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Abstract. High spatiotemporal resolution (satellite precipitation data: SPD) are vital for railway planning 

and risk management, as well as advancing research in geoinformation science and meteorology. Four SPD 

(Climate Prediction Center Morphing technique: CMORPH, Precipitation Estimation from Remotely 

Sensed Information using Artificial Neural Networks-Climate Data Record: PERSIANN-CDR, Global 

Precipitation Measurement IMERG's third-level fusion product: GPM-EARLY, GPM-LATE) were 

compared with ground-based observations along the (Sichuan-Tibet Railway: STR) in China. Through 

quantitative and categorical evaluations across different temporal scales, and validation using extreme 

precipitation indices, the study finds that GPM generally outperforms other datasets, though PERSIANN-

CDR exhibits the largest errors. The SPD show the highest correlation on the monthly scale, with significant 

variability at the annual scale. Errors in PERSIANN-CDR and CMORPH increase with rising monthly 

precipitation, peaking in July, while GPM demonstrates greater stability. Although PERSIANN-CDR 

captures precipitation events well, it has a high false alarm rate, whereas GPM-LATE achieves better skill 

scores. SPD retrieval capabilities decline with increasing precipitation, particularly above 25 mm/day. 

Spatial analysis shows better data quality in the eastern and southern regions, with GPM performing better. 

CMORPH accurately captures extreme precipitation indices, followed by PERSIANN-CDR, while GPM 

tends to overestimate extreme precipitation. These findings are crucial for improving precipitation 

estimation accuracy and enhancing water resource management and disaster warning systems along the 

STR. 
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Introduction 

Railway construction, essential for national strategy and economic growth, faces 

significant safety threats from frequent precipitation events, causing thousands of 

accidents across China over the past 40 years, particularly in the form of flash floods and 

landslides (Liu et al., 2021). The critical role of the STR in China's transport network and 

western economic development is underscored by the prevalence of precipitation-induced 

geological hazards (Li et al., 2019; Liu et al., 2022),which underscores the necessity for 

accurate precipitation data in railway planning and risk management. 

The traditional sources of precipitation data, form meteorological stations and weather 

radars, are sparse in complex terrains, limiting the acquisition of precision spatiotemporal 

data. Despite their percison over extensive distances, weather radars are constrained by 

high costs, signal instability, and constrained coverage. The advent of high-resolution, 

wide-coverage SPD data has become pivotal for rainfall monitoring and climate change 

analysis (Sahoo et al., 2011; Liu and Allan, 2012; Yang et al., 2013; Hamada et al., 2015). 

https://www.baidu.com/s?sa=re_dqa_generate&wd=Institute%20of%20Tibetan%20Plateau%20Research&rsv_pq=c2e0b0db0010edc6&oq=%E9%9D%92%E8%97%8F%E9%AB%98%E5%8E%9F%E7%A0%94%E7%A9%B6%E9%99%A2%E8%8B%B1%E6%96%87%E5%90%8D%E7%A7%B0&rsv_t=513fSln437eFz9HUt/zhfqxAl7izl8hKwPwQSWf9P9M+nC3stjJ3x6tX8H951jcCWLLToJk&tn=15007414_18_dg&ie=utf-8
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However, SPD retrieval, as an indirect method, exhibits notable reliability variations 

among different sensors and discrepancies from actual measurements (Kidd and 

Huffman, 2011; Kidd and Levizzani, 2011). In recent years, significant progress has been 

made in the evaluation and research of SPD (Yang and Luo, 2014; Guo et al., 2016; Sun 

et al., 2018b; Zhang et al., 2022). Using ground-based precipitation observations as a 

benchmark, the cetainty and variability of data are assessed and analyzed at various 

scales. Sun et al. (2018a) comprehensively compared and evaluated 30 global 

precipitation datasets, revealing significant differences in precision among different 

products, which are influenced by the number of ground stations, retrieval algorithms, 

and assimilation models. In Morocco, the GPM series products exhibit high reliability for 

light to moderate precipitation events (Ait Dhmane et al., 2023). In the Sultanate of Oman, 

GPM and (Global Satellite Mapping of Precipitation: GSMaP) effectively delineate 

precipitation patterns, with GSMaP generally outperforming IMERG (Shawky et al., 

2019). Evaluation of precipitation products in India highlights the high performance of 

(Climate Hazards Group InfraRed Precipitation with Station: CHIRPS) and (Tropical 

Rainfall Measuring Mission Multi-satellite Precipitation Analysis: TMPA) (Prakash, 

2019), while in Latin America, different products show varied performance across 

different basins and temporal scales (Baez-Villanueva et al., 2018). In China, extensive 

evaluations focusing on the Qinghai-Tibet Plateau indicate that GPM precipitation 

products exhibit spatiotemporal variability linked to precipitation intensity (He, 2023). 

Research also suggests that GPM performs better than TRMM in terms of precipitation 

detection, yet percision in detecting precipitation remains a challenge in high-altitude and 

harsh climate regions of the Qinghai-Tibet Plateau (Yu et al., 2018). In the Yarlung 

Tsangpo River Basin, integrated assessments suggest (The China Meteorological Forcing 

Datase: CMFD) and CMORPH are more suitable for regional hydro-meteorological 

studies (Ban et al., 2023), while Sun et al. (2020) indicate overall underestimation by 

GPM and severe overestimation by PERSIANN-CDR. Lin et al. (2022) evaluated six 

SPD along the STR, most of the SPD were able to effectively capture precipitation 

features at multiple time scales and identify the best products for different temporal 

resolutions, and emphasised the importance of accurate precipitation data for 

meteorological services and disaster prevention in complex terrains, such as the eastern 

Tibetan Plateau. A multi-satellite product assessment highlights individual strengths and 

weaknesses, enabling optimal data integration (Levizzani et al., 2020). Precipitation data 

across different time scales cater to applications like daily weather and flood warnings, 

and long-term climate studies. These studies illustrate the diverse evaluations of SPD 

worldwide, showing varying accuracies and strengths of different products across 

different regions and temporal scales, each presenting both potential and challenges in 

their application. 

Here, four SPD namely CMORPH, PERSIANN-CDR, GPM-EARLY and GPM-

LATE were collected along the STR from 2015 to 2022. By employing both quantitative 

and categorical assessment metrics, comparing the performance of SPD across various 

time scales, and analyzing differences of spatial distribution characteristics. The 

effectiveness of the four SPD in detecting and monitoring high-risk precipitation events 

is further verified using extreme precipitation indices. While the low spatial resolution of 

the satellite precipitation data used in this study may not be optimal for precisely tracking 

the railway path itself. This limitation stems from the general focus on broader regional 

precipitation patterns rather than specific point-based measurements along the railway 

line. Nonetheless, the data is valuable for understanding large-scale weather trends and 
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supporting risk assessments in the broader context of infrastructure planning. Although 

the low resolution of the data might not capture every localized feature of the railway 

path, the data provides crucial insights at the regional scale, which is highly relevant for 

infrastructure projects that involve large areas or extensive planning, such as flood risk 

management and climate impact assessments. This study primarily aims to offer a 

regional perspective of precipitation patterns and their extreme events, which can be 

adapted for broader risk assessments in various infrastructure projects beyond the railway 

itself. Future studies could explore the integration of multi-resolution datasets, including 

higher-resolution satellite data and ground-based measurements, to enhance the 

applicability of the results for specific infrastructure projects. 

Materials and methods 

Methods 

This study evaluates SPD pericision using quantitative, categorical indices, and 

extreme precipitation indices. Quantitative indices assess overall satellite data accuracy 

for reliability (Lv and Qi, 2022), while categorical indices confirm the alignment of 

satellite and ground station precipitation events (Liu et al., 2019). Nearest-neighbor 

interpolation aligns satellite data with ground station locations. The (inverse distance 

weighting: IDW) method (Hu et al., 2014) maps the spatial distribution of these indices. 

Additionally, extreme precipitation indices, which characterize short-duration extreme 

precipitation and continuous heavy rainfall events, are commonly used to assess the 

likelihood of regional extreme precipitation occurrences. 

Here, five quantitative indicators (Root Mean Square Error: RMSE, Mean Absolute 

Error: MAE, Nash-Sutcliffe Efficiency Coefficient: NSE, Correlation Coefficient: CC) 

and Bias were selected. The specific calculation methods are as follows, of which xi is 

the i day satellite data. yi is the precipitation of the meteorological station on the i day, n 

is the total number of samples: 

(1) RMSE epresent the standard deviation of the difference between the satellite and 

the site, and the value is [0, + ∞). Close to 0 indicates that the errorlessness of the satellite 

is better. 

 

 𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑥𝑖

𝑛
𝑖=1 − 𝑦𝑖)2 (Eq.1) 

 

(2) MAE present the mean absolute error between the satellite and the station is [0, + 

∞), and close to 0 indicates that the errorlessness of the satellite is better. 

 

 𝑀𝐴𝐸 =
1

𝑛
∑ |𝑥𝑖

𝑛
𝑖=1 − 𝑦𝑖| (Eq.2) 

 

(3) NSE the value is (- ∞, 1], close to 1 indicating that the satellite data quality is good, 

close to 0, it indicates that the data quality is close to the average level of the observed 

value, that is, the overall result is credible; if  is far less than 0, then the data is not credible. 

 

 𝑁𝑆𝐸 = 1 −
∑ (𝑥𝑖

𝑛
𝑖=1 −𝑦𝑖)2

∑ (𝑛
𝑖=1 𝑦𝑖−𝑦)2  (Eq.3) 
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(4) CC reflects the degree of linear correlation between the satellite and the site, and 

the value range is [-1,1]. The closer the absolute value is to 1, the better the correlation 

is. 

 

 𝐶𝐶 =
∑ (𝑥𝑖

𝑛
𝑖=1 −𝑥)(𝑦𝑖−𝑦)

√∑ (𝑥𝑖
𝑛
𝑖=1 −𝑥) ∑ (𝑦𝑖−𝑦)𝑛

𝑖=1

 (Eq.4) 

 

(5) Bias represents the deviation between the satellite and the station, the value range 

is (∞, + ∞). BIAS is positive, indicating that the satellite data overestimates the 

precipitation, and vice versa. 

 

 𝐵𝑖𝑎𝑠 =
∑ (𝑥𝑖

𝑛
𝑖=1 −𝑦𝑖)

∑ 𝑦𝑖
𝑛
𝑖=1

 (Eq.5) 

 

This paper employs four categorical metrics (Probability of Detection: POD, False 

Alarm Rate: FAR, Critical Success Index: CSI, and Brier Skill Score: BSS) (Javanshiri 

et al., 2021) to assess the satellite's capabilities to capture precipitation events. These 

metrics are derived from the contingency table of precipitation events (Table 1), which 

corresponds to the consistent detection of precipitation between satellites and ground 

stations. The extreme precipitation index used in this paper is (Maximum 1-day 

precipitation: RX1DAY) and (Maximum consecutive 5-day precipitation: RX5DAY). 

 
Table 1. Tables of surface precipitation events and SPD-captured precipitation events 

 
Ground Stations 

Occurs not 

SPD 
Occurs hit false 

not miss 0 

 

 

(6) POD represents the proportion of precipitation events correctly identified by the 

satellite out of the total number of precipitation events, ranging from 0 to 1, with an 

optimal value of 1. 

 

 𝑃𝑂𝐷 =
ℎ𝑖𝑡

ℎ𝑖𝑡+𝑚𝑖𝑠𝑠
 (Eq.6) 

 

(7) FAR denotes the proportion of non-precipitation events incorrectly classified as 

precipitation events by the satellite out of the total number of events detected as 

precipitation, also ranging from 0 to 1, with an optimal value of 0. 

 

 𝐹𝐴𝑅 =
𝑓𝑎𝑙𝑠𝑒

𝑓𝑎𝑙𝑠𝑒+ℎ𝑖𝑡
  (Eq.7) 

 

(8) CSI takes into account both hit and false alarm rates, reflecting the satellite's ability 

to accurately monitor actual precipitation events, with a range of 0 to 1, and an optimal 

value of 1. 

 

 𝐶𝑆𝐼 =
ℎ𝑖𝑡

ℎ𝑖𝑡_𝑚𝑖𝑠𝑠_𝑓𝑎𝑙𝑠𝑒
 (Eq.8) 
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(9) BSS assigns a value of 1 for the occurrence of an event and 0 for its absence. It 

integrates reliability, discrimination, and uncertainty, with a range of 0 to 1, and an 

optimal value of 1. 

 

 𝐵𝑆𝑆 =
1

𝑛
∑ (𝑥𝑖 − 𝑦𝑖)

2𝑛
𝑖=1  (Eq.9) 

 

(10) RX1DAY, RRij be the daily precipitation amount on day i in period j. 

 

 𝑅𝑋1𝐷𝐴𝑌 = max (𝑅𝑅𝑖𝑗) (Eq.10) 

 

(11) RX5DAY, RRkj be the precipitation amount for the 5-day interval ending k, period 

j. 

 

 𝑅𝑋5𝐷𝐴𝑌 = max (𝑅𝑅𝑘𝑗) (Eq.11) 

 

(12) The Inverse Distance Weighting (IDW) interpolation method is a widely used 

spatial interpolation technique. It assumes that the similarity of attribute values between 

any two points decreases as the distance increases. Based on this assumption, the 

interpolated value at a given point is calculated as the weighted average of surrounding 

known points, where the weights are inversely proportional to the distance. This method 

heavily relies on the spatial distribution of stations. When the distribution of stations in 

the study area is uneven, significant interpolation bias often occurs in areas far from 

stations (Wijemannage et al., 2018). 

Data selection and data processing 

The daily precipitation data from 64 ground stations (45 regional automatic stations,19 

national stations) during 2015-2022 were collected from the Sichuan Meteorological 

Bureau. Daily data were aggregated into annual and monthly averages, excluding months 

with more than five missing days. There were too many data gaps during 2020-2022 from 

regional meteorological station, the analysis period is divided into two periods: 2015-

2019 (including 64 stations) and 2015-2022 (including 19 national stations). Detailed 

information on SPD is shown in Table 2. 

 
Table 2. Information of four kinds of SPD 

SPD Institutions 
Spatial 

resolution 

Time 

resolution 
Download address 

CMORPH NOAA 0.25° 30min https://www.ncei.noaa.gov/data/ 

PERSIANN－CDR UCI 0.25° 1hour https://chrsdata.eng.uci.edu/ 

GPM-EARLY NASA,JAXA 0.1° 30min https://search.earthdata.nasa.gov/search 

GPM-LATE NASA,JAXA 0.1° 30min https://search.earthdata.nasa.gov/search 

 

 

Study area 

In China, STR spanning 27-33°N and 90-103°E (Fig. 1), linked Sichuan up with Tibet. 

Total length was about 1838 kilometers, crossing 14 major rivers and 21 peaks over 

4000 m. The highest point was at 4400 m, with a total elevation change exceeding 

3000 m. It cut through some ecological and sensitive zones of the Qinghai-Tibet Plateau, 

https://www.ncei.noaa.gov/data/
https://search.earthdata.nasa.gov/search
https://search.earthdata.nasa.gov/search
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such as mountains, high-altitude plateaus, deserts, and areas with frequent severe weather. 

Characterized by high altitude and variable precipitation, the region poses significant 

challenges for railway planning and construction. This study aims to identify areas with 

high precipitation risk by evaluating extreme precipitation indices, which provide 

important guidance for determining potential risk zones based on rainfall intensity. As 

climate change intensifies, the frequency and intensity of extreme weather events 

continue to rise, making extreme precipitation indices a key first step in comprehensive 

risk assessment. However, it is important to note that extreme precipitation indices are 

just one of many factors affecting the vulnerability and disaster risk in the region. In 

addition to precipitation, factors such as topography, soil cover, land use, and soil 

conditions also play a critical role in determining the intensity of regional risk. These 

factors, acting together, influence the likelihood of localized disasters such as flooding, 

landslides, and soil erosion in the area. Therefore, this study only points out the 

significance of precipitation in one of the steps of risk assessment. 

 

Figure 1. The locations of STR and meteorological stations 

 

 

Results 

Quantitative index evaluation at different time scales 

The quantitative metrics show a consistent trend with increasing time (Fig. 2), with 

the first stage being overall better than the second. The overall optimization of the GPM, 

with its small RMSE (Eq.1), MAE (Eq.2), and NSE (Eq.3), suggests a strong stability in 

terms of accuracy and reproducibility of precipitation estimation, with Bias (Eq.5) 

showing a negative bias (underestimation), while CMORPH and PERSIANN-CDR show 

positive bias (overestimation). The longer the accumulation period, the greater the 

difference in error at different time scales. On the daily scale, the bias in 10-day 

precipitation accumulation becomes more obvious for CMORPH and PERSIANN-CDR. 

The magnitude of the indicator can reach 60 for monthly scales and more than 400 for 

annual scales. 

The analysis in Table 3 shows that the CC (Eq.4) are higher for shorter time scales 

(1 day, 3 days, 10 days, and months), indicating that SPD perform better in capturing 

short-term events. In particular, the performance of PERSIANN-CDR is particularly good 

on the monthly scale. The performance is weaker on the annual scale, with lower CC 

values for all SPDs. CMORPH performs well on all time scales, with the best 

performance on the monthly scale but the weakest performance on the annual scale. 
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PERSIANN-CDR performs similarly. GPM-EARLY and GPM-LATE perform 

consistently on shorter time scales, with LATE generally outperforming EARLY, the 

most important of which is GPM-EARLY and GPM-LATE. where GPM-EARLY is the 

lowest of all products over the 2015-2022-time scale. In summary, CMORPH and 

PERSIANN-CDR are more reliable in short- and medium-term precipitation estimation, 

while GPM is valid in the short- and medium-term, but performs weakly on annual scales. 

 

Figure 2. Distribution of RMSE, MAE, Bias and NSE at day,3-day,10-day, month and year 

scales:(a-e) 2015-2019, (f-j) 2015-2022 

 

 
Table 3. The absolute value distribution of CC at different time scales 

SPD 
Day 

(20152019) 

Day 

(2015-

2022) 

3-Day 

(2015-

2019) 

3-Day 

(2015-

2022) 

10-Day 

(2015-

2019) 

10-Day 

(2015-

2022) 

Month 

(2015-

2019) 

Month 

(2015-

2022) 

Year 

(2015-

2019) 

Year 

(2015-

2022) 

CMORPH 0.61 0.63 0.69 0.71 0.74 0.77 0.84 0.86 0.63 0.48 

PERSIANN-

CDR 
0.51 0.52 0.60 0.59 0.67 0.69 0.87 0.9 0.63 0.47 

GPM-EARLY 0.61 0.59 0.69 0.68 0.74 0.79 0.85 0.85 0.65 0.41 

GPM-LATE 0.62 0.58 0.70 0.66 0.76 0.80 0.85 0.86 0.68 0.50 

 

 

Quantitative index evaluation on monthly scale 

The monthly index assessments comprehensively evaluate SPD capability to detect 

and record the nuances of monthly precipitation fluctuations. These assessments are 

particularly sensitive to the influence of seasonal precipitation patterns and overarching 

climatic conditions, as referenced in the literature (Shepherd et al., 2014). We can glean 

profound insights by meticulously examining the repercussions of these monthly 

precipitation anomalies on the performance of SPD inversion techniques. Such an 

analysis is pivotal for the rigorous validation and precise calibration of the algorithms at 

a monthly resolution, thereby ensuring the enhancement and refinement of the quality of 

satellite-derived precipitation data. The GPM-LATE dataset shows the lowest monthly 

differences from observed data, following CMORPH (Fig. 3). GPM's advantage comes 

from integrating data from multiple satellites, including the (GPM Core Observatory's: 

GPMCO) dual-frequency radar, which detects minimal echo intensities Ku-band and 

employs high-sensitivity interleave sampling Ka-band. The microwave radiometer on 

GPMCO also bolsters the detection of light and solid precipitation (Tang, 2021). The 
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LATE version data, further processed from the EARLY version, enhances exactness and 

reliability (Zhou et al., 2020). All metrics show that errors became larger in the months 

with more precipitation, especially in the summer. Notably, PERSIANN-CDR and 

CMORPH errors peak in July, coinciding with the observed maximum monthly 

precipitation along the railway (data not shown). GPM datasets exhibit a more stable 

inversion performance during months with significant rainfall, with less pronounced error 

range increases. Conversely, spring and autumn show an opposite trend, while the winter 

months, with less precipitation, maintain more consistent performance. Bias (Eq.5) 

analysis indicates that GPM datasets consistently underestimate precipitation from March 

to October, with the greatest underestimation in September. In contrast, the other data 

generally overestimate precipitation, with the highest overestimation in July, highlighting 

the need to reduce CMORPH and PERSIANN-CDR's seasonal sensitivity. A comparison 

of the two periods reveal slightly smaller errors in the second, with minimal differences 

noted. SPD inversion effectively captures precipitation information along the entire 

railway corridor. 

 

Figure 3. RMSE, MAE, BIAS monthly distribution: (a) 2015-2019, (b)2015-2022 

 

 

The CC monthly distribution (Fig. 4) shows higher correlations in wetter months, 

peaking around 0.8 in August and then declining in September. CC remains relatively 

consistent for spring, autumn, and winter, ranging from 0.4 to 0.6. CMORPH maintains 

a stable performance in the first phase, with CC above 0.5, but experiences a significant 

decrease in the second phase, especially from November to May (CC as low as 0.16 in 

November). PERSIANN-CDR features are similar to CMORPH, but it shows a high 

correlation in April and its stability needs to be improved further. GPM data exhibits little 

monthly variations, though correlations dip in the second period. With a less sample size, 

individual station variability notably affects overall results, indicating that poor inversion 

at certain sites can lower overall CC. 

Evaluation of daily scale classification index 

Categorical evaluation indices are essential for identifying uncertainties in satellite 

precipitation data (SPD) and for distinguishing correct forecasts from false and missed 

events. As the time scale increases, the POD (Eq. 6) increases significantly, ranging from 

0.74 to 0.99, and the FAR (Eq. 7) decreases significantly, ranging from 0.16 to 0.58. In 

particular, the PERSIANN-CDR, which shows a strong ability to capture most of the 
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precipitation events along the railroad line, with POD values ranging from 0.85 to 0.91, 

utilizes the Geostationary Orbit infrared imagery from GEO satellites to infer 

precipitation based on cloud top temperatures, which can lead to a large number of false 

alarms, as evidenced by the FAR (Eq. 7), which ranges from 0.25 to 0.58. The GPM has 

the lowest false alarm rate, where EARLY has a slightly lower false alarm rate than 

LATE. 

 

Figure 4. Monthly correlation coefficient absolute value distribution: (a) 2015-2019, (b)2015-

2022 

 

 

For CSI (Eq. 8) and BSS (Eq. 9), we observe different trends on different time scales. 

BSS takes into account both false alarms and missed events and provides an overall 

assessment of precipitation forecasting skill. Despite occasional false alarms, GPM 

typically has fewer false alarms, especially at the 3- and 10-day scales. CMORPH 

consistently performs at an intermediate level in capturing precipitation events, and BSS 

also performs at an intermediate level, but lags behind GPM in terms of overall skill. 

Overall, GPM demonstrates superior skill in both capturing precipitation events and 

reducing errors at both the 3- and 10-day scales. This makes it the most reliable satellite 

product for short- and medium-term precipitation forecasting, despite occasional false 

alarms (Figure 5). 

 

Figure 5. The evaluation indexes of POD, CSI, FAR and BSS at the day,3-day,10-day scale: (a-

c) 2015-2019, (d-f) 2015-2022 
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The occurrence of geological disasters is closely related to accumulated precipitation 

(Lin et al., 2021). In this study, we evaluate categorical indices for five precipitation 

intensity thresholds: light rain (0.1-4.9 mm), moderate rain (5-9.9 mm), heavy rain (10-

14.9 mm), very heavy rain (15-24.9 mm), and extreme precipitation (>25 mm). Results 

from both periods show consistent patterns (Fig. 6), with POD (Eq. 6) decreasing sharply 

as precipitation increases. The POD values for light rain range from 0.3 to 0.63, indicating 

that the satellites are more effective at detecting precipitation in this threshold. For 

moderate rain, the POD values range from 0.2 to 0.37, and for heavy rain, the POD is 

approximately 0.2, reflecting the limited ability of satellites to capture intense 

precipitation events. This limitation may be due to the infrequency of heavy rainfall along 

the Sichuan-Tibet Railway and the unique development of convective clouds in plateau 

areas (Chen et al., 2017). For precipitation greater than 15 mm, the POD gradually 

increases, with similar patterns observed at the 3-day and 10-day scales. Notably, at the 

10-day scale, satellite performance improves due to the cumulative nature of the 

precipitation event. FAR, CSI, and BSS (Eq. 7, Eq. 8, and Eq. 9) also show that false 

alarms and missed events increase with higher precipitation intensities. FAR peaks in the 

heavy rainfall range, while CSI slightly improves for levels above moderate rain, and BSS 

shows slight improvements in detecting heavy rain as time progresses. For precipitation 

above 25 mm, the threshold divisions play a role in these metrics, with wider intervals 

generally reducing false and missed event rates. 

 

Figure 6. Categorical metrics (POD, CSI, FAR, BSS) assessed for different precipitation 

thresholds at daily scales: day (a-d) 2015-2022, (e-h) 2015-2022. 3-day (i-l) 2015-2019, (m-p) 

2015-2022. 10-day (q-t): 2015-2022. 2019, (u-x): 2015-2022 

 

 

Evaluation results for categorical indices confirm that CMORPH and PERSIANN-

CDR achieve higher hit rates, although PERSIANN-CDR exhibits a higher false alarm 

rate, particularly in the moderate and heavy rainfall categories. On the other hand, GPM 

excels in detecting light to moderate precipitation, demonstrating superior overall skill in 
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these categories. For heavy rainfall, CMORPH performs slightly better, which could be 

attributed to its method of generating motion vectors from multi-satellite infrared (IR) 

data. This method combines the use of the Special Sensor Microwave/Imager (SSM/I), 

Advanced Microwave Sounding Unit - B (AMSU-B), and TRMM Microwave Imager 

(TMI) algorithms, which provide continuous spatial distribution of precipitation and 

enhance the detection of intense precipitation events (Xie et al., 2017). 

The spatial distribution of the two types of indicators on daily scale 

Spatial distribution of quantitative indicators at daily scale 

Evaluation indices' spatial distribution exposes variations, pinpoints value hotspots 

and trends, potentially linked to topography, signal interpretation, or station distribution. 

Recognizing these patterns is key for preemptive risk strategies and resource planning 

along railway lines. Due to the decreased station count to 19 in the second period, 

affecting interpolation reliability, this analysis only addresses the spatial characteristics 

in the first period (2015-2019). 

The daily spatial analysis (Fig. 7) shows western regions outperform eastern ones in 

RMSE, but along the Basu-Linzhi section, MAE and RMSE trends diverge, emphasizing 

the need for a multi-faceted error analysis due to satellite retrieval discrepancies. The data 

quality along the southern part of the railway is superior to that of the northern part, where 

a significant high-value area is observed. None of the four types of SPD have been able 

to accurately infer the precipitation conditions in the northern part of the railway. Bias 

analysis indicates a consistent underestimation in the Basu-Linzhi section and 

overestimation elsewhere, except for PERSIANN-CDR, which has a greater tendency to 

underestimate. The CMORPH data shows a smaller Bias in the central region, which 

suggests either error cancellation or low inherent errors, making it the best performer 

there. In correspondence with the distribution of MAE and RMSE, CMORPH also 

indicates that the central area has lower values, from which it can be concluded that 

CMORPH performs the best in inferring the central region, followed by GPM. High 

correlations are seen between Chengdu-Litang and Linzhi-Lasa, while a weak correlation 

is observed between Baiyu-Bomi. GPM-LATE maintains the closest match to actual 

conditions. 

 

Figure 7. Spatial distribution of quantitative indicators (a-d) RMSE, (e-f) MAE, (i-l) CC, (m-p) 

BIAS 
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Spatial distribution of classification index on daily scale 

Analyzing categorical indicators (Fig. 8), CMORPH shows better performance in the 

Chengdu-Kangding segment, while the other three products perform worse in the Basu-

Linzhi segment, though with lower FAR. High FAR values are mainly concentrated in 

the eastern region, where performance is generally better. Thus, all datasets should be 

considered for optimal railway precipitation event prediction. Using CSI and BSS to 

assess reliability, detail, and uncertainty, results are consistent. CSI reveals lower scores 

for CMORPH and PERSIANN in the central to southern areas, with GPM outperforming 

with greater consistency. BSS indicates poorer scores for the middle to later railway 

sections (Gongbujiangda-Bomi), which improve later on. 

 

Figure 8. Spatial distribution of classification indices (a-d) POD, (e-f) FAR, (i-l) CSI, (m-p) 

BSS 

 

 

Summarily, SPD quality excels in the east and south. Observed retrieval errors on 

specific sections may be linked to station distribution and terrain altitude, suggesting a 

need for improved data collection in under-monitored highland regions. GPM shows 

consistent performance with minimal error variation across stations and effective 

precipitation capture. 

Application of extreme precipitation index 

Extreme precipitation indices reflect the intensity of precipitation events over short 

periods and reveal the cumulative effects of precipitation in the short term, which is 

particularly significant for assessing flood risk. Analyzing these indices allows us to 

understand the risks and challenges faced by different sections of the STR in dealing with 

extreme precipitation events. From the spatial distribution of RX1DAY (Eq.10) in Fig. 9, 

it can be observed that the actual values predominantly range between 40-80 mm, with a 

high-value area (>200 mm) in the northern region. Both PERSIANN and CMORPH show 

magnitudes similar to the actual observations, with similar distribution characteristics; 

however, they fail to capture the extreme precipitation in the northern part of the railway. 

CMORPH, in particular, captures extreme precipitation exceeding 100 mm in the western 

section of the STR. The two GPM products exhibit similar characteristics, with LATE 
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showing slightly higher magnitudes and a broader extent than EARLY. However, both 

differ significantly from the actual observations, with exaggerated magnitudes and larger 

spatial extents. 

 

Figure 9. RX1DAY spatial distribution: (a) Ground stations, (b) CMORPH, (c) PERSIANN-

CDR, (d) GPM-EARLY, (e) GPM-LATE 

 

 

Analyzing the spatial distribution of RX5DAY (Eq.11) in Fig. 10, the ground station 

results indicate values concentrated between 100-160mm, with a high-value area in the 

northeastern part of the STR, similar to RX1DAY. CMORPH accurately captures the 

magnitude of this index but overestimates the values in the western section of the STR 

and fails to correctly capture the high-value area in the north. PERSIANN-CDR 

overestimates the magnitudes along the central and southern parts, while both GPM 

products still show stronger results in the western section, with values exceeding 300 mm. 

 

Figure 10. As the same as Fig. 9, but for the RX5DAY 

 

 

After qualitatively analyzing the spatial distribution differences of extreme 

precipitation indices, we now quantitatively assess the BIAS between SPD and ground 

station extreme precipitation indices. As shown in Fig. 11, all four SPD tend to 

overestimate the extreme indices, with greater errors in RX1DAY compared to 

RX5DAY. Figs. 11(a-d) indicate that CMORPH is generally reliable, with most 



Meng et al.: Accuracy evaluation of multi-source satellite precipitation data along the Sichuan-Tibet railway in China 

- 4000 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 23(3):3987-4005. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN 1785 0037 (Online) 
DOI: http://dx.doi.org/10.15666/aeer/2303_39874005 

© 2025, ALÖKI Kft., Budapest, Hungary 

overestimations between 10% and 50%, but with deviations exceeding 100% in the 

western section of the STR. PERSIANN-CDR results are mostly within 40%, with 

underestimations primarily in the northern section. GPM performs the worst, with overall 

overestimations exceeding 70%, particularly in the central section, where BIAS surpasses 

100%. The BIAS distribution for RX5DAY in Fig. 11(e-h) is similar to RX1DAY, with 

CMORPH showing the smallest errors, mostly within 30%, while the other three products 

exhibit errors exceeding 30%, and in the central section, all exceed 70%. 

 

Figure 11. Spatial distribution of BIAS(%), (a-d) for RX1DAY, (e-h) for RX5DAY 

 

 

Summarizing, CMORPH shows lower errors and more precise precipitation 

simulation along the railway, while GPM overestimates extreme precipitation, exceeding 

100% error, cautioning its use in research. PERSIANN-CDR reasonably estimates 

precipitation but has area discrepancies. The datasets' inability to accurately capture 

railway precipitation stems from challenging terrain along the STR and IDW's limitations. 

Terrain interference affects satellite signal accuracy, especially in valleys and ridges, 

where precipitation may be under-detected. Additionally, weather discontinuity and 

sparse stations lead to inadequate sampling of variability, potentially smoothing out IDW 

interpolations and yielding inaccuracies. Each dataset has unique advantages and 

disadvantages for railway applications, requiring satellite leverage in data-sparse regions 

with awareness of station coverage limitations. 

The conclusions of interpolation by both IDW are consistent with the findings of 

Baudena et al. (2021) which states that dense station distribution can significantly reduce 

interpolation errors. However, compared to studies conducted in the eastern margin of the 

Tibetan Plateau (Xiong et al., 2019), this method tends to overestimate values in high-

altitude regions, which may be related to complex terrain, sparse meteorological stations, 

and the small-scale characteristics of extreme precipitation events. Interpolation of 

extreme precipitation events often exhibits strong local characteristics because the ability 

to "spread" the extreme values of a single station is limited, potentially underestimating 

or overestimating extreme precipitation in surrounding areas (Camera et al., 2014). This 

is particularly evident in scenarios where rainfall centers are unevenly distributed or 

exhibit sudden localized characteristics, as the method lacks the capability to accurately 

capture the dynamic processes of mesoscale convective systems. 
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Discussion 

Different satellites invert different algorithms, and improving the algorithms based on 

the assessment results is the key to improving the accuracy of satellite precipitation 

products. The GPM product generally outperforms other satellite datasets, utilizing a 

satellite combination equipped with the Microwave Imager (GMI) and Dual-Frequency 

Precipitation Radar (DPR), which allows direct detection of water vapor and precipitation 

particles within clouds (Hou et al., 2014). Furthermore, the high spatial resolution of 

microwave sensors gives GPM a distinct advantage in spatial localization (Mahmoud et 

al., 2019). The PERSIANN-CDR, on the other hand, shows significant overestimation, 

as it relies on a cloud classification system and estimates precipitation using infrared 

remote sensing data processed by a neural network algorithm. The infrared sensor's 

sensitivity to cloud-top temperature often leads to misclassifications in complex weather 

systems, especially when deep convective clouds and stratiform clouds are mixed, 

resulting in cold cloud tops being mistakenly identified as areas of heavy precipitation 

(Hong et al., 2004). CMORPH estimates precipitation using ground station data and 

satellite infrared observations, applying spatiotemporal interpolation techniques (Habib 

et al., 2012). It demonstrates good spatiotemporal consistency, especially performing well 

in the estimation of extreme precipitation. 

However, precipitation estimation is not only affected by satellite algorithms and 

observational accuracy, but also by factors such as topography, soil cover, land use, and 

soil conditions. Specifically, topography plays a critical role in influencing precipitation 

along railways, especially in mountainous areas, where terrain undulations can alter 

precipitation flow and accumulation characteristics. In mountainous and hilly regions, 

precipitation tends to accumulate through rivers, potentially forming mountain floods or 

debris flows, thereby increasing the risk of damage to railway infrastructure (Bryndal et 

al., 2017). Soil cover type is also an important factor affecting soil erosion and runoff 

during precipitation. Good vegetation cover effectively reduces soil erosion and surface 

runoff, while areas with loose soil or poor vegetation cover are more prone to flooding 

and landslides during heavy rainfall, increasing the risk to railway infrastructure (Junger 

et al., 2022). Changes in land use, such as urbanization and agricultural development, 

often lead to surface hardening and poor drainage, which can exacerbate the speed of 

flooding, particularly in low-lying areas along railways. These changes significantly 

increase the risk of flooding along railways (Te Wierik et al., 2021; Baudena et al., 2021). 

Additionally, soil physical properties, such as water-holding capacity, permeability, and 

expansiveness, play an important role in railway stability during extreme precipitation 

events. In particular, in areas with clay and expansive soils, excessive rainfall can lead to 

soil swelling or slippage, damaging railway infrastructure (Bordoni et al., 2015; Rasigraf 

and Wagner, 2022). These factors often interact, creating complex disaster risks. 

Therefore, in railway planning and construction, it is essential to comprehensively 

consider the impacts of these factors and adopt effective risk prevention and response 

measures (Varra et al., 2024). 

Conclusions 

To determine SPD performance along STR, conduct comparisons with the rain gauge 

observations at multiple timescales (yearly, monthly, daily, 3-daily, 10-daily). In addition, 

relating to SPD performance are examined in this study. The main conclusions are as 

follows. 
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SPD can capture the spatiotemporal characteristics of multi-time scale precipitation of 

STR to some extent, which can be used to monitor multi-time scale precipitation and 

extreme precipitation events along the STR, providing meteorological services for the 

region. Among the three satellites, GPM performs better at multi-time scales along the 

STR, showing precipitation underestimation, whereas the other two satellites tend to 

overestimate. At monthly scales, GPM's retrieval performance is more stable, while 

PERSIANN-CDR and CMORPH show significant seasonal variability in retrieval. As 

precipitation intensity increases, satellite retrieval capabilities deteriorate rapidly. 

PERSIANN-CDR exhibits a high hit rate but also high false alarms for station 

precipitation. Data quality is better in the eastern than the western part along the STR, 

and in the southern than the northern part, with GPM showing smaller errors across 

metrics. CMORPH performs well in capturing extreme precipitation, followed by 

PERSIANN. The limitations of the evaluation system include the influence of station data 

distribution on assessment results. Future efforts should focus on strengthening the 

monitoring of actual precipitation data for more accurate comparisons. Additionally, the 

highly discontinuous nature of weather systems poses a significant challenge for satellite 

monitoring of rapidly changing precipitation events within relatively small geographic 

areas. Future improvements may involve reducing resolution and employing additional 

metrics to further evaluate SPD product disparities. 
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