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Abstract: Precipitation is crucial for managing water resources in the Three River Headwaters (TRH) 
region of the Tibetan Plateau (TP). Gridded precipitation datasets across the TRH region exhibit 
significant discrepancies in their results. Previous studies have primarily focused on assessing av-
erage or extreme precipitation for a single dataset or several datasets. In this study, based on the 
observed gridded precipitation dataset (CN05.1), a comprehensive evaluation of the climatic fea-
tures and extreme precipitation across the TRH region from 1983 to 2014 is performed by employing 
two gauge-based gridded datasets (GPCC and CRU), two satellite-derived precipitation datasets (P-
CDR and IMERG), and two reanalysis precipitation datasets (ERA5 and CRA40). The results show 
that all datasets are consistent in reproducing the climatology, interannual variability, and annual 
cycle of precipitation in the TRH region. However, the different datasets exhibit significant discrep-
ancies in characterizing the long-term trends and extreme precipitation events. P-CDR and GPCC 
provide a good representation of the spatial variability of the annual mean climatology. ERA5 and 
CRU are more reliable in capturing interannual variabilities. The long-term trends can be closely 
described by employing CRU. P-CDR and GPCC exhibit higher skills in terms of the annual cycle. 
P-CDR performs better than IMERG for daily precipitation in terms of probability distributions and 
other assessment metrics. P-CDR and IMERG have advantages and disadvantages in characterizing 
the nine extreme precipitation indices. This study demonstrates a comprehensive comparison 
method using multiple precipitation datasets to gain essential insight into the strengths and weak-
nesses of various datasets across the TRH region.

Keywords: multiple datasets; comparative assessment; precipitation characteristic; Three River 
Headwaters Region of the Tibetan Plateau 

1. Introduction
Precipitation plays a vital role in the water cycle. Accurate and reliable precipitation 

records are essential to the management of weather, climate, hydrology, and water re-
sources [1–3]. Located in the hinterland of the Tibetan Plateau (TP), the Three River Head-
waters (TRH) region is known as the ‘Water Tower of China’. It is one of the areas with 
the highest concentration of biodiversity at high altitudes in the world, and is also an ex-
tremely important ecological barrier in China [4,5]. Due to its special geographical loca-
tion and climatic conditions, the ecosystem in the TRH region is extremely vulnerable, 
and is also a “sensitive area” and “start-up area” for climate change in East Asia and even 
globally [6]. Therefore, it is imperative to produce credible datasets to better understand 
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precipitation events for climate change adaptation across the TRH. However, obtaining 
accurate precipitation data in the TRH is challenging due to its harsh geographical condi-
tions and sparse rain gauge networks [7]. 

Currently, there are three types of gridded precipitation datasets available: gauge-
based, satellite-derived, and reanalysis [8–10]. Gauge-based datasets are interpolated by 
employing various methods based on lots of gauge observations [10–12]. Gauge-based 
products are widely used to investigate variations in precipitation events and water cycles 
[13,14]. Rain gauge stations can be unevenly distributed in deserts and mountainous re-
gions [12,15]. In light of this, satellite-derived datasets are used to make up for the short-
age of gauge observation stations, which can provide homogeneous spatial precipitation 
data from across the globe [16]. Nevertheless, satellite datasets may contain systematic 
errors and biases. Accordingly, to obtain more precise precipitation estimates, the results 
of satellite products are merged with rain gauge observations [17–20]. In addition, it is 
also worth noting that satellite observation data are not readily available for research on 
climate change since they only record a short period. Analysis datasets are also widely 
used in the estimation of precipitation variations. The reanalysis system combines irregu-
lar observation datasets with models that include many physical and dynamic parameter-
izations to provide integrated estimates of the weather system. Reanalysis datasets are 
frequently used in the climatology community [21,22]. 

Studies have been conducted to assess precipitation datasets from around the Tibetan 
Plateau [10,23–26]. You et al. (2015) evaluated various precipitation datasets against the 
gridded observation dataset across the TP [27]. They found that most products can 
broadly capture spatial and temporal variabilities; however, the amount of precipitation 
in the southeast regions of the TP is often overestimated. Tan et al. (2020) compared three 
gridded precipitation products (Asian Precipitation—Highly Resolved Observational 
Data Integration Towards Evaluation of Water Resources, APHRODITE, Climate Hazards 
Group  
InfraRed Precipitation with Station data, CHIRPS, and Precipitation Estimation from Re-
motely sensed Information using Artificial Neural Networks—Climate Data Record, PER-
SIANN-CDR) with rain gauge data across the TP, reporting that APHRODITE can out-
perform CHIRPS and PERSIANN-CDR when applied to the TP for climate change study 
[24]. The majority of previous studies only examined mean or extreme precipitation using 
one or several datasets. Additionally, the results are hard to compare due to different da-
taset areas, time periods, data processing methods, and assessment metrics. Therefore, 
there is an urgent need for a comprehensive assessment of climatic characteristics and 
extreme precipitation across the TRH with the existing gauge-based precipitation, satellite 
products, and reanalysis datasets using the same observational metrics. 

In this paper, a comprehensive comparison of six precipitation datasets (GPCC, CRU, 
P-CDR, IMERG, ERA5, and CRA40) is presented based on observational datasets 
(CN05.1). We considered the following questions: (1) How reliable are the six precipitation 
datasets in reproducing the precipitation features in the TRH in comparison to the grid-
ded observation dataset? (2) Which dataset outperforms the others in capturing the TRH’s 
annual mean climatology, interannual variability, long-term trends, and annual cycle of 
precipitation? (3) Which dataset shows higher skill in terms of detecting daily and extreme 
precipitation? The results of this study are useful for promoting our understanding of 
precipitation characteristics throughout the TRH region and for further research about 
hydrometeorological disasters. 
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2. Data and Methods 
2.1. Study Area 

The Three River Headwaters region is located between 31°39’ and 37°10’N and 89°24’ 
and 102°27’E in the hinterland of the Tibetan Plateau (Figure 1). Known as the ‘Water 
Tower of China’, the TRH region is the headwaters of the Yangtze River, Yellow River, and 
Mekong River (known as the Lancang River in China). The TRH region provides 2%, 38%, 
and 15% of the total water supply for the Yangtze River, Yellow River, and Mekong River, 
respectively [28]. It is also home to the world’s highest, largest, and richest type of wetland 
ecosystem in the plateau. The entire area occupies 3.95 × 105 km2, with an elevation ranging 
from 1954 to 6821 m above sea level, and a mean elevation of over 4000 m [29]. It is a 
typical highland continental monsoon region with wet and dry seasons [30]. The average 
annual precipitation is approximately 262.2 to 772.8 mm. The rainy season runs from May 
to October and accounts for more than 80% of the annual precipitation [31,32]. 

 

Figure 1. The geographical and topographical location of the Three River Headwaters region (red 
boundary) in the Tibetan Plateau (brown boundary). The yellow, green, and pink colored areas are 
the Yellow River Basin, Yangtze River Basin, and Mekong River Basin, respectively. 

2.2. Data Description 
In this study, we employ three types of precipitation datasets, including two gauge-

based gridded precipitation datasets (GPCC and CRU), two satellite-derived precipitation 
datasets (P-CDR and IMERG), and two reanalysis datasets (CRA40 and ERA5). GPCC, 
CRU, P-CDR, CRA40, and ERA5 for the period 1983‒2014 are employed to analyze clima-
tology and the annual cycle of precipitation; P-CDR and IMERG for the period 2001‒2014 
are employed to detect the daily precipitation events. The details of the datasets are pro-
vided below (Table 1). 
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Table 1. The information of precipitation products applied in this study. 

Datasets Resolution Reference Source 

CN05.1 Daily, 0.25° [33] http://data.cma.cn (accessed on 20 Septem-
ber 2021). 

GPCC Monthly, 0.25° [34] 
https://opendata.dwd.de/ (accessed on 23 

September 2021). 

CRU Monthly, 0.5° [35] https://data.ceda.ac.uk/ (accessed on 23 
September 2021). 

P-CDR Daily, 0.25° [36] https://www.ncei.noaa.gov/data/ (accessed 
on 25 September 2021). 

IMERG Daily, 0.1° [37] 
https://gpm1.gesdisc.eosdis.nasa.gov/ (ac-

cessed on 25 September 2021). 

ERA5 Monthly, 0.1° [38] https://cds.climate.copernicus.eu (accessed 
on 26 September 2021). 

CRA40 Monthly, 34 km [39] http://data.cma.cn (accessed on 26 Septem-
ber 2021). 

2.2.1. Gauge-Based Gridded Precipitation 
CN05.1: The daily gridded dataset CN05.1 supplied by the China Meteorological Ad-

ministration (CMA) is used for the observed precipitation. The data are interpolated from 
about 2400 weather stations across China [33]. This dataset has been extensively employed 
to evaluate datasets and climate models and to analyze long-term climatic variations 
[2,27,40–42]. 

GPCC: GPCC Full Data Monthly Product V2020 is developed by the Global Precipi-
tation Climatology Center (GPCC) [34]. The monthly rainfall records are developed from 
about 80,000 weather stations around the world. 

CRU: CRU v4.03 is a long-term monthly climate variable product developed by the 
University of East Anglia on a global scale [35]. CRU is based on about 4000 weather sta-
tions worldwide (excluding Antarctica and only on land). 

2.2.2. Satellite-Derived Precipitation 
P-CDR: P-CDR is a quasi-global daily precipitation dataset created by the University 

of California in Irvine [36]. The PERSIANN algorithm is used to calculate precipitation 
estimates from GridSat-B1 IR satellite data. The National Center for Environmental Pre-
diction (NCEP) stage IV hourly precipitation records are trained using an artificial neural 
network. In addition, the Global Precipitation Climatology Project (GPCP) precipitation 
data are used to improve P-CDR. 

IMERG: As the successor of the Tropical Rainfall Measuring Mission (TRMM), Inte-
grated Multi-satellite Retrievals for Global Precipitation Measurement (IMERG) is a new-
generation dataset [37,43]. IMERG is generated from various measurements of Global Pre-
cipitation Measurement (GPM), including infrared, passive microwave, and radar data. 
Here, Level 3 daily product V06 is employed. 

2.2.3. Reanalysis Datasets 
ERA5: ERA5 is the latest-generation atmospheric reanalysis dataset from the Euro-

pean Centre for Medium-Range Weather Forecasts (ECMWF) [38]. ERA5 is derived from 
the ECMWF Integrated Forecasting System (IFS) and a 4D-Var data assimilation system 
[44]. 

CRA40: CRA40 is China’s first generation of a global reanalysis dataset produced by 
the National Meteorological Information Center (NMIC) of the CMA. CRA40 utilizes con-
ventional (surface observation dataset, pilot balloon observation dataset, and radiosonde 
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datasets) as well as satellite data in its assimilation system to incorporate more observa-
tions from across China [39,45,46]. 

2.3. Extreme Precipitation Indices 
The extreme precipitation indices are developed by the Expert Team on Climate 

Change Detection and Indices (ETCCDI) to facilitate the study of extreme precipitation 
events [47]. There are four categories of extreme precipitation indices: the intensity, per-
centile-based threshold, frequency, and duration indices. Table 2 lists the definitions and 
units of the nine ETCCDI indices employed in our analysis [48]. All indices are computed 
as annual values based on daily time series. To facilitate the inter-comparison of different 
datasets, the extreme precipitation indices are first calculated on a native grid of observa-
tions and products, and then interpolated to a 0.5° resolution grid via iterative improve-
ment objective analysis and bilinear interpolation. This interpolation method is widely 
used in meteorological studies (available in NCAR Command Language (NCL); 
www.ncl.ucar.edu/ (accessed on 23 October 2021)) [49]. 

Table 2. The extreme precipitation indices applied in this study. 

Indices Indicator Name Definition Units 
Intensity indices 

PRCPTOT Annual total wet day pre-
cipitation 

Annual total precipitation from 
days ≥ 1 mm 

mm 

SDII Simple daily intensity in-
dex 

The ratio of annual total precipita-
tion to the number of wet days (≥1 

mm) 
mm/day 

Rx1 day 
Max 1-day precipitation 

amount 
Annual maximum 1-day precipita-

tion mm/day 

Rx5 day Max 5-day precipitation 
amount 

Annual maximum consecutive 5-
day precipitation 

mm/5 days 

Percentile-based threshold indices 

R95pTOT Annual total precipitation 
of heavy precipitation 

Annual total precipitation with pre-
cipitation >95th percentile 

mm 

R99pTOT 
Annual total precipitation 
of extremely heavy precip-

itation 

Annual total precipitation with pre-
cipitation >99th percentile 

mm 

Frequency indices 

R10 
Number of heavy precipi-

tation days 
Annual days with precipitation ≥10 

mm days 

Duration indices 

CDD Consecutive dry days 
Maximum number of consecutive 
days when precipitation <1 mm days 

CWD Consecutive wet days Maximum number of consecutive 
days when precipitation ≥1 mm 

days 

2.4. Comparative Assessment Metrics 
In this study, several metrics are employed to assess the performance of precipitation 

datasets against the gridded observation results. The detailed equations are listed in Table 
3. The correlations and errors between the observations and precipitation products are 
determined by using correlation coefficients (CC), relative biases (RB), and root mean 
square errors (RMSE). Detection capability and accuracy are measured by the probability 
of detection (POD), false alarm rate (FAR), Fscore, and precision. 

POD measures the likelihood of the product correctly detecting precipitation events 
among all observed precipitation events. FAR estimates how many rainfall events are 
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falsely detected by a product out of all precipitation events detected. Precision denotes the 
proportion of all detected rainfall events that are successfully detected. Fscore combines the 
characteristics of accurate, false, and missing estimations. Moreover, precipitation 
amounts are divided into five groups (mm/day): 0.1–1 (tiny precipitation), 1–5 (light pre-
cipitation), 5–10 (moderate precipitation), 10–20 (heavy precipitation), and >20 (torrential 
precipitation). Different precipitation intensities are also analyzed for precipitation detec-
tion capability. 

Table 3. The assessment metrics applied in this study. 

Statistical Metrics Formula Optimal 
Value 

Correlation coefficient 
(CC) 

CC =  ∑ 𝑆 − 𝑆 𝑂 − 𝑂∑ 𝑆 − 𝑆   ∑ 𝑂 − 𝑂   1 

Relative bias (RB) RB =  ∑ 𝑆 − 𝑂  ∑ 𝑂  × 100% 0 

Root mean square error 
(RMSE) RMSE =  1𝑛 𝑆 − 𝑂   0 

Probability of detection 
(POD) POD =  TPTP + FN 1 

False alarm rate (FAR) FAR =  FPTP + FP 0 

Precision rate (precision) POD =  TPTP + FP 1 

Fscore (Fscore) 𝐹  =  2TP2TP + FN + FP 1 

Notation: 𝑆   and 𝑂   represent the estimated and actual precipitation from multiple datasets and 
observations, for each sample. 𝑛 is the total number of samples. TP (true positive) denotes the num-
ber of simultaneous observed and detected rainfall events. FN (false negative) represents the num-
ber of rainfall events observed but not detected from precipitation datasets. FP (false positive) is the 
number of rainfall events detected but not observed. 

Furthermore, a Taylor diagram is applied to quantify the performance of various da-
tasets [50]. A Taylor diagram is a polar plot consisting of the correlation coefficient (CC) 
and the ratio of the standard deviations (RSD). RSD > 1 (<1) indicates that the dataset 
features more (less) variability than the observations. The centered normalized root mean 
square (RMS) difference can be calculated from these two variables and represents the 
distance between any given point and the reference point. As CC and RSD approach 1 and 
as centered normalized RMS approaches 0, the product’s results are more accurate. 

3. Results 
3.1. Climatology, Interannual Variability, and Long-Term Trends of Annual Mean Precipitation 

Figure 2 shows the annual mean climatological precipitation across the TRH region 
based on the observation dataset and five datasets. In the observation dataset CN05.1, 
there is an increase from the northwest to the southeast. The spatial distributions of annual 
mean climatology derived from five datasets are generally consistent with the observed 
values (Figure 2). In addition, CRA40 exhibits some local precipitation centers. The pattern 
correlation coefficients (PCCs) of all datasets except CRU (0.89) and CRA40 (0.72) are 
above 0.94, indicating that the five datasets are highly effective at reproducing the spatial 
patterns of annual mean precipitation in the TRH region. This implies that the datasets 
can accurately depict the climatology of the area. The regional averages of annual precip-
itation across the TRH region are 441, 445, 383, 313, 498, and 640 mm/year for CN05.1, P-
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CDR, GPCC, CRU, CRA40, and ERA5, respectively. P-CDR exhibits the closest regional 
average of the annual mean climatology to the observation dataset; however, it overesti-
mates the annual precipitation in the southeast and underestimates it in the northwest. 
CRU significantly undervalues the annual mean climatology, whereas ERA5 dramatically 
overvalues the annual mean climatology. GPCC and P-CDR exhibit an adequate perfor-
mance, with higher PCC and similar AVG to the observed dataset. 

 

Figure 2. The climatological annual mean climatology in the TRH region for the period 1983‒2014 
(units: mm/year): from observations (a) CN05.1 and five datasets (b) P-CDR; (c) GPCC; (d) CRU; (e) 
CRA40; and (f) ERA5. The pattern correlation coefficient (PCC) and the regional average annual 
mean climatology (AVG) of each dataset are shown. 

To evaluate the ability of the datasets to reproduce the spatial patterns of interannual 
variability in precipitation, the relative interannual variability is computed. It is defined 
as the ratio of the standard deviation of annual precipitation to the climatological average, 
as shown in Figure 3. Unlike the climatology, the relative interannual variability increases 
from the southeast to the northwest of the TRH region. The maximum relative interannual 
variability occurs in the Qaidam Basin and the northwestern region, corresponding with 
the lowest amount of precipitation. The datasets can accurately capture the interannual 
variation in precipitation. P-CDR is less accurate in capturing the spatial pattern of inter-
annual variability, with a minimum correlation coefficient of 0.63. GPCC (0.19) and CRA40 
(0.24) feature a higher AVG than the CN05.1 datasets (0.14), which may result from the 
larger interannual variability than the observation dataset in the Qaidam Basin. ERA5 and 
CRU show good agreement with precipitation observations in terms of the main charac-
teristics of interannual variability. 
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Figure 3. The relative interannual variability in the TRH region for the period 1983‒2014. The mark-
ings are the same as in Figure 2.  

Figure 4 displays the spatial precipitation trends from 1983 to 2014, as obtained from 
the observation dataset and the five datasets. The observation dataset indicates an increase 
in precipitation across most of the TRH region, with an increasing trend of 1.33 mm/year 
as an average of the whole area (Figure 4a) (only some regions show a significant increase). 
Although five datasets exhibit comparable annual precipitation trends, they also contain 
large inconsistencies and are limited in their ability to reproduce long-term precipitation 
trends with low PCC values. CRU’s regional average trend is closest to the observation, 
with an average of 1.27 mm/year. P-CDR and CRA40 generally overestimate the trend in 
annual precipitation, with an increasing trend of 2.39 and 5.52 mm/year, respectively. 
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Figure 4. The linear trend of annual precipitation across the TRH region for the period 1983‒2014 
(units: mm/year). The dots represent a significance level higher than 0.05 using Student’s t-test. The 
markings are the same as in Figure 2. 

To elucidate the performances of five datasets, we summarize their skill scores in 
reproducing the climatology (CLM), interannual variability (STD), and long-term trends 
(trend) using a Taylor diagram (Figure 5). Of the three metrics, the climatology generally 
obtains the highest scores, followed by the interannual variability, and the lowest scores 
are for the long-term trends. In terms of climatology, GPCC exhibits the highest skill, fol-
lowed by P-CDR. ERA5 overestimates the annual mean climatology by 45.25%. In con-
trast, the annual mean climatology is underestimated by CRU at about −28.95%. For the 
interannual variability, GPCC and CRA40 reproduce much more spatial variability. ERA5 
is capable of effectively improving the characterization of interannual variability, followed 
by CRU. The long-term trends can be most closely replicated by employing CRU. 
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Figure 5. Taylor diagrams of climatology (CLM), interannual variability (STD), and long-term trends 
(trend) for each dataset across the TRH region during the period 1983‒2014. Angular axes show 
correlation coefficients between the datasets and the observations, the ratio of the standard devia-
tions is denoted as the radial distance from the origin, and the centered normalized root mean 
square (RMS) difference is expressed as the distance between any given point and the reference 
point. The positive and negative percent bias of each dataset is described by different sizes in the 
upper triangle and lower triangle. Furthermore, standard deviations > 2.15 are plotted as text at the 
bottom of the figure. 

3.2. Annual Cycle of Precipitation 
Figure 6 illustrates the monthly performance of five precipitation products compared 

to the observation dataset. Apart from CRA40 (CC = 0.74), most products have strong cor-
relations with the observation dataset (CC > 0.93). GPCC exhibits the highest CC value 
(0.96) as well as the smallest RMSE (13 mm/month). High-frequency scatter points of 
GPCC are more evenly distributed on both sides of the 1:1 line. P-CDR ranks behind 
GPCC, with a CC value of 0.93, and an RMSE value of 19.22 mm/month. The linear regres-
sion line of P-CDR is the closest to the 1:1 line. Similar to the annual performance, ERA5 
(CRU) hugely overestimates (underestimates) the monthly precipitation by 45.88% 
(−27.65%), with RMSE values of 25.71 and 21.08 mm/month, respectively. CRA40 features 
a low degree of precision with a low CC value (0.74) and a high RMSE (33.77 mm/month), 
and the scatterplot distributions are dispersed. 



Remote Sens. 2023, 15, 2352 11 of 21 
 

 

 

Figure 6. Density-colored scatterplots of monthly precipitation for (a) P-CDR, (b) GPCC, (c) CRU, 
(d) CRA40, and (e) ERA5 against the observation dataset across the TRH region during the period 
1983‒2014 (units: mm/month). The color indicates the frequency of occurrence. The dark oblique 
solid line denotes the 1:1 line. The dotted line denotes the linear regression line. The linear regression 
equation, CC, RB, and RMSE of each dataset are shown. 

To assess the performance of the five datasets in reproducing the annual cycle of pre-
cipitation in the TRH region, we computed the root mean square error (RMSE) between 
the observation dataset and the other datasets, as illustrated in Figure 7. The annual pre-
cipitation cycle across the TRH region exhibits a single peak pattern, with the highest pre-
cipitation occurring in July. It ranges from 1 to 122 mm/month throughout the year. As 
compared to the observation dataset, the five datasets are also capable of reproducing the 
unimodal shape, although with some bias (RMSE:1.99‒18.58 mm/month, Figure 7). All the 
datasets exhibit a higher degree of bias in summer than in other seasons. The ERA5 dataset 
tends to overestimate precipitation in all months (RMSE = 18.58), while the CRA40 dataset 
tends to underestimate precipitation in June, July, and August, and overestimate it in the 
other months (RMSE = 9.81). CRU grossly underestimates the annual cycle (RMSE = 13.16 
mm/month). P-CDR exhibits the most accurate representation of the annual cycle (RMSE 
= 1.99 mm/month), followed by GPCC (RMSE = 5.57 mm/month). In Figure 7, each box is 
accompanied by a dispersion bar showing the interannual variability precipitation for the 
corresponding month. The interannual variability monthly precipitation is highest in 
summer. P-CDR and GPCC mainly fall within the standard deviation of the observed 
monthly precipitation, which means that the monthly precipitation of the P-CDR and 
GPCC are within the interannual variability for the corresponding month. 
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Figure 7. Annual cycle of the precipitation in the TRH region for the period 1983‒2014 (units: 
mm/month). The grey boxes and the lines are the annual cycle from the observed dataset and five 
datasets. A box’s dispersion represents its interannual variability for the corresponding month. 
RMSEs of the multiple datasets compared to the observation dataset are printed. 

3.3. Daily Precipitation 
We further evaluate the daily precipitation by employing P-CDR and IMERG for the 

period 2001‒2014. Figure 8 shows the probability distribution function (PDF) of daily pre-
cipitation, as derived from the observation dataset and two other datasets. In Figure 8a, 
the probability curve of CN05.1 decreases more rapidly, and the probability of precipita-
tion below 10 mm/day is significantly higher than that of P-CDR and IMERG, and the 
opposite is true for precipitation above 10 mm/day. For P-CDR and IMERG, the values 
rise near the end because the last value represents the cumulative probability of precipi-
tation greater than or equal to 50 mm/day. Compared with observed dry days (daily pre-
cipitation amount is less than 1 mm/day), the two products show a large bias. IMERG 
(76.06%) and P-CDR (66.16%) overestimate the probability of dry days (CN05.1 = 61.83%). 
Both of them tend to underestimate the probability of light (1‒5 mm/day) and moderate 
(5‒10 mm/day) precipitation. However, when the daily precipitation exceeds 10 mm/day, 
both datasets tend to overestimate the probability. P-CDR performs well in detecting the 
probability of light and moderate precipitation, while the IMERG performs even better in 
detecting the probability of heavy precipitation across the TRH region. 
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Figure 8. The probability distribution function of daily precipitation in the TRH region from the 
observation dataset and other two datasets for the period 2001‒2014 (units: %). (a) The probability 
distribution function and (b) the cumulative probability distribution. 

Figure 9 compares the performance of two precipitation products (P-CDR and 
IMERG) with observations on a daily scale. P-CDR and IMERG have many anomalous 
overestimation points at observed 0‒20 mm/day precipitation, with many anomalous high 
values distributed between 20 and 100 mm/day. Both P-CDR and IMERG have similar CC 
and RMSE. In general, P-CDR performs better than IMERG, with a small bias. P-CDR 
tends to overestimate the daily precipitation amount by 3.57%, while IMERG has a higher 
degree of underestimation with an RB of −12.27%. 



Remote Sens. 2023, 15, 2352 14 of 21 
 

 

 

Figure 9. Density-colored scatterplots of daily precipitation for (a) P-CDR and (b) IMERG against 
the observation dataset across the TRH region during the period 2001‒2014 (units: mm/day). The 
markings are the same as in Figure 6. 

Figure 10 shows the precipitation detection capability under different precipitation 
intensities. By employing 0.1 mm as a standard for precipitation events, P-CDR more cor-
rectly detects the precipitation event, with a POD and Fscore of 0.67 and 0.71, respectively. 
In contrast, IMERG falsely detects the precipitation event with an FAR of 0.19. However, 
precipitation products are not able to function properly with varying degrees of precipi-
tation intensity. The detection precision of the precipitation datasets declines overall as 
the daily precipitation intensity increases. It is evident that the two datasets can accurately 
represent tiny and light rainfall (0.1‒1 and 1‒5 mm/day). However, the PODs are mainly 
less than 0.3 and the FARs are more than 0.8, suggesting that P-CDR and IMERG do not 
accurately capture the majority of precipitation events. Likewise, the small POD and the 
large FAR indicate that there is still significant uncertainty associated with the datasets in 
terms of detecting heavy and torrential rain (10‒20 and >20 mm/day). P-CDR features a 
higher degree of consistency with the observation dataset than IMERG in the case of pre-
cipitation events less than 5 mm/day and more than 20 mm/day. The performance is com-
parable in the case of 10‒20 mm/day rainfall. Moreover, IMERG is slightly more accurate 
when the amount of precipitation is between 5 and 10 mm/day. P-CDR exhibits a higher 
detection accuracy than IMERG for different precipitation intensities on the whole. 
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Figure 10. The (a) POD, (b) FAR, (c) Fscore, and (d) precision based on two precipitation datasets 
versus the observation dataset during the period 2001‒2014 with varying degrees of precipitation 
intensity. 

Nine extreme precipitation indices (PRCPTOT, SDII, Rx1 day, Rx5 day, R95pTOT, 
R99pTOT, R10, CDD, and CWD) are calculated to assess the performance of P-CDR and 
IMERG in reproducing daily extreme precipitation. Figure 11 shows the boxplots of these 
indices for the TRH region from 2000 to 2014. Two satellite datasets are capable of accu-
rately estimating the PRCPTOT with a wider range of PCD-R (Figure 11a). The median 
SDII of IMERG is much higher than that of the observations (Figure 11b). This may be due 
to the overestimation of dry days by IMERG (Figure 8). P-CDR and IMERG extend to the 
higher extreme data and wider range than the observations concerning Rx1 day, Rx5 day, 
R95pTOT, R99pTOT, and R10 (Figure 11c–g). With regard to CDD and CWD, P-CDR and 
IMERG are in a smaller range and have a lower median (Figure 11h,i). Overall, P-CDR 
and IMERG underestimate the duration indices and overestimate the intensity indices, 
percentile-based threshold indices, and frequency indices. In addition, with regard to the 
medians of SDII, Rx1 day, R99pTOT, R10, CDD, and CWD, P-CDR shows better agree-
ment with the observations than IMERG, whereas IMERG performs better for the medians 
of PRCPTOT, Rx5 day, and R95pTOT. Overall, P-CDR features a wider range of the 25th 
and 75th quantiles for extreme precipitation indices, excluding duration indices. 

 

Figure 11. Box plots of (a) PRCPTOT, (b) SDII, (c) Rx1 day, (d) Rx5 day, (e) R95pTOT, (f) R99pTOT, 
(g) R10, (h) CDD, and (i) CWD of the TRH region from 2000 to 2014 derived from CN05.1, P-CDR, 
and IMERG. 

Figure 12 shows Taylor diagrams, which are a concise performance representation of 
the nine extreme precipitation indices. Two datasets exhibit CC values between 0.6 and 
0.9 for PRCPTOT, R95pTOT, Rx5 day, and R10. In this respect, P-CDR and IMERG are 
capable of displaying these indices. In particular, PRCPTOT features a correlation higher 
than 0.8 as well as a lower centered normalized RMS. However, two datasets are not suited 
to accurately reproducing CDD, CWD, Rx1day, R99pTOT, and SDII. In particular, both 



Remote Sens. 2023, 15, 2352 16 of 21 
 

 

the CC values of CDD and RSD values of CWD are lower than 0.3. In most situations, P-
CDR and IMERG overestimate the RSD, indicating that two satellite products reproduce 
more variabilities in the extreme precipitations than the observations across the TRH re-
gion. Overall, P-CDR can outperform IMERG in capturing SDII, Rx1day, R99pTOT, CDD, 
and CWD, whereas IMERG is more in agreement with CN05.1 in performing PRCPTOT, 
Rx5day, R95pTOT, and R10. 

 

Figure 12. Taylor diagrams of nine extreme precipitation indices during the period 2000‒2014 across 
the TRH region. The markings are the same as in Figure 5. 

4. Discussion 
In this study, we conduct a comprehensive evaluation of multiple precipitation da-

tasets in the TRH region from 1983 to 2014. The results show that these datasets can rea-
sonably capture the variability of climatology, interannual variability, and the annual cy-
cle of precipitation. However, some discrepancies are found in the long-term trends and 
extreme precipitation. Our findings align with those of previous studies such as those of 
Yao et al. (2020) and Beck et al. (2019) [2,51]. Yao et al. also found a significant discrepancy 
between different precipitation datasets in terms of reproducing the long-term trends of 
precipitation [2]. According to Beck et al., daily precipitation is more complex to estimate 
than climatological characteristics [51]. Additionally, some previous studies also indicated 
that daily precipitation estimates are subject to larger uncertainties [6,52–55]. These de-
pend on different data sources, rain gauge densities, quality control methods, and algo-
rithms for processing topographic complexity [8,51]. Furthermore, the uncertainty of pre-
cipitation products in the TP has also been demonstrated to be greater than elsewhere [56–
58]. This is partly due to a limited number of stations in the TP that participated in the 
calibration [8,56]. Therefore, a single product can result in a biased estimation of precipi-
tation features. The overall agreements and disagreements in precipitation characteristics 
can be examined by employing multiple datasets. In addition, according to the evaluation 
results in this paper, precipitation datasets have different accuracy for various precipita-
tion characteristics across the TRH region. GPCC and P-CDR are preferred when focusing 
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on the climatology and annual cycle of precipitation. ERA5 and CRU are more recom-
mended for conducting interannual variability studies of the TRH. CRU can be selected 
to investigate the long-term trend of precipitation. P-CDR generally performs better than 
IMERG on the daily precipitation scale across the TRH. This study can provide options 
for readers conducting precipitation studies in the TRH and surrounding areas. 

Although gauge measurements are frequently regarded as the “ground truth”, they 
should be corrected in areas with scarce rain gauges (such as instrumental, wind, and 
evaporation loss corrections) [59,60]. Furthermore, the point observations are extended to 
a gridded precipitation dataset by using complex interpolation methods, which will in-
duce additional uncertainty, especially in data-sparse areas with complex topography 
[61]. Therefore, due to the spatial resolution of the grids, elevation, and interpolation 
methods, as well as gauge concentration and quality, gauge-based gridded precipitation 
can have uncertainties [62–64]. Despite providing global coverage and high temporal–
spatial resolution, the satellite-derived datasets do not measure precipitation directly, but 
rather atmospheric radiation [65,66]. Therefore, their precision is dependent on sophisti-
cated algorithms and available rain gauges for calibration [67]. As a result, the relationship 
between atmospheric characteristics and precipitation rates results in high levels of un-
certainty in satellite datasets [64]. Reanalysis datasets can display various rainfall patterns 
and trends based on the observations, data assimilation, and physical parameterization 
schemes of the numerical model [68]. Reanalysis datasets are susceptible to the source 
data and the data assimilation method [61]. In light of the aforementioned uncertainties, 
it is impossible to identify the most reliable precipitation dataset. 

Although the gridded precipitation datasets have shortcomings and discrepancies, 
their high spatial and temporal resolution makes them a valuable resource for studying 
climate variability and changes. In this study, we conduct a comprehensive analysis of 
precipitation characteristics by examining multiple datasets and critically interpreting the 
results. A comprehensive assessment of current precipitation datasets with longer time 
records and relatively high resolution is presented in this paper. However, it is important 
to note that improved spatial resolution and accuracy are still needed in regional hydro-
meteorological applications. To improve the spatial and temporal accuracy of precipita-
tion data, multiple precipitation datasets can be downscaled and integrated using ad-
vanced techniques, such as machine learning algorithms. 

5. Conclusions 
A comprehensive assessment of several precipitation datasets (GPCC, CRU, CRA40, 

ERA5, P-CDR, and IMERG) is presented in this study. Multiple datasets are evaluated in 
comparison with CN05.1 during the period 1983‒2014, including the climatology, inter-
annual variability, long-term trends, and annual cycle. The reliability of P-CDR and 
IMERG for the daily precipitation is examined and analyzed during the period 2001‒2014. 
The following is a summary of the main conclusions. 

(1) All the precipitation datasets are capable of accurately reproducing the overall 
variability in climatology, interannual variability, and annual cycle of precipitation across 
the TRH region, but exhibit significant discrepancies in the long-term trends and extreme 
precipitation. 

(2) GPCC and P-CDR have the best ability to capture the spatial variations in annual 
mean climatology, with high CC and low RMSE. CRU significantly underestimates annual 
mean climatology by −28.95%, whereas ERA5 dramatically overestimates annual mean 
climatology by 45.25%. Furthermore, ERA5 and CRU can effectively improve the charac-
terization of interannual variability. The long-term trends of annual precipitation contain 
large inconsistencies and can be most closely replicated by employing CRU. 

(3) The overall accuracy between the products and the observations is adequate on a 
monthly scale (CC: 0.74‒0.96, RMSE: 13.00‒25.71 mm/month) as well as an annual cycle 
(RMSE: 1.99‒18.58 mm/month). P-CDR and GPCC exhibit a higher degree of accuracy on 
an annual cycle, while ERA5 shows the lowest skill (RMSE: 18.58 mm/month). 
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(4) On a daily scale, the probability of dry days (precipitation < 1 mm/day) is overes-
timated by P-CDR and IMERG, especially by IMERG. P-CDR and IMERG underestimate 
the probability of 5‒10 mm precipitation and overestimate the precipitation above 10 mm. 
Overall, P-CDR exhibits a higher accuracy than IMERG in terms of accounting for the 
probability distribution and other assessment metrics of daily precipitation. 

(5) P-CDR and IMERG underestimate the duration indices and overestimate the in-
tensity, percentile-based threshold, and frequency indices. P-CDR is more accurate than 
IMERG in capturing SDII, Rx1day, R99pTOT, CDD, and CWD, whereas IMERG is more 
skillful for PRCPTOT, Rx5day, R95pTOT, and R10. 

This paper discusses the strengths and weaknesses of major precipitation products 
across the TRH. These results will improve our understanding of precipitation character-
istics in the TRH region and provide a reference for selecting precipitation data to conduct 
hydrological simulations and hydrometeorological hazard studies. 
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