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A ten-year (2012–2021) fine-
resolution (1 km, hourly) 
precipitation dataset over 
southeastern Tibetan Plateau
Dayang Li  1,2,3, Ye Shen1,3, Xianyi Ye1,3, Xiaohua Fu1,3,4, Yang Yang5, Tinghai Ou6, 
Deliang Chen  7, Fuqiang tian8 & Long Yang  1,3 ✉

Intense sub-daily precipitation on the Tibetan Plateau (TP) can trigger a cascade of natural hazards 
(flash floods, debris flows, etc.), causing significant environmental impacts. Current precipitation 
products for the TP often lack sufficient spatial or temporal resolution, hindering accurate 
characterization and mitigation of precipitation-related hazards. Here, we carry out 10-year 
(2012–2021, June to September) convection-permitting model simulations based on the Weather 
Research and Forecasting (WRF) model over the TP. We adopt four one-way nested domains, with the 
innermost domain providing a 1-km, hourly resolution over the southeastern TP. Model performance 
is enhanced using a spectral nudging scheme. Our simulated precipitation data are compared against 
in-situ rain gauge observations and state-of-the-art gridded precipitation products (i.e., HAR v2,  
ERA5-Land, and IMERG) over the  southeastern TP. Our precipitation dataset demonstrates 
superior accuracy in mean absolute error, root mean square error, and bias, compared to the other 
three products. It effectively captures the key feature of the diurnal precipitation cycle and the 
non-monotonic dependence of precipitation on complex topography over the southeastern TP.

Background & Summary
The Tibetan Plateau (TP) is often known as the “Asian Water Tower”. It is the source of ten major rivers such as 
Yangtze, Yellow, Yarlung Zangbo (Brahmaputra), Salween, and Mekong (Lancang) that sustain nearly two bil-
lion people over the Asian continent1–5. TP is highly vulnerable to precipitation -related hazards that frequently 
lead to notable damages to property, infrastructure, and agriculture, as well as losses of human lives6,7. Intense 
rain storms on sub-daily timescales are crucial triggers of natural hazards, e.g., flash floods, debris flows, etc.8. 
Obtaining high-resolution precipitation data in both space and time is crucial to mitigate these hazards, but it 
remains challenging over the TP.

Precipitation characterization over the TP is commonly based on in-situ gauge observations, satellite retriev-
als, and reanalysis of climate model outputs9. However, inherent limitations and uncertainties exist in these 
products. For instance, the density of rain gauge networks is significantly below the minimum recommended by 
the World Meteorological Organization, especially in the western TP where the density is less than one-fiftieth 
of the recommended level3. In addition, observations from rain gauges (e.g., siphon, tipping-bucket gauges) may 
be underestimated, influenced by evaporation, splashing, side wetting, and particularly wind3. State-of-the-art 
satellite precipitation retrievals, such as Global Precipitation Measurements (GPM) Integrated Multi-satellitE 
Retrievals for the Global Precipitation Measurement (IMERG), can provide full coverage over the entire TP. 
However, previous studies identify notable biases on a daily scale over the TP10–13. Reanalysis-based prod-
uct, such as the fifth-generation ECMWF atmospheric reanalysis (ERA5), offers consistent and continuous 
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alternatives. However, the reanalysis products overestimate precipitation amounts exceeding 1 mm/d due to 
coarse spatial resolution in climate models and their inherent uncertainties of parametrization schemes in rep-
resenting precipitation processes14. Merging multiple datasets demonstrates an effective endeavor to obtain reli-
able precipitation estimates10,15–17. For instance, Li et al.18 merged three satellite precipitation products with a 
dense network of rain gauge observations based on dynamic Bayesian model averaging. The merged product 
enhances the accuracy of precipitation accumulation and detection of gauged precipitation events. However, the 
spatial and temporal resolutions of the existing precipitation products are no less than 0.1° and daily. There are 
scarce exceptions that the spatial resolutions can be marginally higher based on relatively dense rain gauges7.

Due to the imperative need for high-resolution precipitation products, kilometer-scale simulations con-
ducted by convection-permitting models (CPMs, 1–4 km resolution), emerge as significant subjects of inter-
est over TP. Precipitation output based on CPMs is often known as dynamic downscaling19–23. This is mainly 
promoted by the Coordinated Regional Climate Downscaling Experiment (CORDEX) flagship pilot studies 
over the TP8,21,24. However, CPM simulations require substantial computational resources, often limiting the 

Reference Regional model Spatial Resolution Temporal Coverage Spatial Coverage

Collier et al.28, a ERA5-driven COSMO-CLM, ICON-
CLM, MPAS, WRF 2.2–4 km October 2019–September 2020 25°N–40°N, 70°E–115°E

Prein et al.56, b ERA5-driven MPAS,RegCM,COSMO-
CLM, ICON, WRF 2.2–4 km July 14–24, 2008; July 27–September 

1, 2014; October 1–9 2018 25°N–40°N,70°E–115°E

Ma et al.57 ERA5-driven WRF 3 km 2009–2018 (June–August) 22°N–43°N, 73°E–104°E

Liu et al.58 ERA5-driven WRF 4 km April–September 2017 23°N–44°N, 70°E–108°E

Ma et al.59 ERA5-driven WRF 3 km 2016–2018 (June–August) 22°N–43°N, 73°E–104°E

Sugimoto et al.60 ERA5-driven WRF 2 km 2003–2010 (June–September) 28°N–29°N, 86°E–87°E

Cai et al.61 GFS-driven WRF 4 km 2013–2018 (June–August) 29°N–34°N, 96°E–102°E

Zhou et al.35 ERA5-driven WRF 0.033° (~4 km) June–September 2013 25°N–40°N, 70°E–110°E

Gao et al.25, Zhao et al.26 ERA-Interim driven WRF 4 km October 2013–May 2014 26°N–40°N, 75°E–105°E

Li et al.62 GA6.1-driven MetUM 4 km April–September 2009 17°N–44°N, 70°E–139°E

Lin et al.63 ERA-Interim driven WRF 2 km June–August 2015 26°N–28°N, 86°E–90°E

Collier & Immerzeel29 ERA-Interim driven WRF-CMB 1 km 17 June 2012–16 June 2013 27°N–29°N, 84°E–86°E

Table 1. Summary of existing convection-permitting simulations over TP. aIt is an ensemble of thirteen 
kilometer-scale regional simulations conducted by 10 international research groups. bIt is an ensemble of seven 
kilometer-scale regional simulations, as shown in Table 1 of Prein et al.56.

Fig. 1 (a) Study area and the four one-way nested domains for the Weather Research and Forecasting model; 
(b) Elevation over domain 4 with 67 rain gauges, and (c) annual number of rain gauges from three different 
sources (i.e., CMA, MWR, TPDC) during 2012–2021.
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simulation period in many studies to less than one year. For instance, Gao et al.25 conducted model simulations 
using the Weather Research and Forecasting (WRF) model with a 4 km horizontal grid spacing for the period 
October 2013 to May 2014 over TP. They show added values, evidenced by lower bias and higher pattern cor-
relation from CPMs when compared against a 28-km WRF simulation and three merged gridded datasets. 
Zhou et al.26 conducted a high-resolution WRF simulation with a grid spacing of 0.033° (~4 km) from June to 
September 2013 over TP, with superior accuracy of simulated 10-m wind and precipitation compared to ERA5 
and the updated High Asia Refined regional reanalysis (HAR, version 2, hereafter HAR v2)27. Collier et al.28 
presented an ensemble of thirteen CPM simulations with a horizontal grid spacing ranging from 2.2 to 4 km, 
covering one hydrological year from October 2019 to September 2020 over TP.

However, existing CPM simulations over the TP mostly have resolutions exceeding 2 km and span a very 
short period (see Table 1 for a summary). The complex topography over the TP, with narrow valleys often less 
than 2 km wide, poses significant challenges for accurately capturing local features using existing CPMs’ model 
configurations29. A sufficient long span of precipitation product is critical for both hydroclimatological and 
hydrological analyses over the TP.

In this study, a 1 km-resolution Hourly pRecipitation dataset over the southeastern TP, termed HPTP-1 km, 
was generated using the WRF model. The dataset spans from 2012 to 2021 for the warm season (June to 
September). To our knowledge, this is the first time to generate a relatively long-term, fine-resolution sub-daily 
precipitation product over TP. We focus on southeastern TP as the domain of our pilot study mainly because 
it is the home to the world’s deepest and longest canyon30. The strong topographic relief makes the domain the 
targeted region for hydropower development. The southeastern TP region also experiences the most frequent 
convective activities during the warm season that act as agents for flash floods and debris flows31. This region is 
also recognized as one of the world’s biodiversity hotspots32. Better characterization of precipitation variabilities 
based on a high-resolution precipitation product is important for maintaining water security and sustainable 
development goals over the TP.

The entire WRF simulation approximately consumes a total of 780,000 CPU core hours. The benefits of 
convection-permitting simulations and the new precipitation product are highlighted by comparing them 
against a dense network of in-situ precipitation observations, and three state-of-the-art gridded precipitation 
products, including HAR v2 simulations, ERA5-Land reanalysis, and IMERG satellite retrievals.

Methods
Study area.  Our study area mainly covers the southeastern TP as shown in Fig. 1a and b. As we will introduce 
in section 2.3, the innermost WRF domain (D04) centers over downstream of Yarlung Zangbo River along the 
section of the Tsangpo Grand Canyon and Motuo County. The Tsangpo Grand Canyon functions as a pathway 
for water vapor transport, enabling the influx of Asian summer monsoons into the interior of TP30. The total area 
is approximately 0.11 million km2, including the Parlung Tsangpo River basin, one of the main tributaries for the 
Yarlung Zangbo River.

Precipitation observations.  In-situ rain gauge observations. We obtain in-situ rain gauge observa-
tions from three different sources, i.e., the China Meteorological Administration (CMA, https://data.cma.cn)18, 

Description Configuration

Timing

Simulation period 2012–2021 (June to September)

Time step 30 s (15 s)

Maps and grids

Map projection Lambert conformal

Horizontal grid spacing 27 km (149 × 149), 9 km (237 × 171), 3 km (231 × 198), and 1 km (417×228)

Vertical levels 38

Forcing strategy

Initial and boundary conditions ERA5 (0.25 degree, hourly)

Initialization Monthly

Runs duration a calendar month

Spin-up time 3 days before a calendar month

Physical parameterization schemes

Shortwave radiation Dudhia scheme

Longwave radiation Rapid Radiative Transfer Model (RRTM)

Cumulus parameterization Kain-Fritsch (new Eta) scheme

Microphysics WSM 3-class simple ice scheme

Land surface model Noah land-surface model

Planetary boundary layer YSU scheme

Nesting strategy One-way nesting

Nudging strategy Spectral nudging

Table 2. WRF model configuration.
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the Ministry of Water Resources of China (MWR, http://www.mwr.gov.cn), and the National Tibetan Plateau 
Data Center (TPDC, http://data.tpdc.ac.cn)30,33,34. The number of available rain gauges varies across the period 
(Fig. 1c). CMA provides a comprehensive precipitation dataset for China, covering the period from 1950 to 
the present. Most prior studies in the TP have relied on precipitation observations from CMA22,35, although 
the rain gauge networks are often considered coarse. In 2014, MWR constructed an extensive network of rain 
gauges to enhance the monitoring and alert systems for flash floods over TP18. Rain gauge data from MWR span-
ning six years (2014–2019) are obtained over TP. The TPDC provides precipitation observations from November 
2019 to December 2022. All in-situ rain gauge observations are recorded using the Local Standard Time (LST, 
UTC + 8 hours). The precipitation observations from CMA and MWR are on a daily scale. A day is defined as 
from 2000 LST to 2000 LST of the following day. The TPDC data is initially collected hourly and is aggregated to 
a daily scale.

Gridded precipitation products. We utilize three most popular gridded precipitation products over TP. They are 
HAR v2, ERA5-Land, and IMERG. HAR v2 is generated using the WRF model and is available at Technische 
Universität Berlin (https://www.tu.berlin/en/klima/research/ regional-climatology/high-asia/har)27. It is an 
update of the widely used High Asia Refined analysis. The HAR v2 precipitation product has a 10-km resolu-
tion, spanning from 1980 to 2023. The ERA5-Land is a global reanalysis dataset generated by re-running the 
land component of the ERA5 climate reanalysis. It has hourly precipitation data with a spatial resolution of 
0.1° and covers the period from 1950 till present. Both ERA5-Land and ERA5 are provided by the European 
Centre for Medium-Range Weather Forecasts (https://www.ecmwf.int). IMERG is derived from a combina-
tion of precipitation-focused satellite passive microwave sensors within the GPM constellation. We utilize the 
IMERG version 6 Final L3 Half Hourly precipitation product36 and extract the calibrated precipitation (precip-
itationCal). IMERG provides global half-hourly precipitation data at a resolution of 0.1°, covering the period 
from June 2000 to September 2021. IMERG precipitation can be accessible through NASA’s Earth Science Data 
collections (https://www.earthdata.nasa.gov). These products are converted to LST for easy manipulation. The 
gridded products are resampled to a consistent 10-km resolution based on the nearest neighbor interpolation 

Metric Equation Unit Range, perfect

Mean Absolute Error (MAE) = ∑ −−N S OMAE 1/ i
N

i i1 mm [0, +∞], 0

Root Mean Squared Error (RMSE) = ∑ −−N S ORMSE 1/ ( )i
N

i i1
2 mm [0, +∞], 0

Bias = ∑ −− S OBias ( )i
N

i i1 mm [−∞, +∞], 0

Probability of Detection (POD) =
+

POD Hits
Hits Misses — [0, 1], 1

False Alarm Ratio (FAR) =
+

FAR False Alarms
Hits False Alarms — [0, 1], 0

Critical Success Index (CSI) CSI Hits
Hits Misses False Alarms=

+ +
— [0, 1], 1

Table 3. Statistical Evaluation metrics for the four precipitation datasets and rain gauge observations. Note: N 
is the number of samples, Si and Oi are the rainfall simulations and rain gauge observations, respectively; Hits 
are the number of correctly simulated events; Misses are the number of events that were observed but were not 
simulated; False Alarms are the number of events that were simulated but did not observe.

Fig. 2 Spatial distribution of mean hourly precipitation rate from (a) HPTP-1km, (b) HAR v2, (c) ERA5-Land, and 
(d) IMERG during 2012–2021. The spatial resolution of HAR v2, ERA5-Land, and IMERG is approximately 10 km.
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approach through the Python package xESMF (https://doi.org/10.5281/zenodo.4294774). Our study focuses on 
the warm seasons with the limited probability of snowfall in this region.

WRF model configuration.  Our simulations are based on the Advanced Research configurations of WRF 
model version 3.9.1. We configured four one-way nested domains (Fig. 1a). The horizontal grid configurations are 

×149 149, ×237 171, ×231 198, and ×417 228 with corresponding grid spacings of 27 km, 9 km, 3 km, and 
1 km, respectively. The physics options of the simulations are summarized in Table 2. These options are mainly 
adapted from previous studies that demonstrate good performance2,27,37–39. The initial and boundary conditions 
were obtained from the ERA5 reanalysis product, with a spatial resolution of 0.25° and hourly temporal 
resolution.

We conducted a 10-year simulation (2012–2021) and focused on the warm season (i.e., June to September) 
of each calendar year. In total, this includes simulations spanning 40 months across multiple warm seasons. We 
implemented a calendar-month reinitialization strategy. Each monthly simulation was initialized at 0000 UTC 
with a three-day spin-up period preceding the actual calendar month. For example, the 29th, 30th, and 31st of May 
were designated as the spin-up days for the June simulation. We implemented spectral nudging at 6-hour inter-
vals to enhance long-duration simulations. Spectral nudging is a data assimilation technique to avoid the simu-
lations being “drifted” away from boundary conditions40,41. The coefficient of the spectral nudging 
parameterization is 3 0 10 s4 1. × − −  for temperature, wind components, and moisture. Again, these are recom-
mended by referring to previous studies40,41. The time step for all simulations was initially set as 30 seconds. A 
reduced time step to 15 seconds was implemented when the simulations encountered numerical instability. This 
is mainly due to complex terrain and/or fast wind speed that call for a short time of integration. We carried out 
multiple computational tests and settled down with 768 CPU cores as the most efficient. Each month-long sim-
ulation can be completed in approximately 25.2 hours. The outputs were generated at hourly intervals. The 
Python packages Xarray42 and Salem (https://doi.org/10.5281/zenodo.4635291) were utilized to process and 
visualize the outputs. Our analyses are based on outputs from the innermost domain (1 km) unless otherwise 
noted. The total precipitation was calculated using summing the variables RAINC and RAINNC from the WRF 
outputs.

Data Records
HPTP-1 km43 spans the warm seasons (June to September) from 2012 to 2021 over the southeastern 
Tibetan Plateau (TP). This dataset is freely available for download at Figshare43: https://doi.org/10.6084/
m9.figshare.26211149.v1. It is provided in the NETCDF version 4 format with a total data volume of 10.4 GB.

Fig. 3 Daily precipitation from 67 rain gauges compared with the corresponding grids of (a) HPTP-1 km, 
(b) HAR2, (c) ERA5-Land, and (d) IMERG. Six metrics for performance evaluation are shown. The 45° solid 
line represents the 1:1 reference line.

https://doi.org/10.1038/s41597-025-04654-0
https://doi.org/10.5281/zenodo.4294774
https://doi.org/10.5281/zenodo.4635291
https://doi.org/10.6084/m9.figshare.26211149.v1
https://doi.org/10.6084/m9.figshare.26211149.v1


6Scientific Data |          (2025) 12:335  | https://doi.org/10.1038/s41597-025-04654-0

www.nature.com/scientificdatawww.nature.com/scientificdata/

Technical Validation
We evaluated the performance of gridded precipitation products by comparing them against in-situ rain gauge 
observations using six performance metrics (Table 3). The performance assessment was conducted on a daily scale 
mainly due to the scarcity of publicly available hourly rain gauge observations. Point values at station locations, 
extracted from the gridded data using the nearest neighbor interpolation method, were compared with gauge 
observations. Three accuracy metrics, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), 
and Bias, measured the differences between simulations and observations. Three binary classification metrics, 
including Probability of Detection (POD), False Alarm Ratio (FAR), and Critical Success Index (CSI), assessed the 
reliability of detecting simulated events calculated from contingency table statistics44,45. A commonly used thresh-
old of 1 mm/d was applied to compute POD, FAR, and CSI44,45. Details about these metrics are provided in Table 3.

Spatial precipitation patterns.  Figure 2 shows the spatial distribution of mean hourly precipitation for the 
four gridded products across the innermost domain (D04). The HPTP-1 km product captures the fine-scale struc-
ture of precipitation distribution, compared to the other three coarse-resolution products (~10 km). The Tsangpo 
Grand Canyon, as shown in the elevation map (Fig. 1b), comprises a concave ridge with two windward arms that 
embrace a funnel-shaped valley. HPTP-1 km distinctly delineates the pattern of heavy precipitation on windward 
slopes and scant precipitation on the lee sides. This aligns with previous research indicating that orographic lifting 
intensifies extreme precipitation on windward slopes and diminishes it on leeward slopes46,47. ERA5-Land and 
IMERG cannot capture this feature. ERA5-Land and IMERG average precipitation over larger grid cells, smooth-
ing out these localized patterns and failing to represent the sharp gradients of precipitation distribution. HAR v2 
compares well with HPTP-1 km. This benefits from the enhanced capability of a regional climate model to capture 
key processes of orographic precipitation, despite its limitations in resolving finer details (Fig. 2b).

Precipitation comparisons between rain gauges and the corresponding grids.  Four gridded pre-
cipitation products are compared and evaluated against gauge observations. Note that the gridded precipitation 
rates at the rain gauge station are determined by calculating the mean within a 3 × 3 window centered on the 
gauge. This approach mitigates the effects of upwind grids under strong wind conditions over the TP. Figure 3 
compares the observed daily precipitation from 67 rain gauges with those over corresponding grids of the four 
precipitation products. All four gridded precipitation products exhibit very weak correlations with in-situ gauge 
observations. This highlights the challenge of grid-scale characterization of rainfall over TP even for the 1-km 

Fig. 4 Ten-year mean monthly precipitation accumulation for the rain gauges and the corresponding grids of 
HPTP-1 km, HAR v2, ERA5-Land, and IMERG.

Fig. 5 Histogram of daily precipitation from 67 rain gauges compared with the corresponding HPTP-1km, 
HAR v2, ERA5-Land, and IMERG.
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convection-permitting model simulations. This echoes Sun et al.21, which shows that a 9-km resolution of daily 
precipitation from WRF has only an approximate correlation of 0.1 against 37 rain gauges across the entire TP. 
It suggests that even WRF simulations at a 1-km resolution may still be inadequate for capturing precipitation 
variability in complex terrain. However, the HPTP-1 km product demonstrates the best performance of all four 
products, with the smallest values of the three bias metrics (i.e., MAE, RMSE, and Bias).

IMERG and HAR v2 come second and third, respectively, in terms of the bias metrics. Interestingly, the 
IMERG dataset exhibits significantly lower precipitation rates compared to the other three datasets shown in 
Fig. 2, yet it demonstrates a higher bias relative to HPTP-1 km. This discrepancy may be attributed to IMERG’s 
underestimation of convective precipitation over mountain ridges, stemming from the limitations of passive 
microwave sensors (as discussed in Arulraj and Barros48, Feng et al.49 and Li et al.50). This results in an overesti-
mation of precipitation rates in valleys and an underestimation over ridges. The ERA5-Land product shows the 
largest biases. The Bias of ERA5-Land is 4.53 mm/d, exceeding twice that of HPTP-1 km and IMERG. A sub-
stantial wet bias in ERA5 has also been identified in previous studies, potentially due to unrealistic lower-level 
south winds that trigger excessive convective rainfall21,51. The new HPTP-1 km product significantly reduces the 
wet bias. The mean bias is 0.88 mm/d. Both HPTP-1 km and ERA5-Land show comparable binary classification 
metrics and are slightly better than either IMERG or HAR2.

The superior performance of HPTP-1 km can be further highlighted by comparing the monthly mean pre-
cipitation accumulation (Fig. 4). The mean monthly precipitation total for June, July, August, and September 
derived from the rain gauges (and the corresponding grids from HPTP-1 km) is 135 mm (126 mm), 177 mm 
(187 mm), 135 mm (123 mm), and 102 mm (115 mm), respectively. IMERG shows comparable performance with 
that of HPTP-1 km in terms of monthly precipitation total biases. This is possibly due to IMERG undergoing  
rigorous calibration processes using ground-based observations to capture monthly variations.

To further highlight the capabilities of different precipitation products in characterizing the spectrum of daily 
precipitation, we compare the probability density distributions of daily precipitation rates between the four grid-
ded precipitation products and rain gauge observations (Fig. 5). Except for HPTP-1 km, the other three gridded 
precipitation products consistently show large underestimations of the occurrences of light precipitation (i.e., 
daily precipitation rate smaller than 0.1 mm/d). The reverse is true for moderate precipitation (i.e., daily rain rate 
between 2.0 mm/d and 20.0 mm/d) where the probability of occurrences is overestimated in HAR v2, IMERG, 
and ERA5-Land. HPTP-1 km shows the best alignment with that derived from rain gauge observations. In terms 
of the extreme precipitation rate (i.e., daily precipitation exceeding 20.0 mm/d), the overestimations by HAR 
v2 persist, while both HPTP-1 km and IMERG show slight underestimation. The overall alignment between 
HPTP-1 km and rain gauge observations in capturing the spectrum of daily precipitation rates demonstrates the 
superior performance of the new HPTP-1 km precipitation product to existing gridded precipitation products.

Figure 6 shows the spatial distributions of bias metrics (i.e., Bias and RMSE) for daily precipitation. All the 
gridded precipitation products show large biases over the Tsangpo Grand Canyon region. More specifically, 
HAR v2 and IMERG show underestimated daily precipitation (i.e., negative biases) over the canyon, while over-
estimation is observed over the rest region. Consistent with previous Fig. 3 and Fig. 4, ERA5-Land overall shows 
overestimation across almost the entire domain. The Bias values are notably reduced in HPTP-1 km. Similarly, 
all products exhibit large RMSE over the canyon, while relatively low RMSE is observed over the rest region. 
Notably, the RMSE values are slightly reduced in HPTP-1 km.

Fig. 6 Spatial distribution of performance metrics for daily precipitation between rain gauges and the 
corresponding grids from HPTP-1 km, HAR v2, ERA5-Land, and IMERG. (a–d) Bias, (e–h) RMSE. The 
background shade represents elevation over the innermost domain.
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Precipitation variation with elevation.  Figure 7 compares the mean daily precipitation across different 
products over the 67 rain gauge stations. Rain gauges over TP are mostly located in low-lying regions3. As can be 
seen from Fig. 7, most of the gauges are located within 3000–4000 m a.s.l., with a small pocket of them located 
below 2000 m a.s.l. There is an overall tendency of decreased precipitation with elevation, as demonstrated by rain 
gauge observations. This feature is adequately represented by all four gridded precipitation products (Fig. 7a–d).  
This is consistent with previous studies and is primarily attributed to lower temperatures, decreased moisture 
availability, and orographic effects at higher altitudes12,52. Specifically, as shown in Fig. 7(a–d), HAR v2 and 
ERA5-Land show overestimations of precipitation across nearly all elevation ranges. In contrast, HPTP-1 km and 
IMERG demonstrate better alignment with rain gauge observations, with HPTP-1 km outperforming IMERG, 
particularly in the elevation range of 3000–4000 m a.s.l. Large variances in precipitation magnitudes are observed 
below 2000 m a.s.l. This is possibly due to the upward movement of strong, moist air from the South Asian 
monsoon, which leads to disturbances, cooling, and condensation as the elevation increases. In addition, we 
compare mean daily precipitation across all grids by categorizing grids into different elevation bands (Fig. 7e). 
The new HPTP-1 km product shows a pronounced increase in daily precipitation over grids with elevation 
exceeding 5000 m a.s.l. This is possibly due to the TP vortices presented at the 500-hPa level, with a vertical 
extent of 2–3 km and a horizontal scale of 400–800 km53. These synoptic systems are known as one of the major 
precipitation-producing systems in the TP. This feature has not been identified based on the other three products, 
possibly due to their coarse resolutions (Fig. 7f). The non-monotonic dependence of precipitation on elevation 
increases indicates complexities of spatial precipitation distribution over the southeastern TP.

Diurnal cycle of precipitation.  We compare the diurnal cycle as derived from the four gridded precipita-
tion products and in-situ rain gauges with hourly precipitation observations (Fig. 8). Hourly values are calculated 
by averaging precipitation, including zero values, across all days. Hourly observed precipitation peaks at 0200 

Fig. 7 Elevation dependence of precipitation for gridded data (HPTP-1km, HAR v2, ERA5-Land, and IMERG) 
and observations over 67 rain gauge stations during 2012–2021. (a–d) The mean daily precipitation from 
gridded data is presented by the values extracted at the rain gauge stations. (e) The mean daily precipitation of 
gridded data is from all grids averaged over 200 m vertical bins during 2012–2021. (f) Elevation distributions 
of rain gauges and grid-based averages across various spatial resolutions. Shaded areas in (e) denote the 95% 
confidence intervals.
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LST over the southwestern TP. The lowest hourly precipitation is observed at around 1300 LST. This finding is 
consistent with Chen et al.54 which shows precipitation peaks in the early morning and a nadir in the afternoon. 
The diurnal cycle is well captured by HPTP-1 km, despite the underestimation of hourly precipitation during 
peak hours. This aligns with Fig. 6 which shows negative biases values. HAR v2 and IMERG capture the diurnal 
cycle, but demonstrate quite weak amplitudes. For instance, the precipitation peaks and valleys of HAR v2 are 
0.38 mm/d and 0.11 mm/d, respectively. ERA5-Land cannot capture the diurnal cycle of precipitation in which 
the peak time is around 1500 LST compared to the observed early morning peak. This is mainly affected by sur-
face solar heating. However, due to the complexity of topography over the southwestern TP, fine-scale features of 
topography have a strong modulate of the diurnal cycle of precipitation, such as the mountain-valley breeze. With 
increased resolutions, there is a significant improvement in HPTP-1 km. However, HPTP-1km still underesti-
mates the peaks of the diurnal cycle, possibly due to existing biases in the initial and boundary fields provided by 
the ERA5 reanalysis products30. The uncertainties in the parameterization schemes of the WRF model could also 
contribute to the biases, which need additional sensitive experiments in future studies.

Usage Notes
The fine-resolution precipitation product (1 km, hourly), HPTP-1 km, over the southeastern TP for the warm 
seasons of 2012-2021, is freely accessible at Figshare (https://doi.org/10.6084/m9.figshare.26211149.v1)43.

Data limitations.  We produced a long-term (2012–2021, June to September), fine-resolution (1 km, hourly) 
precipitation dataset over the southeastern TP (HPTP-1km). However, we acknowledge that the data production 
and validation have some limitations. Firstly, despite using convection-permitting simulations, some physical 
processes (e.g., microphysics and turbulence) may still rely on parameterization schemes that introduce uncer-
tainties; variations in nesting and forcing strategies significantly influence model performance25,55. Secondly, the 
accuracy of input data, such as ERA5 reanalysis for initialization and nudging, directly affects the reliability of 
the simulated precipitation. Errors or biases in the forcing data can propagate into the final product30. Thirdly, 
while 1-km resolution improves representation, it might still fail to capture certain microscale features like sharp 
ridges, deep gorges, or localized orographic effects29. Fourthly, rain gauges are typically located in valleys, which 
receive less precipitation compared to ridges in the TP. This uneven spatial distribution could bias the validation 
results and leave some high-altitude regions unverified. Fifthly, the increase in HPTP-1 km precipitation rates at 
elevations above 5000 m a.s.l. cannot be validated due to a lack of observations at such high altitudes.

Code availability
The HPTP-1km precipitation product was produced using the Weather Research and Forecasting (WRF) model, 
which is accessible via its Git repository (https://github.com/wrf-model/WRF). Further information can be 
obtained from the model’s official website (https://www2.mmm.ucar.edu/wrf/users). The Python scripts for 
computation and visualization can be accessible via the associated GitHub repository at https://github.com/
liseeocean/WRF-simulations-over-TP.git.
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