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Abstract: As one of the countries with the most severe extreme climate disasters in the
world, it is of great significance for China to scientifically understand the characteristics
of extreme precipitation. The artificial neural network near-real-time dynamic infrared
rainfall rate satellite precipitation data (PDIR-Now) is a global, long-term resource with
diverse spatial resolutions, rich temporal scales, and broad spatiotemporal coverage, pro-
viding an important data source for the study of extreme precipitation. But its applicability
and accuracy still need to be evaluated in specific applications. Based on the observation
data of 824 surface meteorological stations in China, the correlation coefficient (R), rela-
tive deviation (RB), root mean square error (RMSE), and relative root mean square error
(RRMSE) of quantitative statistical indicators were used to evaluate the annual maximum
daily precipitation of PDIR-Now from 2000 to 2016 in this study, in order to explore the
ability of PDIR-Now satellite precipitation products to monitor extreme precipitation in
Chinese mainland. The results show that from the perspective of long-term series, the
annual maximum daily precipitation of PDIR-Now has a good ability to monitor extreme
precipitation across the country, and the R exceeds 0.6 in 65% of the years. The RMSE
of different years is generally distributed between 40 and 60 mm, and in terms of time
characteristics, the error of each year is relatively stable and does not fluctuate greatly
with dry precipitation or abundant years. From the perspective of spatial characteristics,
the distribution of RMSE is very regional, with the RMSE in the Qinghai–Tibet Plateau
and Northwest China basically in the range of 0~20 mm, the Yunnan–Guizhou Plateau,
the Sichuan Basin, Northeast China, and the central part of the study area in the range of
20~50 mm, and the RMSE in a few stations in the southeast coast greater than 80 mm. The
RRMSE distribution of most sites is between 0 and 0.6, and the RRMSE distribution of a
few sites is between 0.6 and 1.5. Generally, higher RRMSE values and larger errors are
observed in the northwest and southeast coastal regions. Overall, PDIR-Now captures the
regional characteristics of extreme precipitation in the study area, but it is underestimated
in the wet season in humid and semi-humid regions and overestimated in the dry season
in arid and semi-arid regions.
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1. Introduction
The annual maximum daily precipitation (AMDP) dataset is one of the most important

and easily accessible metrics for studying extreme rainfall, and it holds significant value in
fields such as meteorology, hydrology, and disaster management. This metric is determined
by observing daily precipitation data over the course of a year and identifying the day with
the highest precipitation. Typically, these data are collected from meteorological stations,
rain gauges, and satellite monitoring systems. Through long-term observation and data
recording, extreme precipitation events in different years and regions can be analyzed and
compared, providing essential data support for climate change research, flood, debris flow,
and landslide risk assessments, water conservancy project planning and management, and
urban planning and management [1–3].

Satellite precipitation monitoring datasets offer long-term estimates of climate vari-
ables that cover either the globe or specific regions. Using satellite data for monitoring the
annual maximum daily precipitation has important significance in both scientific research
and practical applications. Satellite monitoring technology employs passive microwave
and active radar methods to acquire precipitation information, which is then processed
and corrected through complex algorithms to provide globally covered, high temporal
and spatial resolution, long-term continuous precipitation data [4–6]. This not only helps
scientists to gain a deeper understanding of precipitation processes and the impacts of
climate change but also provides valuable data support to various sectors in responding to
extreme precipitation events [7–10].

However, satellite precipitation products are indirect measurements and contain errors
relative to actual precipitation, so they must be assessed for accuracy and applicability
before use. Many studies, both domestic and international, have focused on evaluating the
ability of satellite data to monitor annual maximum daily precipitation. Internationally,
many researchers have used satellite data from missions such as TRMM (Tropical Rainfall
Measuring Mission) and GPM (Global Precipitation Measurement) to conduct such evalua-
tions with significant results. For example, Huffman et al. (2010) studied the application of
TRMM data in global precipitation estimation and highlighted its high accuracy in tropical
and subtropical regions [11]. Skofronick-Jackson et al. (2017) evaluated the precipitation
observation capability of the GPM satellite and validated its effectiveness in monitoring
extreme precipitation events [12]. Echeta, O.C. et al. (2022) assessed four near-real-time
satellite precipitation products (GSMaP_NRT, IMERG-E, PERSIANN-CCS, and PDIR-Now)
in the Volta Basin and compared them with real-time, post-satellite precipitation products.
The results indicated that PDIR-Now had the highest probability of detecting extreme
rainfall among all the products [13]. Vesta Afzali Gorooh et al. (2022) conducted a study on
PDIR-Now along the Pacific coast of the United States, focusing on complex topography.
The results showed that this satellite product performed more accurately in detecting
precipitation events in cold bright bands (BBs) and warmer non-bright bands (NBBs) in
topologically complex regions [14]. Alharbi R.S. et al. (2024) evaluated the daily precipi-
tation and four extreme precipitation indices of the PDIR-Now satellite product in Saudi
Arabia using six evaluation indicators. Their findings highlighted the potential of the
PDIR-Now satellite product for precipitation assessment [3].

In China, researchers have also evaluated the ability of satellite precipitation to moni-
tor extreme values. For instance, Liu et al. (2017) used multiple satellite products from the
GPM era to monitor and evaluate Typhoon Rammasun in specific regions of China [15].
Liu Yu et al. (2017) used seven extreme rainfall indices to assess the performance of three
major satellite precipitation products—TRMM 3B42, TRMM 3B42RT, and CMORPH—in
China [16]. Pang Chenkun (2023) used thirteen representative satellite precipitation prod-
ucts to calculate extreme precipitation indices and evaluate their ability to monitor extreme
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precipitation across different spatiotemporal scales, further exploring the spatiotemporal
differences in satellite precipitation products’ monitoring capabilities for extreme precipita-
tion [17]. Although there is limited research on the precipitation extremes of the PDIR-Now
satellite product in China, studies on its applicability in specific regions do exist. For exam-
ple, Wan-Ru Huang et al. (2021) conducted a comparative evaluation of five PERSIANN
satellite products in Taiwan and pointed out that PDIR-Now and PERSIANN-CCS-CDR
had smaller RMSE than the other three satellite products at different time scales. Moreover,
PDIR-Now was identified as the best product for quantitatively estimating precipitation at
interannual, annual, and seasonal time scales [7]. Wenhao Xie et al. (2022) evaluated six
satellite precipitation products (IMERG, CMORPH, GSMaP, PERSIANN, PERSIANN-CCS,
and PDIR-Now) in the northwestern part of China. The results showed that the bias in the
performance evaluation of the satellite products was significant in the study area, empha-
sizing the need for accurate understanding of the performance of the satellite precipitation
products when using satellite data and the importance of bias correction [18].

Despite the evident importance of reliable annual maximum daily precipitation data
and the numerous regional studies on its impacts [19–31], to our knowledge, there has
been no study evaluating the monitoring capability of annual maximum daily precipitation
using the artificial neural network near-real-time dynamic infrared rainfall rate satellite
precipitation data (PDIR-Now) in this study area. PDIR-Now is an innovative, global, long-
term resource that provides diverse spatial resolutions, rich temporal scales, and extensive
spatiotemporal coverage, making it a valuable data source for studying extreme precipita-
tion [25,32]. Therefore, this study takes the observed data from 824 ground meteorological
stations in China as a benchmark and uses quantitative statistical indicators R (correlation
coefficient), RB (relative bias), RMSE (root mean square error), and RRMSE (relative root
mean square error) to evaluate the PDIR-Now annual maximum daily precipitation from
2000 to 2016, aiming to explore the ability of the PDIR-Now satellite precipitation product
to monitor extreme precipitation in mainland China. The results of this study will help
users to assess the accuracy of the data, enabling timely identification of the impact of
precipitation products on future research. This will allow researchers to adjust their study
plans, reduce errors in research, and improve the quality of experimental results. For
developers of precipitation products, testing the accuracy of the data can provide timely
improvements to the algorithms, facilitating the further development and promotion of
these products.

2. Materials and Methods
2.1. Study Area

This study selects the territory of China and a 20 km buffer zone extending outward
(Figure 1) as the study region. The longitude range is from 73◦21′ E to 135◦22′ E, and the
latitude range is from 3◦65′ N to 53◦53′ N. The total area of the region is approximately
17.265 million square kilometers. The climate in this region is highly variable, with complex
terrain. It encompasses tropical, subtropical, and temperate monsoon climates, as well as
temperate desert, steppe climates, and alpine plateau climates. The region also includes a
variety of topographies, such as plateaus, basins, mountains, hills, and plains. In addition,
it has many major river systems, such as the Yangtze River, Yellow River, West River,
Heilongjiang River, and Yarlung Tsangpo River, as well as glaciers and grasslands. Due
to China’s vast latitudinal range, the region spans several temperature zones, including
the cold temperate zone, middle temperate zone, warm temperate zone, subtropical zone,
tropical zone, and the unique alpine cold zone of the Tibetan Plateau. These climatic and
geographical factors result in uneven spatial and temporal precipitation distributions, with
distinct seasonal and latitudinal variations between the north and south.
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Figure 1. Study area and meteorological stations.

2.2. Data Sources

The data used in this study mainly come from two sources: the PDIR-Now satellite
precipitation product data (the unverified data) and the precipitation observation data from
meteorological stations in China (the standard data).

2.2.1. Station Data

In this study, 824 meteorological stations within the study area were selected, and their
precipitation data were used as ground reference data. After review and quality checks, this
includes the continuity of the data, removing stations with missing data, and comparing
the annual precipitation values obtained by aggregating daily-scale precipitation data from
the stations with the existing station annual precipitation values to eliminate stations with
large errors. The final stations used in this study all have uninterrupted long-term time
series data for 17 years. The corresponding satellite data for the geographical locations of
the stations also meet the requirements for studying extreme values. The distribution of
the stations is shown in Figure 1, and the selected meteorological stations cover as much of
the study area as possible. However, due to the remote geographic location and complex
terrain of the Tibetan Plateau, station observations are difficult to carry out, resulting in
fewer stations. Additionally, because of the low population density and rare extreme
precipitation events in the region, the stations in this area are sparsely distributed. The
station data source is the Meteorological Research Center of the China Meteorological
Administration. The precipitation data selected included 17 years, from 2000 to 2016. The
data scale is on a daily basis, with a time span from 20:00 to the next day at 20:00. The data
are measured in 0.1 mm, and the data format is TXT. To unify the scale, the original data
were processed to use 1 mm as the unit of measurement.

2.2.2. PDIR-Now Satellite Product Data

The PDIR-Now precipitation data come from the real-time, global, high-resolution
satellite precipitation product developed by the Hydrometeorology and Remote Sensing
Center (CHRS) at the University of California, Irvine. The main advantage of PDIR-Now,
compared to other near-real-time precipitation datasets, is that it relies on high-frequency
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sampling of infrared images, resulting in a short delay (15–60 min). Additionally, PDIR-
Now improves the errors and uncertainties associated with using infrared imagery by
employing dynamic offset models based on the dynamic cloud top brightness temperature–
rainfall rate (Tb-R) curve. The short delay of PDIR-Now makes this dataset particu-
larly suitable for near-real-time hydrological applications, such as flood forecasting and
the development of flood inundation maps. The PDIR-Now algorithm also has poten-
tial for reconstructing historical precipitation estimates at high temporal and spatial
resolution [25,32].

In this study, the global precipitation data of the PDIR-Now remote sensing dataset
from 2000 to 2016 on an hourly scale for 17 years were selected. The basic information
of the dataset is as follows: temporal resolution of 1 h, with precipitation units in 1 mm;
spatial resolution of 0.04◦, i.e., a 4 km × 4 km grid; and the data format is TIF. Although
there are missing satellite data in some years and months for the northwest and northeast
regions, investigations have confirmed that the missing data do not affect the extraction
of the annual maximum daily precipitation. Regarding time processing, China’s time is
eight hours ahead of Greenwich Mean Time (GMT+8). To match the temporal resolution of
the station data, precipitation data at the hourly scale were preprocessed by summing the
precipitation data from 12:00 PM of the current day to 12:00 PM of the next day. Then, grid
data are extracted using the station coordinates in order to match the precipitation data
from 8:00 PM of the current day to 8:00 PM of the next day in China.

2.3. Performance Evaluation Methods

To comprehensively evaluate the statistical significance of the satellite extreme precipi-
tation and its practicality in the study area, the station data were used as the benchmark.
The corresponding grid data from the PDIR-Now satellite product were extracted based on
the station coordinates. Three aspects were considered for the evaluation: (1) extracting
station observation data for the same period to assess the satellite’s annual maximum daily
precipitation, (2) extracting satellite data for the same period to assess station-based annual
maximum daily precipitation, and (3) using the annual maximum value method based on
flood sampling to evaluate the annual maximum daily precipitation for both datasets.

The evaluation used an inversion accuracy evaluation index system, which includes
both consistency indicators and error indicators. These include the correlation coefficient
(R), relative bias (RB), root mean square error (RMSE), and relative root mean square error
(RRMSE) [33–36]. These performance evaluation indicators are widely applied in research
on multi-satellite remote sensing precipitation products. The correlation coefficient (R) is a
good indicator of the degree of fit between the two datasets. To determine the accuracy
of the satellite’s precipitation estimates for different years, this parameter was chosen as a
key evaluation criterion. RMSE and RB were selected to assess the prediction accuracy, as
they focus on different aspects. RMSE reveals the absolute error between predicted and
observed values, while RB highlights the proportional difference between predicted and
actual values. RRMSE, as an additional indicator, provides a more intuitive understanding
of the regional characteristics of the errors.

The specific expressions and criteria for each metric are as follows:

(1) Correlation Coefficient (R)

R =
∑n

i=1
(
Si − S

)(
Gi − G

)√
∑n

i=1
(
Si − S

)2
√

∑n
i=1

(
Gi − G

)2
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In the formula, the range of R is −1~1, and R is a positive value indicating that the
two datasets are positively correlated and, vice versa, are negatively correlated.

(2) Root Mean Square Error (RMSE)

RMSE =

√
1
n

n

∑
i=1

(Si − Gi)
2

In the formula, the range of RMSE is 0~∞, and there is no difference at 0.

(3) Relative Root Mean Square Error (RRMSE)

RRMSE =

√
1
n ∑n

i=1(Si − Gi)
2

1
n ∑n

i=1 Gi

In the formula, the range of RRMSE is 0~∞, and there is no difference at 0.

(4) Relative Bias (RB)

RB =
∑n

i=1(Si − Gi)

∑n
i=1 Gi

In the formula, the range of RB is −∞~+∞, and the closer to 0, the better the performance.
In these formulas, Si represents the satellite-retrieved precipitation, and Gi represents

the precipitation at the corresponding ground station. n represents the number of stations
or grids, and i is a natural number ranging from 1 to n.

3. Results
As a characteristic value of precipitation, the annual maximum daily precipitation

exhibits strong randomness. When evaluating the satellite-based annual maximum daily
precipitation by extracting station observation data for the same period from 2000 to 2016, a
total of 1675 instances of missed precipitation reports were observed, with a missed report
rate of 12.5% and significant overestimation of precipitation by the satellite. On the other
hand, when evaluating the satellite data by extracting station-based annual maximum
daily precipitation for the same period, the underestimation of precipitation by the satellite
was quite severe, with a large proportion of stations showing underestimations exceeding
30%. However, when extracting annual maximum daily precipitation for multiple years
from both datasets, certain patterns emerge in the results, which will serve as the basis for
further analysis in this study.

3.1. Spatial Distribution Characteristics of Satellite-Inferred Precipitation

The annual maximum daily precipitation distribution maps for each year from
2000 to 2016 obtained from the PDIR-Now satellite precipitation product are shown in
Figure 2. Comparing the extreme precipitation distribution of this satellite product in China
(Figure 2), it can be observed that extreme precipitation regions are primarily concentrated
in the southeastern and central parts of China, with significant precipitation also frequently
occurring in the northeastern regions within the study time frame. Overall, the precipitation
distribution shows an increasing trend from west to east and from north to south.
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Figure 2. Annual maximum daily precipitation for satellite products from 2000 to 2016.

3.2. Overall Performance Evaluation of Satellite Data

Comparing the annual maximum daily precipitation estimated by the satellite and
the station-observed data from 2000 to 2016 (17 years) at the daily scale, the overall per-
formance of the satellite data across various metrics is quite good (Table 1). The results
indicate that the PDIR-Now satellite’s annual maximum daily precipitation estimates show
a reasonable level of consistency with ground-based precipitation reference data, with a
correlation coefficient (R) of 0.6, indicating a moderate correlation. The relative bias (RB)
is −0.14; the satellite-derived annual maximum daily precipitation generally exhibits an
underestimation, but there are cases where positive and negative biases cancel each other
out at different stations. The root mean square error (RMSE) and relative root mean square
error (RRMSE) are 46.5 mm/d and 0.6, respectively.

Table 1. Satellite inversion of precipitation assessment results.

Indicators R RMSE RRMSE RB

Result 0.6 46.5 mm/d 0.6 −0.14
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3.3. Performance Evaluation of Satellite Data
3.3.1. Performance Evaluation of Different Time

The scatter plot (as shown in Figure 3) was generated by calculating the annual
maximum daily precipitation retrieved from satellite data against the annually observed
maximum daily precipitation at stations for the years from 2000 to 2016. The correlation
coefficients (R) are presented in Table 2. The results show the correlation between the
station-observed data (from 824 stations) and the corresponding satellite data, as well as the
deviation from the measured values. In the annual data at this time scale, the correlation
coefficient (R) generally ranges from 0.5 to 0.7 (Table 2), with 65% of the years having R
values exceeding 0.6, indicating a moderate correlation between the two datasets. However,
the inversion performance for the years 2003, 2009, 2010, and 2016 was slightly poorer,
with R values of 0.52, 0.53, 0.54, and 0.53, respectively. The root mean square error (RMSE)
across different years generally ranged between 40 and 60 mm. From Figure 3, it can be
seen that the trend lines of all the scatter plots fall below the diagonal, indicating that the
PDIR-Now satellite tends to underestimate the annual maximum daily precipitation in the
study area.
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Figure 3. The distribution of annual maximum daily precipitation scatters in the study area from
2000 to 2016.

Table 2. R value of the study area from 2000 to 2016.

Year 2000 2001 2002 2003 2004 2005 2006 2007 2008

R 0.63 0.58 0.62 0.52 0.61 0.63 0.62 0.60 0.64

Year 2009 2010 2011 2012 2013 2014 2015 2016

R 0.53 0.54 0.59 0.61 0.62 0.62 0.68 0.53
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3.3.2. Performance Evaluation of Different Regions

There are typically three types of evaluations when comparing satellite remote sensing
precipitation with ground-based observational data: overestimation, underestimation,
and agreement. Overestimation means that the selected satellite precipitation product
overestimates the actual precipitation in the study area; underestimation means that the
satellite product underestimates the actual precipitation; and if the error in the satellite
precipitation product is within ±10% of the real precipitation, it is considered to be in
agreement with the actual precipitation, referred to as “agreement” [37]. For annual
maximum daily precipitation, due to the significant variation in precipitation intensity,
large values, and strong randomness, it is reasonable to expand the error margin. For the
study area, if the error of the annual maximum daily precipitation is within ±30%, it is
considered to be in agreement with the actual precipitation. From 2000 to 2016, comparing
the annual maximum daily precipitation at each station with the PDIR-Now satellite
product (Figure 4), it is found that the trend of precipitation change at most stations is
consistent, and the precipitation characteristics match the regional distribution patterns,
validating the spatial consistency of the satellite precipitation. However, there are also
some areas where significant underestimation and overestimation of precipitation occur.
The stations experiencing these issues are concentrated in specific regions.
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Further analysis of stations with larger deviations, as shown in Figure 5 and several
representative years selected in Figure 6, shows that the PDIR-Now satellite product
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data exhibit severe overestimation of precipitation in the northwest region, the Tibetan
Plateau, and the coastal areas of southern China. Severe underestimation of precipitation is
concentrated in the Loess Plateau and mostly occurs in inland areas. The relative errors at
most stations are distributed between −0.3 and 0.3, with stations evenly distributed across
different parts of the study area. The majority of the stations are in a state of precipitation
underestimation. However, among the stations with larger errors, they are often in a state
of precipitation overestimation.
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As shown in Figure 7, the distribution of the root mean square error (RMSE) also
exhibits strong regional characteristics. The RMSE values in the Tibetan Plateau and
Northwest regions are generally between 0 and 20 mm. In the Yunnan–Guizhou Plateau,
Sichuan Basin, Northeast China, and the central part of the study area, the RMSE values
range from 20 to 50 mm. In some stations along the southeastern coast, the RMSE exceeds
80 mm. In Figure 8, the relative root mean square error (RRMSE) more intuitively shows
the spatial distribution of the deviation between the satellite data product and the observed
values. The distribution of RRMSE values generally matches the precipitation patterns in
the study area, presenting a characteristic pattern of higher values in the east and lower
values in the west, with a gradual decrease from south to north. The majority of stations
have RRMSE values between 0 and 0.6, while a smaller portion of stations have RRMSE
values between 0.6 and 1.5. In the Northwest and Southeastern coastal areas, the RRMSE is
generally high, and the error is large, and the RRMSE is even higher than 1.5 at a few sites.
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From the spatial distribution of the relative bias (RB) (Figure 9), it can be observed
that the overall trend of the PDIR-Now satellite precipitation estimates performs well. The
majority of stations have RB values ranging from −0.3 to 0.3. Only a small number of
stations have absolute RB values greater than 0.7, with most of these stations located in
the Northwest and Tibetan Plateau regions. Specifically, there is one station in the Inner
Mongolia Autonomous Region and four stations in Guangdong Province.
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4. Discussion
4.1. Impact of Nighttime Rain on Satellite Precipitation Retrieval

The study area has a large east–west and north–south span, with many plateaus,
basins, and river valleys, which are prone to nighttime rainfall. In more than half of the
study area, the nighttime rainfall rate exceeds 50%, with the Sichuan Basin and Tibet region
even experiencing nighttime rainfall rates of over 70%. Although coastal cities are not
typical nighttime rain zones, their nighttime precipitation is also significant [36,38,39].
Current satellite products like the Tropical Rainfall Measuring Mission (TRMM), Integrated
Multi-satellite Retrievals for GPM (IMERG), and Global Satellite Mapping of Precipitation
(GSMaP) have been found to either underestimate or overestimate rainfall in the study area.
The PDIR-Now satellite data product, as a precipitation retrieval product that solely relies
on IR (longwave infrared) as its input data, still faces difficulties in monitoring nocturnal
rainfall despite employing high-frequency sampling of infrared imagery and increasing the
cloud-top temperature threshold [32]. Furthermore, due to the complex terrain in the study
area and the simple conditions for nighttime rainfall formation, the issue of monitoring
nighttime rainfall still persists. Therefore, improving nighttime rainfall monitoring in this
region is a critical area for further research.

4.2. Impact of Typhoons on Satellite Precipitation Retrieval

The accuracy of PDIR-Now satellite data is highly influenced by geographical factors.
PDIR-Now can accurately simulate extreme precipitation patterns in the United States
because it uses extensive local data correction. However, the southeastern coastal region of
China, which has a tropical maritime climate and is along the primary path for typhoon
development in the western Pacific, is significantly impacted by typhoons. Typhoon-
induced heavy rainfall is a major contributor to extreme precipitation events in this region,
characterized by high rainfall intensity, large coverage, and long duration. As seen in
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Figure 9, PDIR-Now satellite data exhibit both underestimation and overestimation in
precipitation monitoring for the southeastern coastal region, but the overall trend shows
overestimation [40–42]. This aligns with previous studies on satellite monitoring of typhoon
precipitation. However, as precipitation intensity increases, the forecast becomes more
unstable, leading to a higher likelihood of false negatives, which is consistent with findings
from studies on the US West Coast [32].

5. Conclusions
Based on precipitation observation data from Chinese meteorological stations, this

study employs R, RMSE, RRMSE, and RB indices to comprehensively evaluate the precipi-
tation data from the PDIR-Now satellite product. By assessing data consistency, errors, and
error causes, the study investigates the satellite’s ability to monitor extreme precipitation in
the study area. The conclusions are as follows:

1. This study finds that, in terms of data quality, the PDIR-Now satellite products can
capture the spatial distribution of extreme precipitation in the study area. In the
assessment of consistency indicators, a moderate correlation is observed between the
two datasets, and the assessment of annual data also shows a moderate correlation.
In the assessment of error indicators, the values of RMSE and RRMSE are within
an acceptable range. From the annual assessment results, the error results for 2010
and 2016 are slightly larger. The analysis attributes this to the fact that these two
years were exceptionally wet in China, and due to the impact of the greenhouse effect,
although the precipitation was high, the number of rainy days shortened, leading
to abrupt alternations between drought and flood. While satellites can capture the
occurrence of abnormal precipitation, there is often a significant deviation from the
measured values at stations, with 2016 being particularly prominent as the wettest
in the past 60 years. The assessment results for the other years fluctuate around the
overall trend.

2. The inversion error of extreme precipitation from PDIR-Now satellite products exhibits
significant regional characteristics in the study area. From the spatial distribution
of data, RMSE increases progressively from west to east and from north to south,
consistent with the spatial characteristics of precipitation. The RRMSE, RB, and
relative deviation of most stations are within the normal range, but larger errors
are observed in the northwest, Tibetan Plateau, and coastal areas. Stations with
underestimated precipitation are mainly located in semi-arid areas such as the Loess
Plateau and its surroundings, while stations with overestimated precipitation are
concentrated in arid areas such as the northwest.

3. Although the annual maximum daily precipitation extracted from satellites and
stations is not synchronized in time, this study reveals a relatively stable relationship
between satellite and station data after analyzing the R, RB, RMSE, and RRMSE of
17 years of data from 2000 to 2016. This relationship can be applied to the estimation
of rainstorm frequency curves, which is of great significance for flash flood warnings.
Furthermore, based on previous research, we know that the larger the time scale,
the smaller the simulation error. From the analysis of the annual maximum daily
precipitation prediction results of PDIR-Now satellite products, we can infer that the
prediction fitting results for 1 h intervals may have larger errors. The analysis also
shows that the influence of geographical factors on satellite inversion is significant,
indicating considerable room for improvement in satellite algorithms.
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