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A B S T R A C T

Spatially and temporally enhanced satellite precipitation products (SPPs) from the GPM mission offer a viable 
alternative to ground-based measurements. Although the SPPs have been extensively evaluated at specific time 
scales, such as hourly and daily, the temporally continuity feature of precipitation events is often overlooked. 
This study assessed and intercompared the performance of six GPM hourly SSPs, i.e. Early, Late and Final from 
IMERG, and NRT, MVK, NRT_GC (hereafter GC) from GSMaP, focusing on capturing three key precipitation 
properties (i.e. depth, duration and intensity) along with peak magnitude and timing, in order to obtain a 
comprehensive understanding of their capability and potential for precipitation monitoring and related hydro
meteorological applications. The minimum inter-event time (MIT) approach, with a range of threshold values (i. 
e. 1, 2, 6, 10 and 24 h), was adopted to delineate precipitation events for the SSPs and the reference data (site 
observations and CLDAS datasets). IMERG and GSMaP products revealed their respective strengths in detection 
capacity of precipitation events, with IMERG achieving lower FAR and GSMaP showing higher POD. Despite 
comparable capabilities in estimating the depth of precipitation events by all the SPPs, IMERG products tended to 
be more effective in characterizing precipitation intensity and event peak while GSMaP better identified event 
duration. Notably, near/post real-time products outperformed gauge-corrected versions in certain aspects. Early 
was more capable of capturing event-based precipitation properties compared to the other IMERG products, 
especially for shorter MITs, suggesting the potential of near-real-time products in precipitation monitoring and 
early warning of associated hazards. In addition, MVK excelled in characterizing event duration, intensity, and 
peak magnitude within the GSMaP system, revealing the possible effectiveness of gauge-free satellite retrieval 
algorithms. Subregion analysis using the K-means clustering algorithm demonstrated the integrated influence of 
multiple factors on the performance of the SPPs, also with region-dependent sensitivity to a specific factor. The 
findings obtained from this study could provide new insights into the practical application and possible further 
enhancement of the GPM SPPs.

1. Introduction

With the development of remote sensing technology for precipitation 
retrieval in recent decades, a series of satellite precipitation products 
(SPPs) have been released, providing decent spatial and temporal res
olutions (Kucera et al., 2013; Li et al., 2021b). The most commonly used 
SPPs include the Tropical Rainfall Measuring Mission (TRMM; Kum
merow, 1993), Climate Prediction Center (CPC) Morphing (CMORPH; 
Joyce et al., 2004), Precipitation Estimation from Remotely Sensed In
formation using Artificial Neural Networks (PERSIANN; Hsu et al., 

1997), and more recently the Global Precipitation Measurement (GPM) 
mission with the associated Integrated Multi-satellite Retrievals 
(IMERG; Hou et al., 2014) and Global Satellite Mapping of Precipitation 
(GSMaP; Kubota et al., 2007).

The GPM project was designed to deliver a new generation of sat
ellite precipitation product (SPPs) at an enhanced temporal and spatial 
resolution (half-hourly, 0.1◦ × 0.1◦) with higher accuracy (Hou et al., 
2014; Kubota et al., 2007). The two systems of GPM, i.e. IMERG and 
GSMaP, containing near-real-time, post-real-time and gauge-corrected 
products, have both been extensively evaluated from regional to 
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global scales in recent years, demonstrating their effectiveness in 
monitoring precipitation (time of occurrence and quantity) across a 
range of spatiotemporal scales (Beck et al., 2017; Pradhan et al., 2022; 
Zhou et al., 2020). The gauge-corrected versions have generally pre
sented superior performance to the near/post real-time products, espe
cially at larger temporal scales (Lu and Yong, 2018; Pradhan et al., 2022; 
Yang et al., 2020). Some studies focused on the capacity of SPPs in 
capturing extreme precipitation events, either for direct evaluation of 
the precipitation magnitudes (Palharini et al., 2020; Salih et al., 2024; 
Sharifi et al., 2018), or for the assessment of rainfall-based applications, 
such as flood forecasting (Quintero et al., 2016; Tapiador et al., 2021; 
Yuan et al., 2019) and typhoon tracking (Ayat et al., 2021; Roversi et al., 
2024; Yu et al., 2021). The GPM SPPs have shown the ability to char
acterize extreme precipitation events from either perspective (Li et al., 
2022; Libertino et al., 2016; Omranian et al., 2018; Shi et al., 2021). 
Although the evaluation studies of GPM SPPs have enhanced our 

understanding of their potential capabilities, strengths and limitations 
(Chen et al., 2020b), most of the validations were implemented at spe
cific time scales (e.g. daily, monthly and annually), with extreme-event 
analyses also based on precipitation data at a fixed-time interval (e.g. 24 
h).

Unlike other environmental variables (e.g. soil moisture, vegetation 
condition, temperature etc.), precipitation manifests as a discontinuous 
phenomenon, both spatially and temporally, often adopting the form of 
“events” characterized by a distinct spatial extent and time span 
(Tapiador et al., 2019). The occurrence and properties of precipitation is 
directly related to the thermodynamic and microphysical atmospheric 
processes operating at the associated scale and the type of precipitation 
(Berg et al., 2013; Lamjiri et al., 2017; Li et al., 2023). Land surface 
processes and hazards, such as infiltration, runoff, soil erosion and 
landslides, are heavily influenced by precipitation events (Blenkinsop 
et al., 2017; Lewis et al., 2019). Fixed-timescale (e.g. daily) precipitation 

Fig. 1. Maps of climate (a,b), vegetation (c), landscape (d-f) and soil (g-i) properties, rain gauge stations (j) and the subregion delineation results (k) of the 
study area.
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analysis of the SPPs may overlap multiple distinct precipitation events, 
while a single precipitation event might span several fixed-time intervals 
(e.g., hourly) (Dunkerley, 2012; Freitas et al., 2020; Hanel and Maca, 
2014). Thus, evaluation of SPPs at a fixed-time scale is inadequate for 
understanding and analyzing precipitation and its resulting processes. 
Accordingly, it is necessary to assess the SPPs from an event perspective, 
which is essential for further application in hydro-meteorological fields. 
Studies considering event-based evaluation of SPPs originally focused on 
the simulation of flood events, in which precipitation events were 
analyzed as basin-scale averages (Mei et al., 2014; Mei et al., 2016; 
Nikolopoulos et al., 2013). Maranan et al. (2020) then solely targeted at 
precipitation events and evaluated the ability of the IMERG Final to 
capture the event duration. Freitas et al. (2020) and Li et al. (2021b)
further analyzed the performance of IMERG Final in characterizing 
precipitation depth, duration and intensity in Brazil and China, respec
tively. Nevertheless, there remains a lack of studies examining the 
behavior of SPPs from an event-based perspective, particularly with 
intercomparisons between different SPPs, which restricts a compre
hensive understanding of the capability of each SPP in terms of pre
cipitation event monitoring and associated applications, e.g. forecasts 
and early warnings of floods and other natural hazards.

The objective of this study is to assess and intercompare the per
formance of the GPM SPPs (both IMERG and GSMaP) from an event- 
based perspective, focusing on their capability in detecting precipita
tion events as well as capturing event properties. The minimum inter- 
event time (MIT) approach, which has been widely tested to be effec
tive (Dunkerley, 2008, 2012), was employed to delineate precipitation 
events. A range of MIT values were adopted to analyze the impact of the 
MIT criteria on the effectiveness of the SPPs. China was selected as the 
study region due to its complex terrain, diverse climate conditions and 
variable rainfall patterns, which enables an investigation on influence of 
various external factors on the performance of the GPM SPPs. This study 
therefore elucidates the potential of SPPs in monitoring precipitation 
events and the factors driving good performance, providing a scientific 
reference for their use in hydrometeorological fields across different 
climatic and geographical regions.

2. Study area and data

2.1. Study area

The People’s Republic of China (hereafter referred to as China), the 
third-largest country in the world with an area of approximately 9.6 ×
106 km2, is characterized by diverse climate conditions and landscapes. 
A large number of studies have indicated the potentially substantial 
impact of climate and underlying land surface conditions on the accu
racy of SPPs (Anjum et al., 2018; Chen et al., 2019; Chiaravalloti et al., 
2018; Demaria et al., 2011). China is thus suitable for an in-depth 
evaluation of SPP performance and the external driving factors. The 
climate in China is predominantly governed by the continental monsoon 
(Chen et al., 2019; Zhou et al., 2020), which results in a decrease of 
precipitation from southeast coastal area to northwest inland regions 
(Fig. 1a). The underlying vegetation condition typically follows the 
pattern in precipitation, with wetter regions being more densely 

vegetated (Fig. 1c). Additionally, the elevation progressively rises from 
the east to the west, culminating in the Tibet Plateau, which is renowned 
as “the roof of the world” (Fig. 1d), enabling the assessment of SPPs 
under complex terrain, of which high-altitude regions have been 
recognized to have relatively poor performance (Chen et al., 2019; Mei 
et al., 2016).

2.2. Satellite precipitation datasets

The SSPs from the GPM mission are based on the integration of 
precipitation estimates derived from several passive microwave (PMW) 
satellites and many geosynchronous microwave-calibrated infrared (IR) 
sensors within the GPM constellation, using various algorithms. The 
GPM project features two unique instruments: the Dual-frequency Pre
cipitation Radar (DPR) and the GPM Microwave Imager (GMI), both of 
which are the most advanced sensors designed for measuring precipi
tation from space (Hou et al., 2014). The GPM mission encompasses two 
main systems: the GPM IMERG from the National Aeronautics and Space 
Administration (NASA) and GSMaP (Kubota et al., 2007) developed by 
the Japan Aerospace Exploration Agency (JAXA). Both systems provide 
near/post real-time and gauge-corrected products, respectively. Despite 
sharing similar input data, differences in the algorithms and the 
correction procedures lead to varying accuracy levels of these SPPs 
(Zhou et al., 2020). In this study, six commonly used SPPs from GPM are 
investigated, being IMERG-Early (hereafter referred to as Early), 
IMERG-Late (hereafter referred to as Late), IMERG-Final (hereafter 
referred to as Final), GSMaP-NRT (hereafter referred to as NRT), GSMaP- 
MVK (hereafter referred to as MVK) and GSMaP-NRT-GC (hereafter 
referred to as GC). The basic information of these SPPs is summarized in 
Table 1.

The IMERG suite provides global precipitation at a spatial resolution 
of 0.1◦ × 0.1◦ across multiple temporal resolutions, including half- 
hourly, daily and monthly. The DPR and GMI are applied to intercali
brate the precipitation traits merged from various PMW for IMERG, 
while microwave-calibrated IR is used to compute precipitation rate. 
Finer-resolution precipitation estimates are propagated from the mi
crowave maps utilizing a morphing technique in a forward/backward 
way. The near real-time “Early Run” (4-h data latency) employs 
forward-only morphing. Both forward and backward morphing are 
implemented for the post real-time “Late Run” (12- h data latency) and 
the gauge-corrected “Final Run” (3.5-month data latency), with the 
“Final Run” further incorporating monthly GPCC gauge data. All the 
datasets are freely accessible from https://gpm.nasa.gov/data/ 
directory. This study evaluates the three half-hourly IMERG products 
(Version 6) for the period 2018 to 2022.

The GSMaP system generates multi-satellite precipitation products 
with high spatiotemporal resolution (0.1◦, hourly) by integrating PMW 
estimates with partial IR estimates (Chen et al., 2019; Ushio et al., 
2009). Unlike IMERG, which employs both DPR and GMI for calibration, 
DPR is solely adopted to correct the PMW-based precipitation estimates. 
The MVK product (post-real-time version, 3-days data latency) in
tegrates PMW data with IR brightness temperature, and a Kalman filter 
(KF) is applied to refine the precipitation rate propagated based on the 
atmospheric moving vector derived from two successive IR images, 

Table 1 
Summary of the precipitation products and datasets used in this study.

Datasets Spatial resolution Temporal resolution Period Time latency Data source

Rain gauge – 1 h 2019.07–2020.12, 2021.12–2022.09 – CMA
CLDAS 0.0625◦ 1 h 2018.01–2022.12 2 days

IMERG
Early 0.01◦ 0.5 h 2018.01–2022.12 4 h

NASALate 0.01◦ 0.5 h 2018.01–2022.12 12 h
Final 0.01◦ 0.5 h 2018.01–2021.09 3.5 month

GSMaP
NRT 0.01◦ 1 h 2018.01–2022.12 4 h

JAXAMVK 0.01◦ 1 h 2018.01–2022.12 3 days
GC 0.01◦ 1 h 2018.01–2022.12 4 h
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while the NRT (near-real-time version, 4-h data latency) is based on a 
more streamlined algorithmic process. Global gauge-based analysis of 
daily precipitation from the NOAA Climate Prediction Center (CPC) 
underpins the gauge-correction products (both for NRT_GC and 
MVK_GC) in this system (Chen et al., 2008). All the gauge-corrected 
versions have the same data latency with their uncorrected version (4 
h for NRT_GC and 3 days for MVK_GC). In this study, the gauge-corrected 
version of NRT, i.e. NRT_GC (hereafter for GC), was selected as the 
representative of the GSMaP gauge-corrected datasets. The hourly NRT, 
MVK and GC (Version 6) from 2018 to 2022 were used, which are 
available on the JAXA website (https://sharaku.eorc.jaxa.jp/).

2.3. Gauge observations and CLDAS datasets

Hourly observations from over 2000 automatic weather stations 
(AWSs) operated by the National Meteorological Information Center of 
the China Meteorological Administration (CMA) were considered to 
validate the SPPs, while stations used for originally calibrating these 
SPPs were excluded to ensure data independency. Rigorous quality 
control has been conducted over the whole mainland China. Due to data 
availability, ground records from July 2019 to December 2020 and 
January to September 2022 were analyzed in this study. The spatial 
distribution of CMA stations used in this study is presented in Fig. 1j.

Additionally, hourly precipitation datasets from the China Meteo
rological Administration Land Data Assimilation System (CLDAS) were 
also employed for the purpose of validation. CLDAS v2.0 integrates data 
from various sources (e.g. Fengyun-2 series of Chinese geostationary 
meteorological satellite precipitation, CMORPH and ground-based 
measurements) via data fusion and assimilation techniques (Shi et al., 
2011), providing hourly precipitation over the East Asian region 
(70–150◦E, 0–60◦N) at a spatial resolution of 0.0625◦. With stringent 
quality control, the CLDAS dataset has a high level of accuracy, with a 
bias of only − 0.0004 mm/h for the hourly precipitation (China Meteo
rological Administration, 2017). The CLDAS precipitation data have also 
been well validated in a large number of studies (Han et al., 2019; Shen 
et al., 2013; Shen et al., 2014; Sun et al., 2020; Yang et al., 2017). 
Accordingly, the CLDAS hourly precipitation data from 2018 to 2022 
was used in this study.

2.4. Supplementary data

2.4.1. Annual average precipitation and temperature
Annual average precipitation and temperature are key factors 

delineating climate regions according to the Köppen climate classifica
tion. The grid-based monthly climatic datasets (1 km × 1 km) from 1901 
to 2020 from the National Tibetan Plateau Data Center (http://data.tp 
dc.ac.cn/) were used to determine the annual average values for both 
precipitation and temperature. These datasets combine global climate 
suites from the Climatic Research Unit (CRU) and WorldClim (https:// 
www.worldclim.org/). Their accuracy has been proven through vali
dation against 496 independent meteorological stations (Peng et al., 
2019). The resulting maps of average precipitation and temperature 
across China are presented in Fig. 1a and Fig. 1b, respectively, showing 
similar distributions with those calculated by the gauge observations 
(Tang et al., 2016; Yu et al., 2020).

2.4.2. Land surface properties
Land surface features including vegetation condition, Digital Eleva

tion Model (DEM) -derived characteristics, and soil properties were also 
utilized for subregion delineation in this study, to analyze driving factors 
for the performance of the SPPs. The Normalized Difference Vegetation 
Index (NDVI), effective for monitoring vegetation activity and biomass 
(Katsiabani et al., 2006; Xu et al., 2015), was adopted as the indicator of 
underlying surface vegetation condition. Accordingly, the NDVI 
employed in this study was from the Moderate-Resolution Imaging 
Spectroradiometer (MODIS) sensor aboard the Terra satellite (https 
://lpdaac.usgs.gov/), specifically the monthly MOD13C2 NDVI prod
uct at a spatial resolution of 0.05◦ from 2018 to 2022. The 30 m reso
lution DEM data were from the Shuttle Radar Topography Mission 
(SRTM) provided by NASA (https://earthdata.nasa.gov/), with slope 
and aspect subsequently computed. Soil texture was chosen as the in
dicator of soil properties due to its importance in land clustering and its 
widespread use in site grouping (Devine et al., 2021; Donoghue et al., 
2019; Krueck et al., 2006). Maps of sand, silt and clay percentage (1 km 
× 1 km) from the Data Center for Resources and Environmental Sci
ences, Chinese Academy of Sciences (RESDC) (https://www.resdc.cn/) 
were utilized in this study. A bilinear interpolation resampling method 
was applied to obtain maps of all these factors at the same spatial res
olution as the SPPs.

3. Methodology

3.1. Identification of precipitation events

The minimum inter-event time (MIT) method, which is the most 
widely used approach to identify individual precipitation events from 

Precipitation periods

Dry periods

1 2 3 4 5

Precipitation events identifiedPredefined MIT

Fig. 2. Definition of precipitation events based on MIT criterion.
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successive precipitation records (Dunkerley, 2008; Hanel and Maca, 
2014; Molina-Sanchis et al., 2016), was used in this study. This method 
employs a specified rainless interval to distinguish discrete precipitation 
events. Specifically, a precipitation event is identified only if the inter
vening dry period meets or exceeds a predefined threshold (the MIT 
value), as illustrated in Fig. 2. Given that the choice of MIT criteria could 
significantly influence the identification results of precipitation events 
(Dunkerley, 2008, 2015; Dunkerley, 2010), a series of commonly used 
MIT thresholds (1, 2, 6, 24 h) were selected to divide consecutive rain 
records. MIT = 1 h and 24 h were selected to represent distinctly 
different conditions, i.e. relatively short and long separation intervals 
between events, normally corresponding to short-duration and long- 
duration precipitation events, respectively. MIT = 2 and 6 h were 
included since they have been commonly adopted in hydro- 
meteorological research and practices (Brasil et al., 2022; Hirschberg 
et al., 2021; He et al., 2022). An MIT value of 10 h was also considered, 
as suggested by Wang et al. (2019), for its desirable applicability in 
China.

3.2. Evaluation of the satellite precipitation products

The performance of the six GPM SPPs for identifying the properties of 
precipitation events were evaluated against both reference datasets, 
being the gauge observations and grid-scale CLDAS dataset. Pixels of 
satellite products paired with the ground sites were first identified, and 
the gauge precipitation data within the same grid was averaged to 
obtain the “ground truth” for that pixel. For CLDAS, bilinear interpola
tion was used to match its spatial scale with that of the SSPs, from 
0.0625◦ to 0.01◦. A precipitation depth threshold of 2.5 mm was 
adopted, excluding events with a total depth below this value from the 
analysis, to reduce the occurrence of false alarms commonly observed in 
satellite precipitation products for very light rainfall events (Freitas 
et al., 2020; Bi et al., 2022; Li et al., 2021a, 2021b, 2021c). For com
parison, an event identified by both the SPPs and reference data was 
considered to be the same event if more than 50 % of the event process 
overlapped, or if the time lag between their centroids was within 2.5 
times the MIT value (Freitas et al., 2020).

Three commonly used indices were applied to assess the detectability 
of each SPP, being probability of detection (POD), false alarm ratio 
(FAR) and critical success index (CSI) (Freitas et al., 2020; Gadelha et al., 
2019; Tang et al., 2016). These indices were calculated according to: 

POD =
a

a + c
(1) 

FAR =
b

a + b
(2) 

CSI =
a

a + b + c
(3) 

where a is the number of precipitation events detected by both the 
reference data and the SPPs; b refers to the number of events falsely 
captured by the SPPs but did not actually occur; c denotes the number of 
events detected by the reference data but not captured by the SPPs. The 
POD and CSI reflect the ability of the SPPs to accurately detect precip
itation events, while the FAR indicates the performance of the SPPs in 
avoiding a false alarm. All three indices range from 0 to 1, with the 
optimal value being 1 for POD and CSI, and 0 for FAR.

The capability of the SPPs was also assessed in capturing the event- 
based precipitation properties, consisting of event-wide metrics and 
peak-related metrics. Event-wide properties include event depth (D, 
mm), duration (T, h) and intensity (D/T, mm/h). The ratio bias (RB) and 
mean relative error (MRE) were introduced to evaluate the performance 
of each SPP in characterizing these three properties, defined as: 

RB =

∑n
i=1(Si − Ri)
∑n

i=1Ri
× 100% (4) 

MRE =

∑n
i=1|Si − Ri|
∑n

i=1Ri
(5) 

in which Si and Ri refer to the estimates of the SPPs and the observations 
from the reference datasets, respectively, and n is the total number of 
events involved in the analysis. RB reflects the extent to which the SPPs 
under/overestimate precipitation, while MRE provides an overall 
assessment, accounting for the potential offset in RB when computing 
the average. For both indices, the optimal value is 0 and the smaller 
absolute value indicates a better performance of the SPPs.

Peak-related properties consist of peak ratio (Pr, %) and time to peak 
(Pt, %), representing the magnitude and timing of event peak, respec
tively, defined as: 

Pr =
Dm

D
×100% (6) 

Pt =
tm − 1
T − 1

×100% (7) 

in which Dm is the precipitation depth (mm) at the peak hour and tm 
denotes the time (h) from the event onset to the peak intensity in the 
event. The performance of the SPPs in estimating peak-related proper
ties against the reference datasets was evaluated using scatter plot 
analysis.

3.3. Delineation of subregions with homogeneous characteristics

To analyze the collective impact of climate and land surface prop
erties on the performance of the SPPs, a k-means clustering algorithm 
was employed to delineate subregions with homogeneity when ac
counting for factors such as climate conditions (averaged precipitation 
and temperature, based on Köppen climate classification, Fig. 1a, b), 
vegetation conditions (NDVI, Fig. 1c), terrain features (elevation, slope 
and aspect, Fig. 1d, e, f) and surface soil texture (percentage of sand, silt 
and clay, Fig. 1g, h, i). The optimal number of clusters was determined 
using the Silhouette Score method, which identifies the configuration 
that maximizes within-cluster cohesion and between-cluster separation, 
thereby ensuring a balance between spatial heterogeneity and inter
pretability (Aytaç, 2020).

To quantify the influence of each environmental factor on SPP ac
curacy, the concept of relative mutual information (RMI) was intro
duced (Ning et al., 2022). The mutual information I(Xi,Y) between each 
environmental factor Xi and accuracy metric Yis computed by: 

I(Xi,Y) = H(Xi)+H(Y) − H(Xi,Y) (8) 

in which, H(Xi) and H(Y) denote marginal entropy of the environ
mental factor and the accuracy metric, respectively, and H(Xi,Y) is their 
joint entropy. These entropies are defined as: 

H(X) = −

∫

p(x)log p(x) dx (9) 

H(Y) = −

∫

p(y)log p(y) dx (10) 

H(X,Y) = −

∫

p(x, y)log p(x, y) dxdy (11) 

where p(x), p(y) and p(x, y) denote the marginal density of X, Y and 
their joint density respectively. The mutual information values were 
then normalized within each subregion to derive the RMI of each factor: 

wi =
I(Xi,Y)

∑n
i=1I(Xi,Y)

(12) 
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in which, wi denotes the RMI of the environmental factor i. It ranges 
from 0 to 1, with higher values indicating stronger influence on the 
SPPs’ performance.

4. Results

4.1. Nationwide analysis of the property means of precipitation events 
identified by the SPPs

Two reference datasets (site observations and CLDAS grid data) were 
employed to evaluate the GPM SPPs separately. A nationwide analysis of 
the mean property values of all precipitation events were initially con
ducted (Fig. 3), and the extent of over/underestimations was also 
assessed (Fig. 4), considering all grid cells over the entire country. A 
“good agreement” was considered for a grid cell if the over/underesti
mation of the mean event property value was within 25 %, and a 
nationwide “satisfactory” performance on capturing this property was 
suggested by more than 60 % of the grid cells exhibiting a good agree
ment. The validation results against rain gauge and CLDAS datasets 
showed good consistency. Overall, the SPPs from IMERG and GSMaP 
demonstrated satisfactory and comparable abilities in discerning pre
cipitation depth, despite some over/underestimations. Although Early 
tended to have more underestimations (Fig. 3), it exhibited a higher 
percentage of “good agreement” nationwide within the IMERG system, 
especially for MIT ≤2 h (>75 %) (Fig. 4). It indicated that Early well 
captured the precipitation depth for more grid cells within the whole 
area, compared to Late and Final. GC within GSMaP system presented a 
slight better performance than NRT and MVK. As for the mean precip
itation duration, IMERG products showed clear overestimations while 
GSMaP products exhibited noticeable underestimations (Fig. 3–4). It can 

also be observed that IMERG products were superior for shorter MITs 
whereas GSMaP appeared to be better for longer MITs (MIT ≥ 6 h) In 
accordance to the performances of SPPs on identifying the mean pre
cipitation depth and duration, the mean precipitation intensity was 
found to be underestimated by the IMERG products, while being over
estimated by GSMaP. IMEGR products demonstrated higher percentages 
of “good agreement” compared to GSMaP for identifying precipitation 
intensity, especially for shorter MITs. For both event duration and in
tensity, it was interesting to note that the gauge-corrected versions in 
both systems did not perform better than their near/post real-time 
versions. Early presented the least discrepancies within IMERG system 
for shorter MITs, and MVK revealed its superiority among GSMaP 
products regardless of MIT values. In general, the influence of increasing 
MIT was relatively more pronounced for the estimation of mean event 
duration by the GPM SPPs compared to that of depth and intensity.

4.2. Detectability of precipitation events by the SPPs

The CLDAS datasets were only used for assessing detectability of 
precipitation events by the GPM SPPs, since the rain gauges identified an 
insufficient number of precipitation events (≤50, compared to over 300 
in CLDAS). Fig. 5 presents the detectability indices (i.e. POD, FAR, CSI) 
for all the SPPs. Generally, they all exhibited better performances for 
longer MITs (≥ 6 h). With regard to POD, GSMaP products were slightly 
better than IMERG for longer MITs, whereas they displayed comparably 
poorer performance when MIT ≤ 2 h. Early was slightly inferior to Late 
and Final for shorter MITs, and Final showed relatively distinct superi
ority for longer MITs. Among the GSMaP products, MVK achieved the 
highest POD (for longer MITs) while the gauge-corrected version (GC) 
was unexpectedly the worst. IMERG products were more effective in 
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avoiding false alarms compared to GSMaP products. Late and GC dis
played the lowest FAR in their respective system. The CSI of the IMEGR 
products was marginally higher than that of GSMaP for longer MITs, 
while the two systems had similar performances for shorter MITs. 
Overall, the detectability of all the SPPs was enhanced with an increase 
in MIT, evidenced by higher POD and CSI and lower FAR. It was also 
noted that substantial improvement was detected when MIT increased 
from 2 to 6 h, with PODp50 (the median value of POD) rising from 0.20 to 
0.22 to 0.55–0.63, and FARp50 decreasing from 0.72 to 0.75 to 
0.48–0.52.

The spatial distribution of the three indices for all the SPPs is 
depicted in Fig. 6, Fig. S1 and Fig. S2. Better performances were 
observed in central and eastern China, indicated by higher POD and CSI, 
and lower FAR, while the coastal regions exhibited the most substantial 
improvements with increasing MIT. The increase in POD for IMERG 
products was less pronounced compared to GSMaP products when MIT 
exceeded 6 h. Nonetheless, all products were inadequate in detecting 
precipitation events (POD <0.2) in western China, particularly the Ti
betan Plateau region (Fig. 1). IMERG products displayed higher POD in 
southern and eastern China, whereas GSMaP was more effective in the 
southwest. In terms of FAR, IMERG products were superior to GSMaP in 
northern and western China but were slightly inferior in the southern 
regions. As for CSI, the outperformance of IMERG over GSMaP was 
evident in eastern China. Within the IMERG system, Final performed 
marginally better than the near/post real-time products as reflected in 
the POD values, especially in southwest China. For GSMaP, NRT and 

MVK showed more desirable performance in the northwest compared to 
GC, while GC was slightly better in detecting precipitation events than 
NRT and MVK along the coastal regions, particularly when MIT ≥10 h, 
achieving POD >0.8 and FAR <0.2.

4.3. Evaluation of the SPPs in characterizing the event properties

The deviation between the precipitation events detected by the 
reference data and the SPPs were further analyzed to assess the reli
ability of SPPs. Only the events detected by both reference datasets 
(gauge-based and CLDAS data) and SPPs were considered, to avoid 
overestimation of the bias with high FAR. Probability density function 
(PDF) curves were constructed to illustrate the distribution of the rela
tive bias (RB) on precipitation depth, duration and intensity against 
gauge data and CLDAS, as shown in Fig. 7 and Fig. 8, respectively. Be
sides, scatter plots of peak ratio (Pr) and time to peak (Pt) of precipita
tion events detected by the SPPs and CLDAS data are presented in Fig. 9
and Fig.S3.

All SPPs demonstrated their capability in monitoring the depth of 
precipitation events, with RB evenly distributed around zero, especially 
for GSMaP products, which was in line with the results of nationwide 
analysis (Figs. 3, 4). Interestingly, Early was superior to Late and Final in 
the IMERG system for shorter MITs, with values of RB more concen
trated to zero. Within the GSMaP system, GC outperformed NRT and 
MVK in capturing precipitation depth, especially for longer MITs. 
IMERG and GSMaP revealed their strengths in detecting precipitation 
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intensity and duration, respectively. Generally, IMERG overestimated 
precipitation duration by 6–52 % for different MITs, while the under
estimation by GSMaP was 1–35 % with a more confined range. On the 
other hand, IMERG underestimated precipitation intensity by 3–17 % 
across varied MIT values, whereas GSMaP products presented a larger 
dispersion of the bias, concentrating to 4–27 % against site observations, 
and to 22–39 % against CLDAS. It is worth noting that MVK and Early 
performed the best in capturing precipitation duration and intensity 
within GSMaP and IMERG respectively, and the superiority of Early was 
more evident for shorter MITs, especially when evaluated with gauge 
data. Overall, the increase of MIT deteriorated the efficiency of these 
SPPs in characterizing precipitation duration while the impact was not 
significant for capturing precipitation depth and intensity, which was 
consistent with the nationwide analysis of the property means (Fig. 4). 
In terms of peak-related properties, IMERG products generally under
estimated the peak ratio, whereas GSMaP products exhibited an overall 
overestimation (Fig. 9). Although IMERG products appeared to be less 
effective in detecting precipitation event duration, they demonstrated 
better capability of capturing the timing of peak intensity, especially for 
shorter MITs (Fig.S3). GSMaP products tended to overestimate time to 
peak, whereas their performance got improved with the increase of MIT. 
Early and MVK consistently outperformed the other two products within 
each system in estimating the peak magnitude, especially for shorter 
MITs (Fig. 9, Fig.S3).

The spatial distribution of RB for precipitation event properties 
identified by SPPs was also analyzed against CLDAS datasets (Fig. S4, S5, 
10) and gauge measurements (Fig. S6, S7, 11), respectively. The results 
based on the two reference datasets exhibited similar spatial patterns. 
Specifically, the IMERG products overestimated precipitation depth in 
eastern China by 20 % ~ 60 %, while the overestimation by Early was 
less compared to the other two products, especially for shorter MITs. 
Some underestimations of precipitation depth by the IMERG products 
were detected in the western area, with the bias of Final more confined 

to the northwestern corner of China. NRT and MVK in the GsMAP system 
underestimated precipitation depth in some areas of southern China, 
while clear overestimations were observed in the northern region, 
particularly for the northwestern area. In contrast, the gauge-corrected 
version GC tended to underestimate precipitation depth in the north
western China, showing a similar behavior with IMERG Final. In terms 
of precipitation duration and intensity, IMERG and GsMAP performed 
distinctly different. Overestimations of precipitation duration by IMERG 
products were observed for the whole study area (up to over 100 % for 
western China for longer MITs while 13 % ~ 57 % for eastern part), 
whereas GsMAP products underestimated duration by 5 % ~ 36 % for 
most of the area, particularly for shorter MITs. Accordingly, the IMERG 
SPPs appeared to underestimate precipitation intensity for a large pro
portion of the study area except for southern China, regardless of MIT. A 
nationwide overestimation of precipitation intensity by GsMAP products 
was observed, expect for some underestimations in the south for MVK 
and in northwestern regions for GC.

All the SPPs performed worse in the western area compared to the 
east. It should be noted that blank fields in the graphs for MIT ≤6 h 
denote the absence of precipitation events detected simultaneously by 
CLDAS and SPPs (Fig. S4, S5, 10), suggesting a less satisfactory perfor
mance of GSMaP products with more blank grids. However, the number 
of blank cells clearly decreased and diminished with the increase of MIT. 
The influence of increasing MIT was relatively noticeable for precipi
tation duration, with an overall reduced underestimation by GSMaP 
while an exacerbated overestimation by IMERG, particularly in western 
region. Notably, the gauge-corrected versions of the SPPs (Final and GC) 
did not show consistently better performance on characterizing each 
precipitation event property. Specifically, Early overestimated precipi
tation depth and duration in eastern China to the smallest extent within 
the IMERG system, especially for shorter MITs. Moreover, over
estimation of precipitation intensity was more evident for Final in the 
northwestern China, compared with Early and Late. As for GSMaP 
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products, despite greater overestimations of depth in western China, 
MVK exhibited its superiority in depicting event duration in north
eastern China and intensity in southern region, regardless of MIT.

4.4. Performance of the SPPs for subregions with homogeneity

Five subregions with homogeneity when accounting for climate and 
land surface factors were generated using the K-means clustering algo
rithm (Fig. 1k). The regions identified were northwest region (G1), south 
China (G2), western plateau (G3), western steep-slope region (G4), and 
northeastern region (G5). The G1 region is predominantly desert climate 
(BWk), featured by higher temperatures, lower elevations, and less 
complex terrain, compared to other regions (G3 and G4) in northwestern 
China. The Tibet Plateau, identified as a separate region, the G3 region, 
is characterized by a tundra climate (ET) with low temperature and high 
altitudes. Region G4, covering the remaining western area, is subject to 
similar climatic conditions to the G3 region but having relatively higher 
precipitation, denser vegetation, and different landscape and soil 
properties. Eastern China was divided into two subregions, G2 and G5. 
The G2 region is characterized by a warm temperate climate, including a 
year-round humid climate (Cfb) and a climate with dry winters and hot 
summers (Cwa), both represented by higher NDVI and percentage of 
clay compared to other regions. Region G5 is subject to a snow climate, 
consisting of a climate with dry winters and hot summers (Dwa) and one 
with dry cold winters and cool summers (Dwc). Region G5 is featured by 
lower NDVI and a larger percentage of sand.

Fig. 5 presents the mean values of indices (i.e. POD, FAR and CSI) 
that used to assess the detectability of these SPPs for each subregion. In 

general, the best performance (highest CSI) for all SPPs was observed in 
G2, followed by G5, G4, G1 and G3 regardless of the MIT criteria, though 
the highest POD was noted in the G5 region (Fig. 5). The IMERG SPPs 
consistently outperformed GSMaP products with a relatively higher CSI 
value across all subregions, whereas this advantage diminished with 
decreasing MIT. Within the IMERG system, Final showed a higher POD 
than Early and Late except in the G1 region, where the gauge-corrected 
version GC of GSMaP also had a lower POD than NRT and MVK. Among 
the IMERG products, the lowest FAR was observed in Late except for in 
the G1 and G5 region. For the GSMaP products, MVK generally had a 
higher FAR than GC, while that was not the case for G2, regardless of 
MIT.

Fig. 12 displays the mean MRE of precipitation event properties 
detected by the SPPs against CLDAS in each subregion. In terms of their 
capacity in capturing precipitation depth, all the SPPs were relatively 
more effective in G4 and G5 while showing limited ability in G2 for 
shorter MITs, and G3 for longer MITs. Compared with GSMaP, the 
IMERG products had a better performance in the G1 and G4 region but 
was less efficient in the G2 region. Within the IMERG system, Final 
showed superiority in G1 and G5 while Early performed better for the 
other subregions. For the GSMaP products, MVK achieved the best 
performance in the G2 region, while GC was superior in G1 and G5. With 
respect to precipitation duration, all the SPPs were relatively inferior in 
the G3 region compared to the other subregions. Importantly, the 
capability of the GsMAP products did not vary substantially across 
subregions only except for G3, whereas IMERG products performed 
relatively better in G4 and G5. Notably, the IMERG products showed 
nearly equal capability in identifying precipitation event intensity for all 

Fig. 6. The distribution of POD of the GPM SPPs against CLDAS datasets. See the Supplement for maps of the other two detectability indices.
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subregions, regardless of the MIT, while for GSMaP, MVK tended to be 
more effective, except for the G1 region, where GC exhibited better 
behavior.

5. Discussion

5.1. Influence of MIT on the performance of the SSPs

This study observed that the amount and properties of precipitation 
events captured by the GPM SPPs were MIT-dependent (Fig. 3), being 
consistent with the findings in previous studies (Brasil et al., 2022; 
Dunkerley, 2008). Moreover, a pronounced enhancement in detect
ability was observed when MIT increased from 2 to 6 h, with only small 
differences for MIT ≥6 or ≤ 2 h. Phased sensitivity to MIT values has also 
been detected by gauge-based studies, which reported a clear indepen
dence among precipitation events identified by MIT values of 1, 10 and 

24 h, whereas strong correlations among those derived from MIT values 
of 6, 8, and 10 h (He et al., 2022; Lemos et al., 2023). Despite that 
applying different MIT thresholds could provide a more comprehensive 
understanding of SPPs’ effectiveness in precipitation characterization, 
an MIT of 1 h, 6 h and 24 h is recommended here as being adequate for 
the evaluation of SPPs.

The detectability of SPPs, as indicated by POD, FAR and CSI, was in 
general enhanced with increased values of MIT (Fig. 5–6, Fig. S1-S2). 
Precipitation events that were delineated using longer MITs tended to 
have a longer duration, thus our finding was in line with the better 
detectability of SPPs when analyzed at coarser temporal resolution 
(Chen et al., 2020b; Xu et al., 2019; Yuan et al., 2019) in China (Chen 
et al., 2020b) or for specific regions (Li et al., 2021a; Lu et al., 2020; Shi 
et al., 2021). However, the three detectability indices of all SPPs at 
shorter MITs were not as good as those in the existing hourly evaluation 
studies, which might be due to the possibility of amalgamating 
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consecutive precipitation events into a single event in the event-based 
analysis (Fig. 2). The range and spatial distribution of these indices at 
longer MITs were comparable to daily-scale studies in China (Zhou et al., 
2020) and to a global extent (Chen et al., 2020b). When MIT increased, 
precipitation depth and duration became progressively larger for both 
the SPPs and the reference precipitation data, as indicated by the studies 
analyzing ground-based observations using different MITs (Dunkerley, 
2015; Molina-Sanchis et al., 2016). In this study, precipitation duration 
was more remarkably overestimated by the IMERG products with a 
larger MIT (Fig. 7–8, Fig.S5), indicating their limitation in the identifi
cation of rain/no-rain periods, as also evidenced by the larger FAR at 
fixed-timescale evaluations (Chen et al., 2020b), especially for light 
rainfall (Li et al., 2021c).

In fact, selection of the MIT criterion relied on the intention of 
application using precipitation datasets (Dunkerley, 2008, 2015; 
Molina-Sanchis et al., 2016). In this study, all the GPM SPPs exhibited 

satisfactory detectability when MIT ≥6 h. Given that an MIT of 6 h has 
been widely adopted in many hydrological applications, such as runoff 
generation analysis, landslides and soil erosion monitoring (Brasil et al., 
2022; Hirschberg et al., 2021), desirable detectability of precipitation 
events by the GPM SPPs is particularly important for establishing early 
warnings of rainfall-induced hazards, even though precipitation dura
tion and intensity might not be perfectly captured.

5.2. Event-based insights: different SPP from GPM has its own strength

A large number of fixed-time validation studies have indicated that 
GSMaP products are inferior to IMERG in capturing precipitation in 
mainland China (Chen et al., 2020b; Lu and Yong, 2018; Zhou et al., 
2020). However, the analysis presented here has revealed distinct ad
vantages of each system in identifying precipitation characteristics. 
GSMaP SPPs appeared to be more capable of characterizing 
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precipitation event duration, while IMERG products excelled in 
capturing precipitation intensity (Fig. 7–8). In contrast to previous 
hourly evaluations which reported an overestimation of precipitation 
intensity by IMERG (Tang et al., 2020; Wang et al., 2020a, 2020b), a 
general underestimation by IMERG products was observed in this study. 
This inconsistency can be attributed to differences in the definition of 
precipitation intensity, which is defined as the average hourly depth in 
hourly studies, rather than the average depth over the event duration in 
our analysis. We found that the IMERG products tended to overestimate 
event duration, likely due to their limited ability to capture inter-event 
intervals, thus resulting in underestimated intensity. In terms of event 
peak properties, we observed an underestimation of peak ratio along 
with an overestimation of time to peak detected by IMERG, and delayed 
occurrence of maximum precipitation within a day was similarly 
revealed in the hourly evaluation of IMERG by Wang et al. (2023).

As for the detectability of the GPM SPPs, GSMaP products slightly 
excelled in accurately detecting the occurrence of precipitation events 
with higher POD values, while IMERG tended to be more effective in 
avoiding false alarms, reflected by lower FAR (Fig. 5–6, S1). The POD 
values and its spatial distribution from this study were consistent with 

those from hourly evaluations (Chen et al., 2020b; Tang et al., 2016; 
Zhang et al., 2023), whereas the behavior in terms of FAR was different. 
Hourly evaluations found a higher FAR for IMERG, whereas this study 
observed a consistently lower FAR for IMERG regardless of MIT. Pre
cipitation events detected by IMERG products tended to have longer 
duration and lower intensity. In this regard, the larger FAR reported in 
fixed-timescale evaluations was likely due to the overestimation of 
precipitation duration rather than a deficiency of IMERG in discerning 
non-existent precipitation events. Therefore, event-based evaluation 
could provide a more comprehensive view of their detectability.

We assessed the performance of SPPs using different MIT thresholds 
and revealed varying effectiveness in capturing precipitation events, 
which could guide the selection of SPPs for specific purposes. The IMERG 
products tended to better avoid detecting non-existent precipitation events 
and be more capable of capturing event peak magnitude and timing, 
suggesting their potential for application in real-time warnings of hydro- 
meteorological hazards. GSMaP products exhibited higher POD and 
appeared to be more effective in identifying event depth and duration, 
especially for longer MITs. It indicated that GSMaP is likely to be more 
suitable for longer-term climate and water resources analysis.
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Previous fixed-timescale evaluation studies generally found that 
gauge-corrected versions of GPM SPPs outperformed near/post real- 
time products (Yuan et al., 2019; Zhou et al., 2020), while the event- 
based analysis of this study suggested superiority of near/post real- 
time SPPs in some aspects. Within the IMERG system, Final out
performed Early and Late in detecting precipitation events with higher 
POD and CSI regardless of MIT, which was consistent with the results 
from hourly or daily validation studies (Lu et al., 2020; Tang et al., 2020; 
Yang et al., 2020). However, Final did not show a pronounced 
improvement over near/post real-time products in either detectability or 
characterizing event properties. Specifically, IMERG Late stood out by 
its capability to minimize false alarms, achieving the lowest FAR, which 
was also observed in the fixed-timescale evaluations (Tang et al., 2020; 
Yang et al., 2020; Zhou et al., 2020) as well as typhoon route tracing (Yu 
et al., 2020) and analysis of extreme rainfall events (Zhou et al., 2021). 
Moreover, the event-based analysis of this study unexpectedly revealed 

the outperformance of IMERG Early in capturing the features of pre
cipitation events (duration, intensity, peak ratio and time to peak) for 
shorter MITs (Figs. 4, 7–9). The capability of Early in capturing sudden 
and short-duration precipitation events, especially the peak properties, 
could be particularly valuable for providing timely information and 
early warnings, which could be potentially used for flood forecasting in 
small to medium watersheds, given its latency of only 4 h.

Among the three products in the GSMaP system, GC did not consis
tently outperform NRT as expected, particularly in terms of detectability 
(Fig. 5–6). Previous fixed-timescale studies demonstrated the superiority 
of GSMaP GC over its near/post real-time products, with higher corre
lation coefficients and lower biases against in-situ measurements (Lu 
and Yong, 2020; Palharini et al., 2020; Zhu and Liu, 2024). However, 
our analysis found that even though GC performed better in identifying 
precipitation depth, it underestimated duration and overestimated 
precipitation intensity more remarkably than MVK. This might be 
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attributed to its correction process, which primarily adjusted the cu
mulative precipitation depth at fixed intervals. The reliability of GC 
significantly relied on the quality and gauge density of the CPC pre
cipitation data, suggesting that inadequacies in gauge coverage or data 
quality could diminish its effectiveness in capturing precipitation (Yuan 
et al., 2019), such as its performance in the subregion of G1 (Fig. 5). 
Instead, MVK demonstrated its superiority, as also reported in several 
fixed-timescale studies (Chen et al., 2020b; Shi et al., 2021; Tan et al., 
2018), both in the detection (POD) and characterization of precipitation 
events (duration and intensity), especially for longer MITs. The out
performance of MVK over GC suggested the possible inefficiency of 
current corrections, especially in sparsely gauged regions. The limitation 
of gauge-based correction could be also underscored by the less signif
icant improvement of gauge-corrected products in IMERG due to the 
coarser temporal resolution of the correction datasets (Arshad et al., 
2021; Omranian et al., 2018; Shawky et al., 2019). Given the underlying 
inadequacy of gauge data regarding spatial coverage, data precision and 
completeness, traditional algorithms when combined with other satel
lite observations might serve as a good alternative for correcting 
real-time versions of the SPP. For instance, the Kalman Filter (KF) which 
was applied in the MVK product proved its efficiency by improving the 
performance of the SPPs through integration of different data sources, e. 
g. model and radar precipitation data (Sokol, 2009), satellite radiance 
data (Zhu et al., 2019), and satellite soil moisture data (Yin and Zhan, 
2018). With the emergence of more advanced algorithms (e.g. Bayesian 
method, Hybrid method, machine learning algorithms), the SPP 
correction could possibly be achieved despite the absence of a dense rain 
gauge network.

5.3. Interaction of multiple factors in influencing the performance of SPPs

The six GPM SPPs exhibited a similar spatial pattern of detectability, 
showing an increasing trend from west to east, with the best perfor
mance in southern China, indicating regional-dependency of the capa
bility of SPP in detecting precipitation events. RMI was then introduced 
to quantify the importance of each factor, and the results for POD, FAR 
and relative bias of precipitation properties are shown in Fig. 13 and Fig. 
S8–9 (results for different MIT thresholds showed minimal variation, 
therefore the results for MIT = 10 h are presented as representative). 
NDVI and DEM were identified as the main factors influencing detect
ability for the whole study area, while a potentially interactive effect of 
these factors on the detectability of the SSPs could also be observed 
(Fig. 13, S8). All the SPPs presented relatively poor performance in the 
western part of China, especially in the G3 region, where the high 
elevation has been identified as a factor limiting the behavior of SPPs by 
a number of studies (Chen et al., 2019; Derin et al., 2019; Fang et al., 
2019; Zhang et al., 2018). The lower POD in high-altitude regions 
resulted from the limited capacity of SPPs in detecting shallow 
orographic precipitation events, which were prevalent in these areas 
(Fig. 13, Chen et al., 2019; Prakash et al., 2018). Nevertheless, higher 
POD values were observed in the G4 region, which also featured by high 
altitude levels, but with steeper slopes, denser vegetation, and hetero
geneous soil textures (Fig. 1). Increased terrain complexity is normally 
associated with poorer behavior of SPPs (Amjad et al., 2020; Dayal et al., 
2023; Tang et al., 2016), while in densely vegetated areas the SPPs 
tended to have better performance due to a wet condition (Chen et al., 
2016; Dayal et al., 2023). Compared with G3 region, the influence of 
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NDVI as indicated by RMI was more evident in the G4 region, which 
potentially led to a more satisfactory detectability of the SPPs. However, 
Chen et al. (2016) found that there was no correlation between NDVI 
and POD, which was likely due to their analysis being confined to 
summertime with stable vegetation conditions. Chen et al. (2020a) also 
identified a strong correlation between the behavior of SPPs and 
elevation rather than with NDVI. The reason for the less dominant in
fluence of elevation in region G4 could be that segmenting continuous 
precipitation records into discrete events might diminish the signifi
cance of the correlation. Additionally, factors influencing the correlation 
between the SPPs and in-situ measurements might not be the primary 
effect on precipitation event detectability. Satisfactory detectability of 
SPPs in the G1 region (Bwk climate) was found, while it was in contrast 
to the findings by Ma et al. (2019), who reported poor behavior of 
IMERG products in Bwk climate. Factors apart from the climate, like 
simpler terrain conditions, might compensate for the negative impact of 
climate with a near-equal contribution to the detectability of SPPs 
(Fig. 13, S8).

Compared with western China (i.e. the G1, G3, G4 regions), the 
relatively denser vegetation cover predominantly led to the preferable 
POD values, while the less satisfactory detectability in G5 compared to 
G2 was likely subject to its drier condition (Fig. 13), which was consitent 
with the findings from previous studies (Amjad et al., 2020; Jiang and 
Bauer-Gottwein, 2019). Despite a possible decrease in POD with 
increasing aridity (Chen and Wen, 2023), our results suggested that 
humidity was not the only factor for the detectability of SPPs. Tem
perature, which significantly effect on precipitation formation and air 
convection conditions (Behrangi et al., 2016), might also have an in
fluence on detectability. In this regard, the milder temperature varia
tions in the G5 region were possibly associated with the better 

detectability of the SPPs (Fig. 13, S8). The observed impact of land 
surface temperature on downscaling of SPP underscores the critical role 
of temperature on the accuracy of SPPs (Jing et al., 2016). A clear 
decrease in FAR was observed in more sophisticated landscapes, as also 
found in previous studies (Chen et al., 2016; Derin et al., 2019; Gebre
giorgis et al., 2012). Specifically, steep slopes together with less dense 
vegetation collectively led to a lower FAR in region G4, as compared to 
region G3 (Figs. 1, 5, S1, S8). Additionally, both the gentler slope and 
humid climate condition contributed to the lower FAR in region G2, 
when comparing to region G5. Distinct behavior of the subregions 
suggested that the impact of a specific factor on SPP detectability could 
differ across regions (Fig. 13, S8).

The performance of the GPM SPPs was also subject to external factors 
with different sensitivity. For instance, a slight superiority in detect
ability of IMERG over GSMaP was observed in the G3 region, possibly 
due to the enhanced stability of the new GMI sensor, which operated 
across an extended frequency range (10–183 GHz) and performed better 
for regions of higher elevations, compared with other inputs, including 
TMI, AMSR2, SSMIS and AMSU-A/MHS (Chen et al., 2019), potentially 
leading to less sensitivity of the IMERG products towards terrian factors 
(Fig. 13). Chen and Wen (2023) found that integrating observations 
from PWM and IR sensors could effectively reduce topographical in
fluence on the behavior of SPPs. However, GSMaP products exhibited a 
higher POD than IMERG in region G4, also characterized by high 
elevation, implying that factors beyond elevation dominated the per
formance of GSMaP products (Fig. 13). We assumed vegetation condi
tion played a more important role than elevation, hinted by the 
outperformance of GSMaP over IMERG in region G2, which has higher 
levels of NDVI.

The partial incorporation of GMI into the GSMaP system likely 
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Fig. 12. The mean MRE of event properties detected by the GPM SPPs against CLDAS for the subregions.
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affected how these SPPs responded to underlying environmental factors 
(Chen et al., 2019). Previous studies claimed that the interpretation of IR 
resulted in a better detectability of IMERG than GSMaP. However, IR has 
typically presented a relatively high ratio of false fraction compared 
with other components (Chen et al., 2019; Sui et al., 2020) while a lower 
FAR for IMERG was observed than for GSMaP in this event-based study. 
The relatively lower percentage of false fraction of GMI in the IMERG 
system possibly contributed to its better ability of avoiding false alarms. 
The IR technology effectively captured precipitation from convection 
(Chen and Wen, 2023; Chen et al., 2023), which might have led to the 
superiority of IMERG over GSMaP in precipitation detection in southern 
China (G5), where convective precipitation events are more frequent.

Although the SPPs from both GPM systems over/underestimated 
precipitation event properties to a varying extent, biases were consis
tently much more pronounced in western China compared to the eastern 
region. The spatial distribution of RB for all three precipitation prop
erties corresponded closely with climate patterns (Fig. 10–11, S4-S7). In 
the relatively humid regions (G2 and G5), SPPs were more reliable in 
detecting precipitation events, which was consistent with the reduced 
biases reported in humid (Fang et al., 2019; Jiang and Bauer-Gottwein, 
2019; Peng et al., 2021) and semi-humid regions (Chen et al., 2019). 
Region G2 exhibited larger biases than G5, due to its distinctly variable 
slopes and greater variation in precipitation (Fig. S9), since SPPs tended 
to have unsatisfactory performance in regions with complex terrain 
(Chen et al., 2019; Chen and Wen, 2023). Dayal et al. (2023) identified a 
positive correlation between random SPPs errors and NDVI, whereas we 
conversely observed smaller biases in southern China (G5) with the 
highest NDVI, which might suggest the dominant influence of humid 
climate conditions on the performance of the SPPs in the G5 region 
(Fig. S9).

A number of studies have claimed that a specific factor (e.g. 

topography, climate, vegetation) is the primary driver of SPP accuracy 
(Chen and Wen, 2023; Dayal et al., 2023; Sui et al., 2020; Zhu et al., 
2021), whereas interacting effect of multiple factors has been rarely 
pointed out. Our study revealed the potential collective impact of 
different factors on the performance of SPP via delineating subregions 
with homogeneity when accounting for a range of external factors. Such 
insight could be enlightening for establishing downscaling or real-time 
correction strategies for SPPs, especially for increasingly used machine 
learning methods, which in essence explore the connections between 
ancillary variables. For instance, it is recommended that the processing 
of satellite precipitation be tailored for the specific subregions. Specif
ically, a uniform model can be applied for those subregions with ho
mogeneous characteristics, especially in absence of dense gauge 
network (Choubin et al., 2019; Wang et al., 2020a, 2020b).

6. Conclusion

In this study, we evaluated and intercompared the performance of six 
satellite precipitation products (SPPs) of the GPM mission (both IMERG 
and GSMaP) over China from an event-based perspective, with a specific 
focus on their effectiveness in detecting precipitation events and 
capturing event properties (i.e. depth, duration, intensity, peak ratio and 
time to peak). The minimum inter-event time (MIT) approach with 
different threshold values (i.e. 1, 2, 6, 10, 24 h) was applied to delineate 
precipitation events for the SSPs and the reference data (site observa
tions and CLDAS datasets). The integrating impact of various external 
factors on the performance of SPPs was also explored by subregion di
vision using the K-means cluster method. The conclusions drawn from 
this study are as follows. 
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(1) IMEGR and GSMaP exhibited distinct strengths in avoiding false 
alarms (lower FAR) and detecting the existent precipitation 
events (higher POD), respectively. IMERG performed better in 
identifying precipitation intensity and event peak, whereas 
GSMaP products were more effective in estimating event depth 
and duration, especially for longer MITs. The overestimation of 
event duration by IMERG products was possibly due to their 
tendency to capture precipitation in a continuous pattern, which 
contrasted with explanations from fixed-timescale evaluations 
that IMERG was ineffective at avoiding false alarms. The different 
superiority of IMEGR and GSMaP suggested their potential for 
timely hydrological forecasting and longer-term water resources 
analysis, respectively.

(2) Near/post real-time products demonstrated their outperformance 
over gauge-corrected versions in certain aspects. Early exhibited 
its superiority in characterizing the event-based precipitation 
properties within the IMERG system, especially for smaller MITs 
(≤ 2 h). As for the GSMaP system, MVK performed better than 
NRT and GC in capturing precipitation duration and intensity, 
and also exceled in detectability, with highest POD. The unex
pected strengths of near/post real-time products in the two sys
tems suggested their potential for rainfall monitoring and early 
warning of associated hazards, and the possible effectiveness of 
gauge-free satellite retrieval algorithms.

(3) Vegetation condition and terrain were in general the two main 
factors influencing SPPs’ behavior. Complex terrain had an 
adverse impact on the performance of all the SPPs, whereas dense 
vegetation, humid weather conditions and mild temperature 
variation, could potentially act as tradeoffs, integrally leading to 
a desirable detectability. The performance of SPPs was subject to 
an interplay of multiple external factors and the sensitivity of 
SPPs’ behavior to a specific factor varied across regions.

The results of this study identified the comparative strengths of the 
GPM SPPs (IMERG versus GSMaP, and near-real-time products versus 
gauge-corrected ones) in capturing precipitation events, which is ex
pected to bring new insights for practical applications and contribute to 
the ongoing development and refinement of the SPPs.
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