 
possible outcomes of forecast–event combinations. Among 
these categorical metrics, ACC reflects level of correspon-
dence between estimated rainfall event and observations; 
POD measures the hit rate of correct detections in relation to 
the total actual occurrences of wet days; FAR represents the 
proportion of the estimated rainfall event associated with 
non-occurrences; CSI calculates the critical success rate that 
integrates both POD and FAR without considering correct 
non-occurrence of rainfall event (correct non-alarm); HSS 
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For seasonal analysis, precipitation products exhibit 
the highest accuracy during the SWM season, except for 
CHIRPS and CMORPH. However, scatter patterns reveal 
poor spatial consistency during the SWM and IM seasons. 
In contrast, data points during the NEM season are more 
tightly clustered, despite obvious underestimation of rainfall 
at wet stations. MSWEP achieves the highest accuracy dur-
ing the NEM and SWM seasons, while CHIRPS is the most 
accurate during the IM season. IMERG ranks as the second-
best product across all seasons, with NRMSE ranges from 
0.20 to 0.27. Despite performing well during the SWM sea-
son, ERA5-Land and PERSIANN-CDR show poor accu-
racy during the NEM season (NRMSE > 0.30). The results 
highlight varying accuracy of precipitation products under 
different meteorological conditions.

The skills of precipitation products in estimating the 
rainfall dynamics, such as temporal variations, systematic 
biases and rainfall intensity distribution, are further exam-
ined using KGE (Fig.  3). The median KGE scores at the 
daily scale range from 0.12 to 0.45, with IMERG showing 
the highest score, followed by CMORPH, MSWEP and 
GSMaP. In contrast, CHIRPS, ERA5-Land and PERSI-
ANN-CDR show lower KGE. IMERG’s violin plot distri-
bution is more tightly clustered and skewed toward higher 
values, indicating better consistency and reduced spatial 
variability. GSMaP, however, displays the widest spread of 
violin plot, suggesting higher spatial inconsistency.

To better understand performance across different error 
dimensions, KGE can be decomposed into three compo-
nents: correlation, bias and variability ratio. With largest 
deviation from the optimum, correlation is the weakest 
component across all products (Table S2; Supplementary 
Materials). KGE rankings closely mirror those of correla-
tion, suggesting that low daily KGE are largely attributed to 
temporal mismatches between product estimates and gauge 
observations. Only IMERG and MSWEP achieve median 
correlation values > 0.50 (0.55 and 0.54, respectively), while 
others range from 0.32 to 0.47. MSWEP’s relatively high 
correlation is likely due to its adjustment for gauge report-
ing times, which reduces temporal misalignment (Beck et al. 
2019a). However, the overall poor correlations imply that, 
despite recent advances, current generation of precipitation 
products still struggle to capture day-to-day rainfall varia-
tions in tropical region. Therefore, improving temporal esti-
mation is crucial to enhance the KGE scores. For bias, all 
products show reasonable performance, with median bias 
ratios ranging from 1.08 to 1.17, within ± 0.2 of the opti-
mum. Small biases are expected, as most products are bias-
corrected using global gauge data. Notably, the unadjusted 
ERA5-Land performs on par with other bias-corrected 
datasets. All precipitation products show greater variability 
errors compared to bias, with values ranging from 0.52 to 

of trends in extreme frequency and intensity (IPCC 2021; 
Zhang et al. 2011). The selected indices represent moderate 
extremes that typically occur several times per year (Dunn 
et al. 2022; Tefera et al. 2024; Zhang et al. 2011), rather 
than rare, high-impact events with decadal return periods 
(Alexander et al. 2025). The four indices used in this study 
include three intensity-based indices (PRCPTOT, Rx5day 
and R95p) and one frequency-based index (R20mm) (Ng 
et al. 2022).

3  Results

3.1  Daily and seasonal performance

Figure 2 compares precipitation products in capturing point-
scale rainfall. MSWEP exhibits the smallest residual errors 
with the lowest NRMSE (0.17), followed by IMERG (0.20), 
CHIRPS (0.22), ERA5-Land (0.22), CMORPH (0.26), 
PERSIANN-CDR (0.26) and GSMaP (0.28). The spread 
patterns show that all products underestimate rainfall at 
wetter stations and overestimate at drier ones, producing a 
flattened distribution relative to the 1:1 line. MSWEP and 
IMERG have tighter clustering around the 1:1 line, reflect-
ing higher accuracy and spatial consistency. CHIRPS per-
forms best at wet stations, likely due to its finer resolution 
(0.05° × 0.05°) with better representation of localized rain-
fall. In contrast, CMORPH, ERA5-Land, GSMaP and PER-
SIANN-CDR display substantial scatter and poor alignment 
with the 1:1 line, indicating inaccuracies across most of the 
stations, which is an important consideration when apply-
ing these datasets in regional or local-scale studies. These 
results highlight the importance of spatial analysis, as the 
performance of precipitation products is highly location 
dependent in Peninsular Malaysia.

Table 3  Definitions of selected indicators for assessing annual cycle 
and interannual precipitation extremes. A wet/dry day is defined when 
daily rainfall ≥ / < 1 mm
Index Definitions Units
Annual cycle
FREQ Monthly count of wet days days
SDII Intensity of rainfall – the ratio of monthly 

total rainfall to the number of wet days
mm/
day

Q90 90th percentile of rainfall in wet days mm
Interannual extremes
PRCPTOT Annual total rainfall from wet days mm
Rx5day Annual maximum consecutive 5-day 

rainfall
mm

R95p Annual total rainfall from days > 95th 
percentile

mm

R20mm Annual count of days when rainfall ≥ 20 
mm

days
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in variability (0.52–0.60), likely due to overestimation of 
rainfall frequency (Beck et al. 2017, 2019a).

At the seasonal scale, all products show higher KGE 
during the NEM season than daily scale with similar 

0.93. They underestimate the rainfall variability ratio, with 
CMORPH showing the best performance (0.93), followed 
by IMERG (0.77) and GSMaP (0.74). ERA5-Land, PER-
SIANN-CDR, CHIRPS and MSWEP exhibit greater errors 

Fig. 2  Scatter plot of mean 
rainfall at each station for daily 
and seasonal timescales. Red line 
represents the 1:1 line of perfect 
agreement
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spatial variability in KGE scores. In contrast, KGE scores 
decline during the SWM and IM seasons, particularly in 
the dry SWM season, suggesting that low daily KGE val-
ues are caused by poor performance during dry periods. 
All error components show lower median values in these 
seasons, reflecting weaker temporal agreement, greater 
bias and reduced variability skill. The results indicate that 

performance rankings, whereby MSWEP, CMORPH and 
IMERG perform better than other products. These gains are 
driven by increased correlation (up to + 0.06) and variabil-
ity ratio (up to + 0.09) scores, suggesting enhanced skill in 
capturing temporal dynamics and intensity distribution dur-
ing the wet season. However, the violin plot distributions 
of KGE are flatter during this period, indicating greater 

Fig. 3  Violin plots of KGE scores and their error components (correlation, bias and variability ratio) at daily and seasonal timescales over Penin-
sular Malaysia during 2014–2019. Inverted black triangles at the top indicate the optimum value for each metric
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a similar capability in detecting both wet and dry days. 
In terms of POD, all products perform well with values 
exceeding 0.70 (Tan et al. 2015), though substantial differ-
ences are evident between the best and worst performers. 
ERA5-Land achieves the highest POD score (0.95), likely 
due to its dependency on input components that frequently 
yield nonzero estimates (Hersbach et al. 2020), thereby 
reducing missed events (Ma et al. 2022). Its POD is slightly 
higher than that of MSWEP, PERSIANN-CDR, IMERG 
and GSMaP, while CHIRPS and CMORPH exhibit lower 
POD values (< 0.80). However, ERA5-Land's tendency to 
produce nonzero precipitation estimates also leads to round-
ing bias and an increased risk of false alarms. As a result, it 
ranks lowest in FAR, along with PERSIANN-CDR (both at 
0.52). CMORPH achieves the best FAR score (0.38), while 
the remaining products fall between 0.40 and 0.50.

although precipitation products achieve higher accuracy in 
estimating seasonal totals during the SWM season (Fig. 2), 
the temporal correlations, systematic biases and rainfall 
intensity distribution are more poorly captured than in the 
NEM season (Fig. 3), revealing clear seasonal differences 
in performance.

Figure 4 presents the categorical performance of the pre-
cipitation products in detecting rain events. Large discrep-
ancies in performance are observed among the products for 
POD, FAR and HSS, whereas their ACC and CSI scores 
are relatively consistent (Table S3; Supplementary Materi-
als). For ACC, all products demonstrate reasonably good 
accuracy (~ 0.60), comparable to the gauge-based Asian 
Precipitation Highly Resolved Observational Data Integra-
tion Towards Evaluation (APHRODITE) dataset reported in 
a previous study over Peninsular Malaysia (Tan et al. 2015). 
The comparable ACC values suggest that all products have 

Fig. 4  Radar chart of five categorical metrics (ACC, POD, FAR, CSI and HSS) that measure the capability of the seven precipitation products in 
rain event detection for a daily timescale, b NEM season, c SWM season and d IM season
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products generally perform better during the wet season and 
worse during the dry season. However, the seasonal pattern 
of POD differs from the other four categorical metrics. Spe-
cifically, POD scores tend to improve during the SWM and 
IM seasons but decrease during the NEM season. This may 
be attributed to the increased likelihood of missed events 
during the wet season, when there are more rainy days and 
a reduced likelihood during the dry season, when wet days 
are less frequent. Despite accounting for missed events, 
both CSI and HSS incorporate a broader combination of 
event pairs, thereby offering a more balanced and compre-
hensive assessment of categorical performance that is not 
overly influenced by a large number of missed events. These 
findings highlight that a lower score in a simple categori-
cal metric, such as POD, does not necessarily imply poor 
overall performance. Thus, the result needs to be interpreted 
cautiously.

3.2  Geospatial analysis

To assess the performance of precipitation products across 
different climatic regions, regional mean KGE scores were 
computed for the north, east, southwest, south and central 
regions at daily and seasonal timescales (Fig.  5). Among 
all products, IMERG exhibits the highest KGE scores 
in the east, southwest, south and central regions, while 
MSWEP performs best in the north (Fig. S2 and Table 

Given the inconsistencies observed in ACC, POD and 
FAR, the CSI is applied as a more comprehensive metric 
that integrates both POD and FAR to better evaluate the per-
formance of precipitation products in detecting rain events. 
CSI accounts for both missed events and false alarms while 
excluding correct non-events, offering measure of detection 
capability without being dominated by correctly predicted 
non-rain days. The radar chart shows that all precipita-
tion products perform similarly poor in terms of CSI, with 
values ranging from 0.45 to 0.53. This reflects inadequate 
skill in detecting rainfall events relative to the frequency of 
detection errors. Another composite metric used is the HSS, 
which is widely used to measure the accuracy of a forecast 
compared to the accuracy expected from random chance. 
All precipitation products demonstrate weak performance 
in HSS, with values ranging from 0.24 to 0.43, indicating 
only modest improvement over random estimations. Among 
the products, CMORPH, IMERG, GSMaP and MSWEP 
achieve relatively higher HSS scores than CHIRPS, PER-
SIANN-CDR and ERA5-Land, suggesting better overall 
performance in rain event detection.

For seasonal categorical performance, all precipitation 
products show better ACC, FAR, CSI and HSS during the 
NEM season, whereas poorer performance is observed dur-
ing the SWM and IM seasons. These results indicate that 
seasonal variations in categorical performance are con-
sistent with continuous error metrics, where precipitation 

Fig. 5  Heat maps of regional mean KGE scores for the north, east, southwest, south and central regions at a daily timescale, b NEM season, c 
SWM season and d IM season
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clearly underestimate the negligible rainfall, while CHIRPS, 
MSWEP, ERA5-Land and PERSIANN-CDR substantially 
overestimate the high moderate rainfall.

Seasonal analysis reveals greater divergence in rainfall 
structure across regions, primarily driven by monsoonal 
influences. During the NEM season, all regions exhibit 
an increase in the frequency of negligible rainfall events 
by approximately 1–12%. Flatter probability distribution 
curves are also observed, indicating reduced frequencies of 
light to low heavy rainfall. In the east region, the frequency 
of high heavy and very heavy rainfall events increases by 
3–4% due to direct exposure to monsoonal cold surges (Ng 
et al. 2022). The southwest and south regions also display 
slight increases in heavy rainfall during the NEM season. 
Among the precipitation products, CHIRPS, CMORPH 
and GSMaP generally underestimate moderate rainfall in 
all regions, while ERA5-Land tends to overestimate mod-
erate rainfall in the east and central regions. Additionally, 
heavy rainfall is consistently overestimated by CHIRPS, 
ERA5-Land, MSWEP and PERSIANN-CDR in all regions. 
IMERG demonstrates the highest skills during the NEM 
season across all regions.

Unlike the NEM season, rainfall distributions appear 
more sharply peaked during the SWM and IM periods, with 
increased moderate and low heavy rainfall and reduced neg-
ligible and very heavy rain, except for the southwest region 
during SWM season. This shift indicates a transition toward 
moderate-intensity rainfall during these seasons. However, 
these seasonal structural changes are not well represented 
by precipitation products, with relatively large deviations 
observed for the negligible, moderate and heavy rainfall. 
CHIRPS, ERA5-Land, MSWEP and PERSIANN-CDR 
consistently underestimate negligible rainfall and overes-
timate moderate and low heavy rainfall, while CMORPH 
and GSMaP show the opposing patterns. IMERG maintains 
relatively high skills across most intensity classes, though 
it underestimates negligible rainfall in the south and central 
regions. The results reveal pronounced spatiotemporal vari-
ability in the skill of precipitation products to characterize 
daily and seasonal rainfall structure in Peninsular Malaysia.

3.3  Annual cycle and interannual extremes

Figure  8 presents the annual cycles of domain-averaged 
FREQ, SDII and Q90 across Peninsular Malaysia. Based 
on gauge observations, the highest number of wet days 
occurs in November, while February records the lowest. 
Most precipitation products exhibit better agreement with 
observations during the NEM season, whereas larger biases 
and wider gaps are observed during the SWM and IM sea-
sons. CMORPH shows the highest skills among the prod-
ucts, while ERA5-Land, MSWEP and PERSIANN-CDR 

S4; Supplementary Materials). Spatial distribution shows 
KGE > 0.6 are mainly concentrated along the wetter east 
coast, whereas KGE < 0.4 are clustered in the drier south-
west and southern regions (Fig. 6). Four out of seven prod-
ucts (IMERG, CMORPH, MSWEP and GSMaP) achieve 
regional mean KGE > 0.50 in the east, while none exceeds 
0.40 in the southwest. This indicates a magnitude-dependent 
error structure in Peninsular Malaysia, whereby estimates 
for higher rainfall magnitudes tend to have lower errors and 
vice versa (Mei et al. 2014).

In the seasonal analysis, the north, east, south and cen-
tral regions record their highest average KGE scores during 
the NEM season, while the performance in southwest peaks 
during the IM season (Fig. 5). Conversely, the poorest KGE 
scores are observed in the SWM season for the north, east, 
southwest and central regions and during the IM season for 
the south. Average KGE scores improve across all regions 
during the NEM season, with high values (> 0.6) pre-
dominantly clustered in the east, north and central regions 
(Fig. 6). During the SWM season, higher KGE scores are 
concentrated in the north and south, whereas in the IM sea-
son, high scores are scattered across Peninsular Malaysia 
without a clear pattern. These spatial patterns in seasonal 
performance correspond with the wettest regions identified 
by Ng et al. (2022) during each monsoon season, reinforc-
ing the presence of a magnitude-dependent error structure.

Figure 7 presents a probabilistic evaluation of precipita-
tion estimates across rainfall intensity classes using PDFs 
derived from regional-averaged time series. At the daily 
scale, all climatic regions exhibit high frequencies in three 
intensity categories, namely negligible, low moderate and 
high moderate rain. Conversely, high heavy and very heavy 
rain collectively represent only about 5% of total rain-
fall occurrences. However, regional disparities in rainfall 
structure are apparent. The north and east regions exhibit a 
higher proportion of high moderate rain (~ 22%), whereas 
the southwest and south regions show left-skewed distribu-
tions with a predominance of low moderate rain (~ 26%). 
In comparison, the central region demonstrates a flattened 
distribution across moderate classes but a relatively high 
frequency of negligible rain (~ 35%).

Precipitation products generally show consistent skill in 
capturing light, high heavy and very heavy rainfall. How-
ever, notable deviations arise in the negligible, low and 
high moderate and low heavy rain categories. CMORPH 
and GSMaP tend to overestimate negligible rainfall and 
underestimate moderate intensities in all regions, except for 
the central region. In contrast, ERA5-Land, PERSIANN-
CDR and CHIRPS display the opposite pattern in those rain 
categories. IMERG has the highest skills across intensity 
classes in the north, east, southwest and south regions. In the 
central region, all precipitation products except CMORPH 
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Fig. 6  Spatial distribution of KGE scores for daily and seasonal timescales
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In contrast to frequency and intensity, all precipitation 
products show good agreement with the observed Q90 
distribution, indicating reliable skill in reproducing the 
monthly extremes, particularly in early months of the year. 
However, deviations increase from April onward, likely due 
to greater rainfall variability associated with monsoonal 
transitions. During this period, most products underestimate 
Q90, except for CMORPH which slightly overestimates it. 
CMORPH, GSMaP and IMERG consistently outperform 
others throughout the annual cycle. From the normalized 
Q90 ratios, it is evident that precipitation products better 
capture monthly extremes than frequency or intensity after 
removing biases. These results suggest that most products 
are more reliable in characterizing month-to-month extreme 
rainfalls than frequency or intensity.

Figure  9 presents the evaluation of precipitation prod-
uct in estimating year-to-year extreme rainfall. Overall, 
all products demonstrate poor performance in estimating 
the magnitude of interannual extreme indices with evident 
biases. However, after normalization, most products capture 
the general curves of the extreme indices reasonably well. 
This indicates that while precipitation products are capa-
ble of reproducing interannual variability in pattern, they 
remain highly susceptible to biases in terms of magnitude. 
Among the extreme indices, precipitation products show 
relatively better skill in estimating the PRCPTOT series. All 

consistently overestimate wet-day frequencies by > 5  days 
per month. CHIRPS performs well during the NEM season 
but shows reduced accuracy during the SWM season. The 
annual cycle of FREQ is further normalized (Fig.  8d) to 
evaluate the month-to-month structure of rainfall frequency 
without biases. All products correctly depict the bimodal 
peaks in April–May and October–November, consistent 
with previous findings by Ngai et al. (2020). This suggests 
that the discrepancies in Fig. 8a are primarily due to mag-
nitude biases. However, all products tend to underestimate 
the normalized FREQ ratios during the early NEM months 
(November and December).

For SDII, most precipitation products show substantial 
underestimations, particularly from March to November, 
except for CHIRPS and CMORPH during the NEM season 
(Fig. 8b). This underestimation is likely due to the concur-
rent overestimation of rainfall frequency, which skews the 
magnitude–frequency ratio. Despite a slight overestimation 
during the NEM season, CMORPH remains the best per-
former, whereas ERA5-Land, MSWEP and PERSIANN-
CDR continue to show poor skill which is consistent with 
their FREQ performance. The normalized SDII ratios indi-
cate that most products capture the month-to-month inten-
sity pattern, except for CHIRPS which overestimates SDII 
ratio in January–February and underestimates it from April 
to October.

Fig. 7  Probability distribution functions of rainfall intensity across daily and seasonal timescales for the north, east, southwest, south and central 
regions
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Fig. 9  Domain-averaged time series for a PRCPTOT, b Rx5day, c R95p, d R20mm and their respective normalized ratios e PRCPTOT/PRCPTOT-
mean, f Rx5day/Rx5daymean, g R95p/R95pmean and h R20mm/R20mmmean over Peninsular Malaysia during 2014–2019

 

Fig. 8  Annual cycle for a FREQ, b SDII, c Q90 and their respective normalized ratios d FREQ/FREQmean, e SDII/SDIImean and f Q90/Q90mean 
over Peninsular Malaysia during 2014–2019
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For R95p and R20mm, the products exhibit mixed per-
formance in different regions. ERA5-Land, MSWEP and 
PERSIANN-CDR strongly underestimate both indices 
across most of Peninsular Malaysia, while IMERG under-
estimates them at several stations in the east. CHIRPS 
underestimates R95p consistently across the region, but 
shows underestimation of R20mm mainly in the north, 
southwest and south. GSMaP underestimates R95p across 
most regions, but underestimates R20mm only in the north, 
east and southwest. In contrast, CMORPH demonstrates a 
consistent spatial pattern for both indices, underestimating 
values in the east while overestimating them in inland areas 
between the east, southwest and south regions. These results 
highlight that the ability of precipitation products to esti-
mate both the intensity and frequency of wet extremes is 
highly region-specific, particularly for R95p and R20mm.

4  Discussions

Based on the results, these rainfall estimates show a gener-
ally low level of agreement with gauge observations at both 
daily and seasonal scales, consistent with recent findings by 
Tan et al. (2015) and Tan and Santo (2018). They gener-
ally exhibit substantial random errors, primarily attributed 
to temporal sampling limitations (Tapiador et al. 2017) and 
mismatches in gauge reporting times (Beck et al. 2019b). 
Additionally, they inherit systematic regional biases, par-
ticularly in convection-dominated dry regions such as 
the southwest and southern parts of Peninsular Malaysia 
(Chang et al. 2005; Tangang et al. 2012). The poor skills 
observed in these dry regions may stem from the inability of 
precipitation products to correctly capture small-scale con-
vective mass flux when multiple gauge stations fall within a 
single grid cell. In such cases, these products may interpret 
localized convective events as grid-scale rainfall, leading to 
overestimations especially when only a few gauges record 
rain. Conversely, when several gauges within a grid cell 
record rainfall, those with higher rainfall amounts tend to 
be underestimated due to aggregation across the entire grid. 
This effect is clearly illustrated in the scatter plot analysis, 
where all products tend to overestimate low rainfall and vice 
versa.

Rainfall estimates show higher skill during the NEM sea-
son compared to the SWM and IM seasons. This improve-
ment can be attributed to the dominance of large-scale 
synoptic frontal systems, particularly the northeasterly cold 
surge along the east coast (Juneng and Tangang 2010). This 
phenomenon is triggered by the southward expansion of the 
Siberian High (Ding 1990; Wu and Chan 1995), creating 
strong low-level convergence and high vorticity conducive 
to rainfall formation (Chang et al. 2005; Ooi et al. 2011). 

products overestimate PRCPTOT, except for PERSIANN-
CDR which underestimates it in 2015. When considering 
the normalized PRCPTOT ratios, all products align well 
with gauge observations across most years, except for 2015, 
2016 and 2017. Previous studies have identified 2015/2016 
as among the driest years in the past decade and 2017 as 
the wettest year in the last 30 years, largely due to El Niño–
Southern Oscillation (ENSO) influences (Ng et al. 2022). 
While the causal linkage between ENSO events and pre-
cipitation product performance remains unclear, the cur-
rent findings suggest that these products may struggle to 
accurately reflect regional extreme rainfall variations driven 
by ENSO. Further investigation using long-term rainfall 
records is necessary to confirm this relationship with stron-
ger evidence.

For Rx5day and R95p, similar performance is observed 
from all precipitation products, whereby most products 
underestimate the magnitude of both indices, except for 
CMORPH which overestimates them. CHIRPS, ERA5-
Land, GSMaP and PERSIANN-CDR exhibit poor accuracy 
in estimating normalized Rx5day and R95p ratios, while 
CMORPH, IMERG and MSWEP show relatively better 
agreement with observations. Performance for the R20mm 
index is generally poor across most products, with substan-
tial deviations from observed series. However, GSMaP and 
IMERG demonstrate noticeably better accuracy in cap-
turing both magnitude and normalized curves. After nor-
malization, most precipitation products show consistent 
performance across the time series, although PERSIANN-
CDR continues to underperform, especially in 2015, 2016 
and 2017.

Figure  10 presents the spatial distribution of mean 
extreme indices values across Peninsular Malaysia. Based on 
gauge observations, high values of PRCPTOT and R20mm 
are primarily concentrated in the north, east and southwest 
regions, whereas high mean values of Rx5day and R95p are 
spatially clustered in the north and along the eastern coast-
line. The inland areas of the southwest and south regions 
represent drier zones with lower magnitudes of extremes, 
consistent with previous findings by Ng et al. (2022). For 
PRCPTOT, all precipitation products tend to overestimate 
the mean values at dry stations in the southwest and south 
regions, while underestimating them at wet stations in the 
east. Large deviations from observations (> 1000 mm/year) 
are observed in CMORPH, GSMaP and PERSIANN-CDR, 
whereas CHIRPS, ERA5-Land, IMERG and MSWEP 
exhibit smaller discrepancies. For Rx5day, all precipitation 
products show a consistent pattern of large underestimation 
in the east region. This suggests that the deviations observed 
in Fig. 9b primarily originate from the wet stations located 
in the east. In contrast, other regions show minimal differ-
ences from observations (< 100 mm/year).
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Fig. 10  Spatial distribution of mean PRCPTOT, RX5day, R95p and R20mm values from observations and their differences compared to precipita-
tion products across Peninsular Malaysia
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morphed schemes, which enhance spatial consistency 
(Tapiador et al. 2017). IMERG is the best-performing prod-
uct overall, due to its use of the advanced GPM dual-fre-
quency precipitation radar, which offers higher sensitivity 
to light rainfall and allows for detailed characterization of 
microphysical processes (Hou et al. 2014). Its advantages 
over CMORPH are evident in Peninsular Malaysia, where 
CMORPH tends to overestimate low rainfall.

In addition to satellite-based datasets, ERA5-Land, a 
state-of-the-art reanalysis product, is increasingly popular 
for climate studies (Harrigan et al. 2020; Ng et al. 2024), 
due to improvements in model physics and data assimila-
tion (Gleixner et al. 2020; Sheridan et al. 2020). It relies 
on in situ gauge and satellite observations assimilated into 
the numerical model throughout the reanalysis period to 
produce brief, short-range weather forecasts (Hersbach et 
al. 2020; Muñoz-Sabater et al. 2021; Simmons et al. 2010). 
However, despite recent advancements, ERA5-Land gener-
ally performs poorly in this study, especially in capturing 
convective rainfall and climatology. This aligns with ear-
lier studies showing that numerical model-based reanalyses 
struggle in tropical regions due to limitations in convective 
parameterization (Ebert et al. 2007). Moreover, ERA5-
Land's performance may be compromised by inhomogene-
ities arising from changes in the global observation network 
(Zhang et al. 2011). While ERA5-Land remains useful for 
estimating mean rainfall, it still lacks sufficient skills to esti-
mate extremes and convective events in tropics compared to 
the satellite technique. This highlights the need for further 
improvements in simulating tropical convection in reanaly-
sis models.

In contrast, MSWEP exhibits relatively good perfor-
mance compared to ERA5-Land, as it blends gauge, satel-
lite and reanalysis precipitation estimates to improve skills 
in densely gauged regions (Beck et al. 2019b). It shows 
higher correlation with daily observations as it adjusts for 
gauge reporting times to minimize temporal mismatches. 
However, MSWEP demonstrates lower agreement with the 
gauge observations in variability metrics and rainfall PDFs. 
This could be due to its use of ERA5 climatology to adjust 
merged satellite-reanalysis estimates, which are known 
to produce flatter and less peaky rainfall distributions 
(GloH2O 2022). Additionally, MSWEP underperforms in 
capturing the annual cycle and interannual extremes of Pen-
insular Malaysia compared to other products, possibly due 
to inhomogeneities from constant changes of data sources. 
The results reflect the necessity to enhance the representa-
tion of the rainfall PDFs and climatology to achieve compa-
rable skills with IMERG in Peninsular Malaysia.

Compared to convective storms, these frontal-dominated 
systems are more predictable and spatially coherent (Prein 
et al. 2015), contributing to improved rainfall detection by 
most products during this season. The eastern coastline, 
fully exposed to these cold surges, naturally records the 
highest annual rainfall and extremes.

In terms of point-to-grid comparisons, higher spatial 
resolution products are often more accurate in representing 
rainfall patterns than those with coarser resolutions (Kidd 
and Huffman 2011). This is evident in the 0.10° × 0.10° 
IMERG, which consistently shows the highest skill, 
whereas the 0.25° × 0.25° PERSIANN-CDR is among the 
worst. These results are reasonable given that gridded data-
sets represent spatially averaged rainfall within each grid 
cell, and errors arising from scale mismatch in point-to-grid 
comparisons tend to diminish with finer spatial resolution. 
However, their performance rankings may differ under 
grid-to-grid evaluations or when areal reduction factors are 
applied. Nonetheless, our findings demonstrate that spatial 
resolution alone does not guarantee performance, as algo-
rithms, interpolation techniques and input data sources also 
play significant roles. For example, CHIRPS, despite hav-
ing the finest resolution (0.05° × 0.05°), does not outperform 
other coarser-resolution products in most aspects. In fact, 
it shows low agreement with gauge observations in spatio-
temporal analysis, rainfall climatology and event detection. 
This may be due to its reliance on thermal infrared-based 
(IR) Cold Cloud Duration estimates, which exclude pas-
sive microwave-derived (PMW) estimates that is known for 
more skillful rainfall sensing (Ebert et al. 1996; Funk et al. 
2015). Similarly, PERSIANN-CDR uses an IR-based esti-
mation algorithm, even though its artificial neural network 
model is trained with PMW-derived estimates (Ashouri et 
al. 2015). The combination of coarse resolution and IR-only 
estimates limits its performance in tropical regions. While 
IR sensors provide higher sampling frequency, they rely 
on cloud-top brightness temperature and often misinterpret 
non-precipitating clouds as rainfall.

In contrast, PMW sensors measure microwave energy 
from hydrometeors in the atmospheric column, providing 
more direct and reliable estimates (Tapiador et al. 2017; 
Wilheit et al. 1977). As such, some of the best-performing 
satellite products, namely IMERG, CMORPH and GSMaP, 
employ IR–PMW combined techniques, integrating the fre-
quent coverage of IR estimates with the physical robustness 
of PMW retrievals (Huffman et al. 2020; Kubota et al. 2020; 
Xie et al. 2017). These satellite precipitation products with 
IR-PMW combined methods display clear advantages over 
other products in estimating tropical rainfall over Peninsu-
lar Malaysia, as demonstrated in the results. Among them, 
IMERG and CMORPH outperform GSMaP, likely due to 
additional quality control mechanisms in their advection 
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uncertainty in rainfall-runoff processes for flood prediction 
and disaster response. Additional quantitative estimation 
of errors due to spatial mismatch and areal reduction fac-
tors under different storm types, durations and elevation 
is recommended in future studies to better assess spatial 
representativeness.
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5  Conclusion

This study focused on the evaluation of seven state-of-the-
art precipitation products against gauge observations in 
Peninsular Malaysia from 2014 to 2019. The assessment 
was conducted at daily and seasonal timescales using both 
continuous and categorical error metrics to quantify their 
spatiotemporal performance. The ability of these products 
to estimate the regional climatology, including the annual 
cycle and interannual extremes, was also examined. The 
major findings are summarized as follows.

In point-to-grid comparisons, MSWEP shows highest 
point-scale accuracy, although all products exhibit consider-
able spatial inconsistencies. Based on KGE scores, IMERG 
and CMORPH are the most skillful in representing daily 
rainfall dynamics. However, poor correlation remains a 
key limitation across all products. For rain event detection, 
all products performed reasonably well in terms of ACC, 
POD and FAR, but poorly in CSI and HSS. CMORPH and 
IMERG exhibit more balanced categorical performance. 
Region-specific analysis reveals higher skills along the 
wetter east coast and lower skills in the drier southwest 
and south regions, reflecting a magnitude-dependent error 
structure. IMERG performs best over the east, southwest, 
south and central regions, whilst MSWEP outperforms the 
rest in the north. These regional discrepancies become more 
evident in seasonal analysis, with product performance 
improving during the wetter NEM season but declining 
during the drier SWM and IM seasons. The performance 
ranking of precipitation products in each region also varies 
seasonally. Most products fail to replicate seasonal shifts in 
rainfall structure, particularly for negligible and moderate 
intensity classes. In terms of climatology, all products mis-
represent the rainfall frequency and intensity in the annual 
cycle due to substantial biases, although extreme quantiles 
are better captured. Interannual extremes are generally 
underestimated in magnitude but reasonably tracked tempo-
rally, except during ENSO years when products struggled to 
replicate the observed variability.

Several issues related to algorithm design, input data 
sources and spatial resolution were highlighted in the dis-
cussions as key factors affecting product performance. The 
overall findings emphasize the importance of region-spe-
cific validation in complex tropical climates before apply-
ing precipitation products to operational hydrology (e.g., 
flood forecasting, drought monitoring) and coupled land–
atmosphere modeling. These findings also underscore the 
need for further algorithmic refinements and bias correction 
techniques to enhance rainfall estimation in convection-
dominated tropical environments. Future studies should 
examine the capability of precipitation products to simulate 
the diurnal cycle in tropics and explore the propagation of 
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