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Highlights

What are the main findings?

e  TPHiPr outperformed seven other gridded precipitation datasets in capturing Nepal’s
complex rainfall patterns, especially at high altitudes.

e  Rainfall-runoff erosivity (R-factor) is rising nationwide due to increased frequent and
intense extreme precipitation, notably in high-altitude regions.

What are the implications of the main findings?

e  Soil erosion risk is increasing across Nepal, including areas with declining total rainfall,
requiring targeted soil conservation in vulnerable zones.

e  Watershed management policies must address both intensified monsoon erosion/
flooding in central/eastern Nepal and elevated dry-season water scarcity in
western Nepal.

Abstract

Nepal is highly vulnerable to severe soil erosion driven by monsoonal rainfall and rugged
terrains. Limitations in ground observation networks have hindered comprehensive,
high-resolution national assessment of precipitation and rainfall-runoff erosivity (R-factor)
across Nepal. This study systematically evaluated eight global gridded precipitation
datasets (GPDs) against data from 152 weather stations, identifying the optimal precipita-
tion dataset (TPHiPr) representing Nepal’s complex topography. Based on this high-quality
dataset, we provided the first independent, long-term (1979-2020), high-resolution national-
scale assessment of precipitation and the R-factor for Nepal. Our analysis reveals that
1996 marked a turning point in nationwide precipitation trends: annual precipitation shifted
from a decreasing to an increasing one in the humid eastern and central regions, while the drier
western region transitioned from an increasing to a decreasing trend, particularly during the dry
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season. A clear spatial divergence was observed between total precipitation and the R-factor,
highlighting the dominant role of precipitation frequency and intensity. Extreme precipitation
events intensified significantly (e.g., days with >25 mm rainfall increased by 0.2 days yr—!,
and the 95th percentile precipitation threshold increased by 0.4 mm yr~!, p < 0.01), driving a
nationwide increase in the R-factor (6.3 M] mm ha—! h~! yr~2, p < 0.01), with high-altitude
areas experiencing the most pronounced effects. We conclude that soil erosion risk has
intensified nationwide due to increasing precipitation extremes. Watershed management
must develop elevation-specific adaptation strategies that integrate climate science with
practical solutions to address the dual challenges of intensified monsoon-driven erosion
and growing dry-season water scarcity.

Keywords: gridded precipitation datasets; complex terrain region; rainfall erosivity;
monsoon climate; Himalayan regions

1. Introduction

The mountainous Himalayan region of Nepal faces severe soil erosion, driven by a
confluence of natural and anthropogenic factors [1]. Earthquakes and glacial lake outburst
floods are key natural triggers, while human activities like deforestation, overgrazing,
intensive agriculture, and urbanization significantly exacerbate the problem [2]. Super-
imposed on these is the intense monsoon rainfall, which generates extreme hydrological
conditions and high rainfall-runoff erosivity (R-factor), triggering widespread soil loss
and landslides [3]. Historically, approximately 91% of Nepal’s population has relied on
agriculture for their livelihoods, making these erosion-driven processes particularly devas-
tating. Loss of top soils and landslides not only degrade farmland productivity but also
cause downstream sedimentation, flooding, hydropower disruption, and dry-season water
scarcity, critically impacting local communities and ecosystems [4—6]. The socioeconomic
resilience and community livelihoods in Nepal are closely linked to the health of its water
and soil resources. Therefore, accurately assessing changes in precipitation patterns and
erosion risks under climate change is crucial for the country’s food security, sustainable
development, and community adaptive capacity.

Assessing soil erosion at a broad scale often uses the Universal Soil Loss Equation
(USLE) and its revised model (RUSLE), which indicate that soil erosion is controlled by
rainfall-runoff erosivity (R-factor), land cover (C-factor), soil erodibility (K-factor), and
topography (LS-factor) [7-9]. The R-factor is one of the key drivers and has been well
studied globally in the context of changing precipitation regimes [10-12]. Existing studies
indicate that the intensity and frequency of extreme precipitation events in Nepal are
continuously increasing, with spatial distribution patterns becoming increasingly variable.
These changes are influenced by multiple factors, including the evolution of the South Asian
monsoon system, teleconnection phenomena such as the El Nifio-Southern Oscillation
(ENSO), and anthropogenic climate warming [13-17]. Concurrently, these shifts have
made the spatiotemporal distribution of the R-factor more complex and difficult to predict.
Therefore, characterizing precipitation and quantifying its erosive effects are challenging
but crucial when assessing the impact of climate change on water resources such as soil
erosion, water quality, and transportation infrastructure including road culverts [18,19].

Direct, long-term precipitation measurement across Nepal's complex terrain is hin-
dered by cost, accessibility, and high spatial variability [20,21]. Therefore, satellite-based
observations and reanalysis models are often the only option for mapping continuous
spatiotemporal precipitation patterns in regions with scarce ground observations [22,23].
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Globally, gridded precipitation datasets (GPDs) were developed from in situ site observa-
tions, passive microwave remote sensing, infrared wave inversion, and simulation models.
These methods aim to comprehensively integrate various precipitation factors and produce
composite precipitation products for complex landscapes [24-27]. Although the accuracy
of GPDs has significantly improved with the advancement of computing power and data
technology, large discrepancies between precipitation amounts measured at local stations
and GPDs remain in topographically complex regions like the Himalayas remains uncertain
due to steep slopes, high cloud cover, and strong seasonality [28-31]. Rigorous assessments
of these precipitation data are needed before they can be properly applied to address water
resources management issues [12,15,32,33].

Previous studies on precipitation and the R-factor in Nepal face several known limi-
tations: (1) Validations of GPDs often rely on sparse, short-record station networks with
limited geographical and elevational coverage [24,34—41]. (2) Few studies explicitly eval-
uate GPDs’ performance in reproducing extreme precipitation indices most relevant to
erosion processes [16,42,43]. (3) R-factor estimates are derived from station-based annual
aggregates or embedded within erosion models, lacking independent, long-term, high-
resolution national mapping using spatially continuous data. These constraints impede
a mechanistic understanding of erosivity trends and their socio-ecological implications,
particularly for vulnerable agrarian communities [3,12,44—47].

This study provides a comprehensive, national-scale analysis of precipitation and
the R-factor in Nepal from 1979 to 2020. We rigorously evaluate eight GPDs against a
network of 152 weather stations to identify the dataset most capable of capturing Nepal’s
complex rainfall climatology, particularly extreme events. Using the optimal dataset, we
then quantify the long-term spatiotemporal trends and patterns of precipitation and the
R-factor. Our work uniquely advances the field by: (1) conducting a systematic validation
of GPDs over Nepal, explicitly focusing on their performance across altitudes and in
reproducing extremes; (2) delivering the long-term, spatially continuous national mapping
and trend analysis of the R-factor, independent of a full erosion model; and (3) revealing the
spatially divergent trends in total precipitation extreme precipitation, and erosivity. These
findings provide crucial high-resolution scientific evidence for soil and water conservation
efforts in Nepal’s densely populated agricultural areas and ecologically fragile zones under
changing climatic conditions.

2. Materials and Methods
2.1. Study Area

Nepal is situated between India and the Qinghai-Tibetan Plateau of China
(80.1° E-88.2° E, 26.3° N-30.5° N) [48] (Figure 1). By longitude and administration, Nepal
can be divided into Western, Central and Eastern regions, and each region has a belt-like
distribution feature from south to north [49]. Nepal has four seasons [50]: Pre-monsoon
(March to May), Monsoon (June to September), Post-monsoon (October to November), and
Winter (December to February). About 80% of the precipitation in Nepal falls within the
monsoon season, and much of this volume falls via a small number of extremely intense
rainfall events [42]. Annual precipitation in the central regions can surpass 3000 mm, while
the plains south of the middle hills typically receive precipitation ranging from 1500 to
2000 mm. In contrast, the high-altitude areas in the north may receive less than 1000 mm of
precipitation annually (Figure 1b).
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Figure 1. Geographical locations of Nepal (a), regional division, distribution of elevation, ground
meteorological observation stations and annual precipitation (b), and the distribution of the number
of stations in different regions with altitude (c). In (b), the circles represent the spatial distribution
of the 152 ground observation stations used in this study, and the color band shows the multi-year
means of annual precipitation measured at the stations from 2001 to 2015.

Nepal has a population of approximately 30 million, with diverse community com-
positions. The population distribution is highly uneven, primarily concentrated in the
Terai Plain and the valleys of the middle hills-areas with favorable climates and optimal
agricultural conditions, typically at elevations below 3000 m [51]. Agriculture is the impor-
tant economic sector in Nepal, with the majority of the population engaged in subsistence
farming. Major crops include rice, maize, wheat and potatoes. Additionally, tourism
(particularly trekking and mountaineering in the Himalayas), remittances from overseas
workers, and the growing service sector serve as vital pillars of the economy [52]. This
agriculture-based and natural landscape-based economic structure closely links the state of
its ecosystems, as well as water and soil resources, to community livelihoods and national
economic development.

2.2. Precipitation Datasets

The precipitation datasets used in this study include the daily ground observed data
at the 152 weather stations and eight gridded precipitation datasets (GPDs) with different
spatial and temporal resolutions (Table 1).

Table 1. Spatial and temporal information and data sources for the weather stations and the eight
grided precipitation datasets (GPDs) used in this study.

Precipitation
Datasets

Spatial Temporal
Resolution Resolution

Time Period Data Sources

Weather station

APHRODITE

CHIRPS

ERA5-land

https:/ /www.dhm.gov.np/data-service/

point Daily 1971-2020 (accessed on 26 August 2024)
o . ~ https:/ /www.chikyu.ac.jp/precip/
025 Daily 1981-2015 (accessed on 26 August 2024)
o . https:/ /www.chc.ucsb.edu/
0.05 Daily 1981-present (accessed on 26 August 2024)
0.1° Hourly 1950-present https:/ /cds.climate.copernicus.eu/

(accessed on 26 August 2024)
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Table 1. Cont.

Precipitation

Spatial Temporal

Datasets Resolution Resolution Time Period Data Sources
o https://gpm.nasa.gov/data/imerg/
IMERG 0.1 Half-hourly 2000-2021 p(acceffe yoe 68August 2024) &
o : » https:/ /www.gloh20.org/mswep/
MSWEP 0.1 3-hourly 1979-2020 (accessed on 26 August 2024)
o https:/ /chrsdata.eng.uci.edu/
PDIR-Now 0.04 Hourly 2000-present (aclzesse Lo o6 A ggust 2024)
. o . https:/ /data.tpdc.ac.cn/en/
TPHiPr 0.03 Daily 1979-2020 (accessed on 26 August 2024)
TRMM 0.25° 3-hourly 1998-2019 https:/ /gpm.nasa.gov/missions/trmm/

(accessed on 26 August 2024)

2.2.1. Observed Precipitation Data

Daily observed precipitation data from 198 stations across Nepal spanning from
1971 to 2020 were acquired from the Nepal’s Department of Hydrology and Meteorology
(DHM). Among all the stations, 152 stations had data coverage of more than 90% from 2001
to 2015 with elevation ranging from 63 to 3671 m (Figure 1b). Over half of the weather
stations were located in the low elevation zone (<1000 m) (Figure 1c). Only 64 stations
(elevations < 2642 m) covered a longer time period (2001 to 2019). Hence, 152 weather sta-
tions covering the period from 2001 to 2015 were used for evaluating gridded precipitation
datasets over Nepal.

2.2.2. Gridded Precipitation Datasets (GPDs)

Eight GPDs have the merits of high spatial and temporal resolution
(spatial resolution < 0.25°, temporal resolution < 1 day) and long time series to investigate
the general modes of precipitation and their accuracies (Table 1).

These eight GPDs are generated based on various data sources, mainly including satel-
lite remote sensing, reanalysis, and rain gauge observations. Specifically, APHRODITE is a
daily product based on spatial interpolation of dense rain gauge networks across Asia and is
regarded as the “quasi-ground truth” in the region [53]. CHIRPS is a global high-resolution
product that integrates satellite infrared data with station observations, optimized for
drought monitoring and performs well in data-scarce regions [54,55]. ERA5-Land is a
high-resolution land surface reanalysis dataset produced through numerical modeling and
data assimilation [56,57]. IMERG integrates satellite, infrared, and rain gauge data, offering
high spatiotemporal resolution [58-60]. MSWEP is a weighted ensemble product that
merges satellite, reanalysis, and rain gauge data, dynamically adjusting weights based on
the accuracy of the three sources across different regions and seasons [61-63]. PDIR-Now is
a high-resolution infrared retrieval product based on artificial intelligence, with advantages
of extremely low latency (near real-time) [64-66]. TPHiPr combines high-resolution WRF
model simulations, machine learning-based downscaling, and over 9000 station observa-
tions to provide reliable precipitation data for the Third Pole region, supporting water
cycle and ecosystem dynamics analysis in this region [27,67,68]. TRMM is a satellite mis-
sion specifically designed for monitoring tropical and subtropical precipitation. It utilizes
infrared data from geostationary satellites for temporal interpolation and extrapolation,
ultimately generating high spatiotemporal resolution precipitation products [69-71]. More
detailed descriptions are provided in Text S1.
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2.3. Data Analysis Methods
2.3.1. Precipitation Data Quality Control Methods

We performed temporal aggregation for the station precipitation data and standard-
ized the minimum temporal resolution of gridded datasets to a daily scale. To mitigate
uncertainty stemming from re-interpolation, the spatial resolution of the temporally aggre-
gated data products remains unchanged. Instead, a pixel-to-point method is employed to
extract the daily data at the corresponding longitude and latitude of each station [72,73].

The quality control of the aggregated precipitation for station data is as follows:
(1) If there are 3 consecutive missing days in a month or if the missing data exceeds 10% of
the total data volume in that month, the accumulated rainfall is marked as missing for the
month; (2) If there are 30 consecutive missing days in a year or if the missing data exceeds
10% of the total data volume in that year, the accumulated rainfall is marked as missing for
the year.

It is important to emphasize that no imputation or interpolation was applied to the
daily station records used for the validation against GPDs. This conservative approach
ensures that the evaluation of GPDs is based solely on periods of high data completeness,
thereby avoiding biases that could arise from data imputation. For the comparative assess-
ment of different GPDs at monthly and annual scales, which aims to illustrate inter-product
variability rather than to validate against station data, isolated missing monthly values were
filled using the long-term monthly mean of the respective product to generate continuous
monthly and annual time series for cross-product comparison. Such interpolation was
performed solely for supplementary visualization purposes.

2.3.2. Gridded Precipitation Datasets Validation Methods

Multiple indicators were used to comprehensively validate GPDs (Table 2). The selec-
tion of validation indicators follows established frameworks for evaluating precipitation
products in complex terrain, aiming to assess overall accuracy, event detection capability,
and performance in capturing extreme events relevant to erosion studies.

Table 2. Indicators for assessing gridded precipitation datasets.

Variable Abbreviation Unit Formula or Description Optimal
Value
Spearman’s Rank oy &2
Correlation Coefficient cC B cC=1- n(rl?l—ll) +1
Relative Bias RB % RB = L 5 100 0
_ L(xi— 1)2
Root Mean Square Error RMSE mm RMSE = +/ % 0
Probability of Detection POD - POD = Hit/ (Hit + Miss) 1
False Alarm Rate FAR - FAR = False/ (Hit + False) 0
Critical Success Index CslI - CSI = Hit/ (Hit 4+ Miss + False) 1
Frequency Bias Index FBI - FBI = (Hit + False) / (Hit + Miss) 1
Heavy Rainfall Days R25d days Annual number of days with daily 3

95th Percentile of Rainfall

Maximum Consecutive
Wet Days

rainfall amount > 25 mm
Annual 95th percentile of
R95 mm precipitation on wet days with -
daily rainfall amount > 1 mm
Annual maximum number of
CWD days consecutive wet days with daily -
rainfall amount > 1 mm

https://doi.org/10.3390/1s18010069


https://doi.org/10.3390/rs18010069

Remote Sens. 2026, 18, 69

7 of 27

Three typical statistical indicators, Spearman’s Rank Correlation Coefficient (CC), Rel-
ative Bias (RB), and Root Mean Square Error (RMSE), were used to quantify the consistency
between GPDs and ground observation data [24]. Four detection indicators, Critical Success
Index (CSI), False Alarm Rate (FAR), Frequency Deviation Index (FBI), and Probability
of Detection (POD), were used to evaluate the detection ability of GPDs for precipitation
events of different intensities [68,74]. Three extreme precipitation indices, the number of
heavy rainfall days (daily rainfall > 25 mm) (R25d), the 95th percentile of rainfall (R95), and
the maximum consecutive wet days (CWD), which respectively characterized the frequency,
the intensity, and lengths of continuous precipitation days, were used to evaluate the ability
of GPDs to capture extreme precipitation events [41,49,53,75]. The calculation formulas
of the indicators are shown in Table 2. A detailed description of the methods used in this
study can be found in Text 52, with the precipitation intensity classification scheme shown
in Table S1.

2.3.3. R-Factor Calculation Methods

In consideration of the temporal resolution and continuity of the precipitation data
used in this study, as well as the suitability for a national-scale investigation, a monthly
model that has been extensively validated and widely applied in regional and global assess-
ments of rainfall-runoff erosivity was ultimately selected [9,10,76]. This approach provides
a robust methodological framework for generating continuous, nationwide estimates of the
R-factor across complex terrain and for evaluating its long-term (decadal) spatiotemporal
trends. The formula for calculating the R-factor is as follows:

12 2
R=) |1.735 x 10"5L0810(7) 08188
i=1

where R represents rainfall-runoff erosivity factor (M] mm ha=!hr! yr’l), p; represents
the monthly precipitation (mm), P represents the annual precipitation (mm).

2.3.4. Spatiotemporal Characteristic Analysis Methods

A linear trend model was fitted using the Ordinary Least Squares (OLS) method
to quantify the overall direction and magnitude of change over time [77]. The model is
expressed as:

Y. = o+ Bt+ g

where Y is the observed value at time t, « is the intercept, (3 is the trend slope (representing
the rate of change per unit time), and ¢ is the random error term. The slope (3 is estimated
by minimizing the sum of squared residuals:

Y (t—=H(Yr—Y)

B = -
Vi (t— t)z

Here, n is the length of the time series, and t and Y are the mean of time indices and
observed values, respectively. A positive 3 indicates an increasing trend, while a negative
value denotes a decreasing trend. The statistical significance of the trend was evaluated by
a two-tailed t-test.

The non-parametric Sequential Mann-Kendall test was applied to detect potential
abrupt changes (shift points) in the time series, which is robust to non-normal distributions
and outliers [78]. For a series Y; of length n, the test statistic Sy is calculated sequentially as:

k i-1
Sc=). Y sen(Yi—Yj),k=23,...,n
i=1j=1
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where sgn(-) is the sign function. Under the null hypothesis of no abrupt change, the mean
and variance of Sy are:

k-1
k — T
var(sy) = KK 1;§2k+5)

The standardized statistic UF is then obtained as:

UF = X% (x=1,2,...,n)
Var(sy)

The same procedure is repeated for the reversed series to compute UBy. If the curves
of UF, and UBy intersect within the critical threshold lines (Ug g5 = £1.96 for o« = 0.05),
the intersection point is considered a potential abrupt change point. A moving-t test was
further employed to verify the change points identified by the M-K test.

To examine the monotonic relationship between the studied variables and elevation,
Spearman’s rank correlation coefficient was used [79]. This method does not assume
linearity and is suitable for data that may not follow a normal distribution. For variables X
and Y, the ranks R(X;) and R(Y;) are assigned. The Spearman’s rank correlation coefficient
(CCQ) is calculated by the formula in Table 2, where d; = R(X;) — R(Y;). The value of CC
ranges from —1 to +1, with larger absolute values indicating stronger monotonic association.
The significance of the correlation was tested using the t-test.

3. Results

3.1. Validation of GPDs Using Ground Precipitation Observations
3.1.1. Mean Daily Precipitation by Altitude

Among all GPDs, TPHiPr exhibited the highest consistency with the measured daily
precipitation data as judged by the highest correlation coefficient (CC = 0.70) and the lowest
RMSE (RMSE = 6.4 mm d 1) (Figures 2 and S1). The second highest correlation with
measured data was for APHRODITE with CC of 0.58 (Figure 2a). CHIRPS showed the
lowest correlation with CC of 0.30 but the smallest RB (5.5%) compared with Gauge, fol-
lowed by TPHiPr and APHRODITE with RB of 10.3% and —10.3%, respectively. ERA5-land
significantly overestimated precipitation, showing an average error of 47.0% (Figure 2b).
The lowest RMSE was also observed in TPHiPr, and the RMSE of other GPDs is around
15 mm d~! (Figure 2c).

The performance metrics of GPDs exhibited a large variability by altitude (Figure 3,
Table S2). Within the elevation range of 1.5 to 3 km, the correlation coefficient between
GPDs and ground-based observations was relatively high (Figure 3a). Compared to regions
below 3 km in elevation, high-altitude areas (>3 km) exhibited significantly greater relative
bias (RB), but lower root mean square error (RMSE) (Figure 3b,c). A comparison among
different products revealed that TPHiPr consistently demonstrated the highest correlation
(0.50 to 0.71) and the lowest RMSE (1.7 mm-d ! to 8.0 mm-d ) across all altitude intervals.
In areas below 3 km, TPHiPr’s RB ranged from 2.6% to 14.5%. Although RB was higher
above 3 km, TPHiPr still outperformed other products (Table S2).
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Figure 2. Daily scale Spearman’s Rank Correlation Coefficient (CC, (a)), Relative Bias (RB, (b)), and
Root Mean Square Error (RMSE, (c)) between GPDs and ground observation data in Nepal from
2001 to 2015. The metrics were calculated per station within the time period and then used to derive
the statistics (boxplots) displayed.

3.1.2. Precipitation Intensity

Notably, 72.2% of the observation records had negligible precipitation (0-0.1 mm
daily rainfall) (Figure 4a). The proportions of light precipitation (0.1-10 mm), moderate
precipitation (10.1-25 mm), heavy precipitation (25.1-50 mm), and torrential precipitation
(>50.1 mm) were 14.1%, 7.5%, 4.3%, and 2.0%, respectively. Only CHIRPS overestimated
the proportion of negligible precipitation at 80.7% while underestimating the proportions
of light precipitation at 5.5%. The other GPDs consistently exhibited varying degrees
of underestimation for negligible precipitation days (ranging from 27.8% to 62.9%) and
overestimation for light precipitation days (ranging from 23.1% to 54.6%). The observed
proportion of moderate and higher intensity precipitation (>10 mm) was only 13.7%. A
similar distribution of this proportion was observed across the different GPDs, with the
lowest value found in PDIR-Now (9.4%) and the highest in ERA5-Land (18.0%) (Figure 4b).
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Figure 4. The proportion of each precipitation intensity level estimated by the observation data
(Gauge) and eight different gridded precipitation datasets for Nepal. (a) negligible precipitation
(0-0.1 mm) and light precipitation (0.1-10 mm), (b) moderate precipitation (10.1-25 mm), heavy
precipitation (25.1-50 mm), and torrential precipitation (>50.1 mm).
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The proportion of different precipitation intensities varied with altitude (Figure S2). In
regions below 2.5 km, the proportion of negligible precipitation decreased with increasing
elevation (Figure S2a), while the proportions of light and moderate precipitation increased
(Figure S2b,c). In contrast, the proportion of heavy and torrential precipitation peaked
within the 1.5-2 km elevation range and declined above 2 km (Figure S2d,e).

The accuracy of GPDs in capturing different precipitation intensities was evaluated
using four metrics (Table S3). Notably, TPHiPr demonstrated the highest Probability of
Detection (POD = 0.78) and Critical Success Index (CSI = 0.39) across Nepal, along with the
lowest False Alarm Rate (FAR = 0.57). APHRODITE, ERA5-land, and MSWEP exhibited
relatively high POD, but their high FAR led to statistically significant overestimation of
precipitation. Additionally, CHIRPS showed the closest frequency of precipitation capture
to actual observations, and it was also the only product with a Frequency Bias Index
(FBI = 0.97) value less than 1, indicating a higher likelihood of missed events, which
resulted in underestimation of precipitation. Among different regions, all GPDs performed
best in the central Nepal, followed by the eastern region, and lastly the western region.

In summary, TPHiPr exhibited the highest consistency with ground data at different
spatiotemporal scales and rainfall intensities. Therefore, this dataset was used for further
study on the spatiotemporal distribution patterns of precipitation and associated R-factor
in Nepal from 1979 to 2020.

3.2. Spatiotemporal Patterns of Precipitation Based on TPHiPr
3.2.1. Seasonal and Annual Precipitation

Precipitation in Nepal was highly seasonal (Table 3). The average annual precipitation
in Nepal was about 1742 mm, with the majority (~80%) occurring during the monsoon sea-
son, especially in western Nepal. Over the past four decades, Nepal exhibited a significant
increasing trend in annual precipitation, with a rate of 3.6 mm yr‘l, primarily driven by
monsoon rainfall, especially in the eastern Nepal (Figures 5a and S3a, Table 3). The Sequen-
tial Mann-Kendall test indicated that 1996 is a statistically significant turning point, with
annual precipitation shifting from a decreasing to an increasing trend. The central region
had the highest annual precipitation, followed by the eastern region, and their trends were
consistent with the trend across Nepal. The increase in the eastern region was particularly
high, reaching 5.9 mm yr~! (Figure 5c,d). In contrast, the relatively drier western region
showed a slight shift from an increasing to a decreasing trend (Figure 5b). More noteworthy
was that precipitation in the western region during the non-monsoon period (i.e., the dry
season) also showed a decreasing trend (Table 3, Figure S3b). In summary, over the past
four decades, wetter areas of Nepal have become significantly wetter, while drier areas
have gradually become drier, especially during the dry season.

Table 3. Annual values, seasonal distribution, and interannual variation trends of precipitation in
different regions of Nepal from 1979 to 2020.

Precipitation (mm)/Proportion (%)/Trend (mm per Period)

Region
Annual Monsoon (Jun. to Sep.) Non-Monsoon (Oct. to May)
National 1742/100/3.6 * 1359/78/3.0 * 383/22/0.6
West 1457/100/1.6 1137/80/2.0 320/20/—-0.4
Central 1984/100/4.5 * 1585/76/3.0 399/24/1.5
East 1911/100/5.9 ** 1447/78/4.7 ** 464/22/1.3

* and ** indicate that the trend is significant at the 0.05 and 0.01 significance levels, respectively.
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Figure 5. Interannual variation of precipitation in Nepal from 1979 to 2020 based on TPHiPr.
(a) for the whole Nepal, and (b-d) for the western, central, and eastern regions, respectively. The year
1996 is marked as a change point as shown by a vertical dashed line. y represents the trend of the
entire study period (black dotted line), and Slope (mm yr—!) represents the ordinary least squares
(OLS) trend of precipitation during the period before and after 1996 (P1: 1979-1996; P2: 1997-2020),
respectively. The red and blue dotted lines indicate that precipitation has a decreasing and increasing
trend at different stages, respectively. The regression equation is for the entire study period.

3.2.2. Spatial Distribution and Trend of Annual Precipitation

The high-altitude regions of Central and Eastern Nepal had high annual precipi-
tation (>3000 mm). In contrast, high-altitude areas in the Western region had low an-
nual precipitation (<500 mm). Annual precipitation was mainly concentrated between
1500-2000 mm. (Figure 6a,b). Areas with decreasing precipitation were predominantly
found in the western region, while central and eastern regions showed an increasing trend
in precipitation, particularly in the northern high-altitude areas. About 6% of the whole
Nepal had an annual precipitation increase rate of 2-4 mm yr~!. (Figure 6¢,d).

Precipitation showed a significant correlation with elevation (Figure S4a—d). In central
and western Nepal, the Spearman’s rank correlation coefficients (CC) were —0.43 and
—0.02, respectively, indicating that annual precipitation tends to decrease with increasing
altitude. In contrast, the eastern region exhibited a positive correlation (CC = 0.21), which
is closely linked to the observed high-precipitation zones at higher elevations in eastern
Nepal (Figure 6¢). Specifically, the negative correlation was most pronounced in western
Nepal, persisting across all elevations below 6 km (Figure 54b). In the central region, the
negative correlation only appeared in areas with the altitude between 3 km and 6 km, while
the positive correlation was found in areas with the altitude below 3 km and above 6 km
(Figure S4c). In the eastern region, a positive correlation existed below 4 km, shifting to
negative above 4 km (Figure S4d).
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Figure 6. Spatial pattern of annual precipitation in Nepal (1979-2020). (a) spatial distribution,
(b) precipitation frequency distribution, (c) interannual trend of annual precipitation, and (d) interan-
nual precipitation trend frequency distribution. The black lines in (b,d) are Gaussian smooth curves
explain the annual precipitation and its trend in different ranges as a percentage of the area of Nepal.
The cross areas in (c) indicate significant trend in annual precipitation (p < 0.05).

3.2.3. Variations of Extreme Precipitation

Extreme precipitation patterns such as event lengths, frequency, and intensity, were
examined using metrics of CWD, R25d, and R95 (Figure 7). Over the past four decades,
the maximum number of consecutive wet days in a year reached 47 days, the number
of days with daily precipitation exceeding 25 mm was 16 days in a year, the 95th per-
centile of precipitation was 32.6 mm. Interannually, both the frequency and intensity of
extreme precipitation events showed a significant increase, with R25d increasing at a rate of
0.2 days yr~!, and R95 increasing at a rate of 0.4 mm yr—! (Figure 7b,c). However, the
lengths of precipitation events showed an insignificant downward trend, indicating that a
sporadic nature of such events increased (Figure 7a). Taking 1996 as the turning point, CWD
shifted from an increasing trend to a decreasing trend, R25d changed from a decreasing
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trend to an increasing trend, and R95 consistently maintained an increasing trend. This
suggests that rainfall persistence in Nepal has weakened, while both the frequency and
intensity of extreme precipitation events have increased.
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Figure 7. Interannual variations and spatial patterns of extreme precipitation in Nepal (1979-2020).
(a—c) interannual variations, (d—f) spatial distribution of multi-year mean, (g—i) spatial distribution
of interannual variability. The cross areas in (g-i) indicate significant trend (p < 0.05). CWD is the
maximum consecutive wet days, R25d is the number of days with daily rainfall > 25 mm, and R95
is the 95th percentile of precipitation. The year 1996 is marked as a change point as shown by a
vertical dashed line. y represents the trend of the entire study period (black dotted line), and Slope
(mm yr~!) represent the ordinary least squares (OLS) trend of precipitation during the period before
and after 1996 (P1: 1979-1996; P2: 1997-2020), respectively. The red and blue dotted lines indicate that
precipitation has a decreasing and increasing trend at different stages, respectively. The regression
equation is for the entire study period.

Among the three regions, western Nepal had the longest consecutive wet days
(CWD = 49 days), but the lowest frequency (R25d = 12 days) and intensity (R95 = 29.2 mm)
of extreme precipitation. The eastern region showed the shortest duration of extreme pre-
cipitation events (CWD = 47 days), while the central region exhibited the highest intensity
and frequency of extreme events (R25d = 20 days, R95 = 36.5 mm) (Figure 7d—f). The inter-
annual variations in extreme-event characteristics were broadly similar across regions, with
CWD showing a decreasing trend, whereas R25d and R95 displayed significant upward
trends (Figure 7g—i). Around 1996, CWD in the central and eastern regions followed the
overall pattern, shifting from an increasing to a decreasing trend, while the western region
showed the opposite change (Figure S5a—d). For R25d, the central and eastern regions
aligned with the overall trend, whereas both the western and eastern regions exhibited a
sustained increasing tendency (Figure S5e-h). Across all regions, R95 consistently showed
an increasing trend before and after 1996 (Figure S5i-1).
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Extreme precipitation also exhibited a significant linear correlation with altitude,
though the correlation varied across different elevation ranges in different regions
(Figure S4c—p). The altitudinal trends of extreme indices in the western and central regions
resembled the overall pattern, whereas the eastern region displayed distinct differences.
Generally, the frequency, intensity, and duration of extreme precipitation events showed
negative correlations with elevation (CC < 0). In the western and central regions, both R25d
and R95 tended to decrease with increasing altitude below 6 km, while above 6 km, R25d
and R95 increased, and CWD decreased, indicating that short-duration heavy precipita-
tion events are more likely to occur at higher elevations. The altitudinal characteristics in
the eastern region differed from those in other areas, with the frequency and intensity of
extreme precipitation events remaining relatively stable across elevations.

3.3. Spatiotemporal Patterns of R-Factor Based on TPHiPr
3.3.1. Seasonal and Annual R-Factor

From 1979 to 2020, the R-factor across Nepal showed a significant increasing trend
(Figure 8a). The multi-year mean of the annual R-factor was 968 MJ] mm ha ! h™1 yr~1,
with an increasing rate of 6.3 M] mm ha~! h™! yr~2. The R-factor in the monsoon period
(June to September) dominated annual R-factor (Table S4), reflecting the effects of monsoon
precipitation that accounts for about 78% of the annual total precipitation. During the monsoon
period, the multi-year mean of the R-factor was 942 M] mm ha—1h1 yr’l, accounting for
about 97.3% of the annual R-factor, and increased at a rate of 6.0 MJ mm ha=! h™! yr’z,
contributing 95.8% to the annual R-factor change rate.
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Figure 8. Interannual variation of the annual R-factor across Nepal from 1979 to 2020: (a) Whole
Nepal, (b) Western Nepal, (c) Central Nepal, (d) Eastern Nepal. The year 1996 is marked as a change
point as shown by a vertical dashed line. y represents the trend of the entire study period (black
dotted line), and Slope (mm yr_l) represent the ordinary least squares (OLS) trend of precipitation
during the period before and after 1996 (P1: 1979-1996; P2: 1997-2020), respectively. The red and
blue dotted lines indicate that precipitation has a decreasing and increasing trend at different stages,
respectively. The regression equation is for the entire study period.
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The central region recorded the highest R-factor in the country, with an average annual
value of 1193 MJ mm ha~! h~! yr~1, followed by the eastern region (Table S5). However,
the R-factor in the eastern region experienced the largest increase over the past four decades,
at a rate of 6.9 MJ mm ha~! h~! yr=2 (Figure 8d). Before and after 1996, the R-factor in
western Nepal showed no distinct turning point, maintaining an overall increasing trend
that aligns with the overall trend of Nepal (Figure 8b). In contrast, the R-factor in the central
and eastern regions shifted from a decreasing to an increasing trend (Figure 8c,d). This
indicates a significantly rising trend of rainfall erosivity across the entire Nepal.

3.3.2. Spatial Distribution and Trend of R-Factor

Low values (<500 M] mm ha~! h~! yr~!) were found in the northwestern high-altitude
mountainous areas with low precipitation, while high values (>2000 M] mm ha~* h=! yr~1)
appeared in the central region with abundant precipitation. Additionally, relatively high R-
factor values were also present in parts of the southwestern and northeastern regions. The
spatial distribution pattern of the R-factor was similar to those of precipitation (Figure 6a),
R25d (Figure 7e), and R95 (Figure 7f).

Notably, the trend of the R-factor change was not fully synchronized with precip-
itation. Overall, the R-factor generally showed an increasing trend, especially in the
high-altitude areas of northern Nepal (Figure 9b). Meanwhile, a relatively significant
and rapid increasing trend was also observed in the low-altitude areas of the south-
west Nepal. However, precipitation exhibited a decreasing trend in this specific region
(Figure 6c), whereas both R25d and R95 in the same region show a significant increasing
trend (Figure 7h,i), highlighting the high sensitivity of the R-factor to extreme precipitation
intensity and frequency.

3.3.3. R-Factor Variation with Altitude

The R-factor decreased with the increasing altitude (Table 4). In areas below 3 km
in altitude, the R-factor exceeded 1000 MJ] mm ha=1 h1 yr’l, while in areas with the
altitude above 5 km, it was only about half of that value. R-factor showed a significant
interannual increasing trend in all altitude ranges (p < 0.05). The maximum increasing rate
of 7Z4MJmmha 1 h! yr’2 was observed in areas below 1 km in elevation, followed by
the medium-altitude areas of 2-3 km. In contrast, areas above 5 km exhibited the lowest
increasing rate, at 4.0 MJ mm ha=1h-1! yr‘z.

Regarding regional differences (Table S5, Figure S4g-t), the variation of the R-factor
with altitude in the western region was similar to the overall pattern in Nepal: the R-factor
decreased with increasing altitude below 6 km but increased above 6 km (Figure S4r). The
altitudinal distribution characteristics of the R-factor in this region were consistent with
those of R25d and R95 (Figure S4j,n). In the central region, the R-factor decreased with
altitude in the 3-6 km elevation range but showed an increasing trend in the 0-3 km and
above 6 km elevation ranges (Figure S4s). Its distribution pattern aligned well with annual
precipitation and R25d (Figure S4c,k). In the eastern region, the R-factor generally exhibited
a gradually decreasing trend with increasing altitude (Figure S4t), and its distribution
characteristics were similar to those of annual precipitation, R25d, and R95 (Figure S4d,1,p).
The increase in the R-factor was more pronounced within the 2-4 km altitude range
(Table S5).
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Figure 9. Spatial distribution of annual R-factor and its interannual trend (1979-2020): (a) multi-year
mean of the annual R-factor, (b) interannual trend of the annual R-factor. The cross-hatched areas
indicate a significant trend in the annual R-factor (p < 0.05).

Table 4. Multi-year mean (1979-2020) and changing rate of annual R-factor across different altitude
ranges in Nepal.

Elevation Multi-Year Average Annual R Changing Rate of Annual R
(m) (MJ mm ha—1hr-1yr1) (MJ mm ha—1 hr-1yr—2)

Whole region 968 6.3 **
<1000 1156 74%
1000-2000 1091 55*
2000-3000 1058 7.0 %
3000-4000 839 6.7 **
4000-5000 580 5.2 **
>5000 435 4.0**

*and ** indicate that the trend is significant at the 0.05 and 0.01 significance levels, respectively.
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4. Discussion
4.1. Data Limitations and Their Impact on Rainfall Erosivity Assessment

The significant discrepancies observed among the eight gridded precipitation datasets
(GPDs) evaluated in this study highlight the challenges in accurately characterizing precip-
itation patterns over complex terrains such as the Himalayas. Among them, the TPHiPr
dataset, which integrates observations from over 9000 stations, demonstrated the best per-
formance in capturing spatiotemporal precipitation patterns, particularly extreme events.
The discrepancies between the GPDs and ground-based observations can be attributed to
several factors: the terrain shielding effect in high-altitude Himalayan regions reduces the
accuracy of radar and satellite observations [80,81]; the data fusion algorithms of different
products (e.g., smoothing of extreme events in MSWEP) and differences in spatial reso-
lution (ranging from 0.25° to 0.03°, Figure S8) also lead to systematic overestimation or
underestimation [82,83].

The selection of GPDs should be based on specific application needs, as each dataset
has its own strengths in capturing different aspects of precipitation dynamics. All eight
datasets are capable of capturing the monthly variations and seasonal distribution of
precipitation in Nepal. However, they exhibit varying degrees of overestimation or under-
estimation compared to ground-based observations (Figure S6), particularly during the dry
season (e.g., winter). Meanwhile, different datasets capture different characteristics of the
interannual variability of precipitation. APHRODITE, IMERG, TPHiPr, and TRMM show
trends in annual precipitation, frequency, and intensity of extreme precipitation events
that are similar to those of ground observations (Figure S7). For continuous precipitation
events, only TPHiPr is relatively consistent with ground observations, though it exhibits a
slight overestimation. The substantial uncertainties in GPDs emphasize the importance
of ground-based observations for validation and calibration, particularly in high-altitude
areas where data are scarce.

Although TPHiPr shows the best performance in capturing Nepal’s precipitation
climatology, especially at high altitudes, all datasets contain biases that propagate into
the estimation of the R-factor. For example, PDIR-Now exhibits a relative bias of —28.6%
compared to ground observations and underestimates heavy precipitation (>25 mm) by
4.4% (Figure 4), which may lead to an underestimation of erosion risk. Conversely, the
overestimation of precipitation by ERA5-Land (RB = 47.0%) could result in an inflated
estimate of erosion in central Nepal. This variability underscores the necessity of dataset-
specific uncertainty quantification when applying GPDs to erosion modeling.

4.2. Analysis of Spatiotemporal Variations in Precipitation and Their Physical Mechanisms
4.2.1. Seasonal and Annual Precipitation

The TPHiPr dataset clearly shows an east-west gradient in annual precipitation,
consistent with the findings of ref. [53] (p. 26). However, the temporal trend identified
in our study differs from that reported in ref. [53] (p. 26), which suggested that eastern
Nepal became drier and western Nepal became wetter after 2003. Their conclusion was
derived using extreme precipitation indices calculated from local observation data. Changes
in the upper-level jet stream and the associated lower-level monsoon trough have been
identified as critical factors influencing extreme precipitation trends after 2003 [53]. Our
analysis indicates that 1996 marks a key turning point in precipitation trends across Nepal:
annual precipitation nationwide shifted from a decreasing to an increasing trend, but
regional responses diverged. The humid central and eastern regions experienced an
acceleration in precipitation increase, while the relatively drier western region transitioned
to a slight declining trend, with precipitation reduction during the dry season. The shift
in precipitation trends around 1996 is closely associated with documented changes in

https://doi.org/10.3390/1s18010069


https://doi.org/10.3390/rs18010069

Remote Sens. 2026, 18, 69

19 of 27

large-scale climate patterns and topographic effects. The precipitation trends in eastern and
central Nepal align with the enhancement of moisture transport from the Bay of Bengal
since the mid-1990s, while the trends in western Nepal reflect differentiated changes in
atmospheric circulation [84,85].

The differential responses across elevation intervals further highlight atmosphere—
terrain interactions. In eastern Nepal, precipitation shows a positive correlation with
elevation (CC = 0.21), whereas negative correlations are observed in the western and central
regions (CC = —0.43 and —0.02, respectively; Figure S4). This suggests that the dominant
moisture sources and transport pathways vary across the country. In the east, persistent
moisture supply enables continued orographic enhancement of precipitation even at higher
elevations. In the west, limited moisture supply restricts precipitation generation primarily
to lower elevations [86].

4.2.2. Extreme Precipitation

Based on the TPHiPr dataset, we observed an increase in the intensity of extreme
precipitation—R25d increasing by 0.2 days yr~! and R95 increasing by 0.4 mm yr~!
(p < 0.01), while the maximum consecutive wet days decreased (Figure 7). This repre-
sents a key shift toward more intermittent and higher-intensity rainfall, which is consistent
with previous findings [49]. We further highlight that this change exhibits distinct spatial
heterogeneity: robust growth in the central and eastern regions, while the increase is rela-
tively weaker in the western region. This disparity pattern likely stems from the interaction
between topography and monsoon moisture transport [53,87].

The elevation dependence of extreme precipitation changes reveals important nuances.
Although extreme precipitation frequency and intensity generally decrease with increasing
elevation (CC < 0), this relationship reverses above 6 km elevation in western and central
Nepal, where both R25d and R95 increase with elevation (Figure S4). This intensification
at high elevations, combined with a shortening of precipitation duration, indicates that
storm characteristics are changing in high-altitude areas. Specifically, more frequent, short-
duration, high-intensity events are increasing. Notably, there is a decoupling between
total precipitation and extreme precipitation trends in western Nepal. Despite a declining
trend in annual precipitation, extreme precipitation indices show increases, indicating a
redistribution of precipitation toward fewer but more intense events. Due to the nonlinear
relationship between rainfall intensity and erosive energy, this shift is expected to have a
disproportionately large impact on erosion.

4.3. Rising R-Factor and a Large Variability Across Nepal

Our study shows that estimating the R-factor using only annual precipitation time
series, without considering intra-annual variability and extreme rainfall events, may lead
to bias in a region such as Nepal where monsoon rainfall is prominent and rainfall intensity
varies spatially. However, because there are no long-term observation stations in areas
above 4 km elevation in Nepal, R-factor estimated based on station data may be inaccurate
for high-mountain areas [3]. This study employed a common model to estimate the R-factor
at the national level. We acknowledge that there are many other models for estimating
the R-factor with different data requirements, and direct comparisons among published
products are challenging and problematic.

Previous studies have shown similar spatial distributions of the R-factor, but we
found large discrepancies in the numerical values. For example, ref. [45] (p. 25)
used an annual precipitation map to show that the R-factor values ranged from 150 to
2000 MJ mm ha~! h~! yr=!, which is similar to our results. Due to the diversity of estima-
tion methods and data sources, R-factor values reported in other studies at the basin or

https://doi.org/10.3390/1s18010069


https://doi.org/10.3390/rs18010069

Remote Sens. 2026, 18, 69

20 of 27

national scale range from several hundred to tens of thousands [3,46,88-90]. Ref. [3] (p. 24)
produced the first national R-factor map but acknowledged significant uncertainties above
4000 m due to sparse station coverage.

This study is the first to independently analyze the long-term dynamics of the R-factor
across Nepal based on long-term gridded daily precipitation data. The results indicate
that, under the combined influence of an overall increase in total precipitation and extreme
precipitation events, Nepal’s R-factor increased significantly (6.3 M] mm ha~! h=1 yr=2),
especially during the monsoon period. One of the most critical findings is that in western
Nepal, despite a declining trend in annual precipitation, the R-factor increased sharply. This
highlights the high sensitivity of the R-factor to precipitation intensity and frequency rather
than total amount. Analysis reveals that extreme precipitation indices (R95, R25d) in this
region increased significantly during the same period (Figure 7h,i). This indicates that even
as total rainfall decreases, the precipitation structure is shifting toward “fewer but more
intense” events. A few high-intensity events can contribute far more to annual erosivity
than numerous light-rain events. Ref. [90] (p. 27) emphasized that the R-factor depends
not only on total precipitation but also on the pattern and intensity of precipitation, which
also affects rainfall erosivity. This finding carries an important warning: in the context of
climate change, focusing solely on precipitation amount trends may mislead the assessment
of soil erosion risk. A region that is becoming “drier” in terms of annual precipitation may
actually face aggravated soil-loss threats if accompanied by an increase in heavy rainfall
events. This also highlights the necessity of incorporating extreme-precipitation dynamics
into erosion models, because traditional models based solely on monthly or annual total
precipitation may underestimate erosion risk in high-elevation areas.

4.4. Toward Better Future Management of Soil and Water Resources

As a nation of approximately 30 million people heavily reliant on climate-sensitive
subsistence agriculture and natural resource-based livelihoods [52], the integrity of water
and soil resources is fundamental to Nepal’s food security, economic stability, and com-
munity resilience. The intensifying monsoon patterns, shifting precipitation regimes, and
escalating rainfall erosivity documented in this study are not merely climatic statistics, but
tangible risk drivers affecting millions of people. Therefore, translating this high-resolution
climatic understanding into actionable management strategies is crucial for Nepal’s
sustainable development.

Our study demonstrates that the high uncertainty of precipitation in high-elevation
areas hinders accurate estimation of the R-factor. The scarcity of long-term meteorological
data over complex terrain, especially at high elevations, severely constrains observation-
based national-scale hydrological and soil-erosion risk assessments. Remote mountainous
regions indeed generally face a severe shortage of hydrological and meteorological data.
Part of the reason is that government agencies often assign lower priority to high-elevation
sites due to cost and logistical challenges [91]. In Nepal, 80% of the hydrological stations
installed by the Department of Hydrology and Meteorology (DHM) are located at low
altitudes (<500 m). The lack of monitoring of precipitation and river flows in high-elevation
watersheds can lead to serious prediction errors of major floods during the monsoon
season. For example, due to strong interannual variations in river flow and sediment,
some large high-elevation watersheds, which include rain-on-snow runoff mechanisms, are
sources of flood hazards and are rarely used by mountain communities for water supply
and irrigation. Instead, local residents rely on smaller streams for irrigation [92]. Small
settlements are typically situated at high elevations beyond the reach of any national-
scale water-resources management and planning interventions. With very limited hydro-
meteorological information, mountain communities heavily depend on their indigenous
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knowledge to manage the available water resources, which are increasingly vulnerable to
climate change [93]. Therefore, our study also recommends that precipitation monitoring
efforts should prioritize high-elevation areas where GPDs exhibit greater uncertainty. This
suggestion aligns with ref. [94] (p. 27), which calls for more weather stations in high-altitude
regions to monitor potential evaporation for water-balance calculations.

Our analysis reveals the most pronounced increases in the R-factor within the
2—4 km elevation range (Table 4, Figure 9), which coincides with the densely populated
Middle Hills—a region critical for staple crop production (e.g., rice, maize, wheat). This
escalating erosivity directly threatens the region’s thin topsoil layer, the foundation of its
agricultural productivity. Accelerated soil loss can lead to declining crop yields, increased
siltation of vital irrigation channels, and reduced water retention capacity of soils [2]. For
communities predominantly engaged in subsistence farming, these impacts compound
existing vulnerabilities, potentially undermining household food security and income. This
calls for adjustments in agricultural practices, promoting soil and water conservation mea-
sures such as contour farming, terracing, and cover cropping, and integrating erosion-risk
information into agricultural extension systems.

The diverging precipitation trends portend contrasting sets of socio-ecological chal-
lenges (Figure 5, Table 3). In western Nepal, the observed decline in dry-season precipitation
exacerbates the region’s inherent aridity. This trend is likely linked to the depletion of
springs and baseflows, heightening drought stress on rain-fed agriculture and forests, and
intensifying competition for scarce water resources. Such conditions will threaten the water
security of mountain communities, potentially triggering livelihood stresses and migration
pressures [4,6]. Conversely, central and eastern Nepal are experiencing not only increased
total rainfall but, more critically, a significant rise in the intensity and frequency of extreme
precipitation events (Figure 7). This shift greatly elevates the risks of flash floods, landslides,
and associated infrastructure damage (roads, bridges, settlements). These hazards can
cause immediate loss of life and property, disrupt transportation and market access, isolate
communities, and lead to substantial economic losses. Moreover, the increased sediment
load from heightened erosion can silt up reservoirs, reducing the lifespan and efficiency of
critical hydropower infrastructure [3,18,19].

Overall, the information derived from this study can aid in designing nature-based
solutions to address future changes in precipitation and erosion—two critical hydrological
variables that govern watershed processes and ecosystem resilience. In low-elevation
areas (<1.5 km), although the R-factor is high, communities possess relatively stronger
adaptive capacity. Emphasis should be placed on floodplain management, irrigation sys-
tem maintenance, promotion of erosion-resistant crop varieties, and the development of
community-based flood-warning systems. Mid-elevation areas (1.5-4 km) represent a criti-
cal zone characterized by dense populations, active agriculture, and the most pronounced
increasing trend in the R-factor. Policies should prioritize strengthening soil and water
conservation engineering in this region, imposing strict limits on steep-slope cultivation
in land-use planning, and advancing community-based integrated watershed manage-
ment. In high-elevation areas (>4 km), observational data are scarcest and uncertainties
greatest, yet the increasing trend of the R-factor is evident. These areas serve as important
water-source regions for downstream catchments. The primary recommendation is to
strategically establish additional hydro-meteorological monitoring stations at feasible sites.
Future research should prioritize: (1) developing elevation-sensitive erosion models that
incorporate the nonlinear relationships between precipitation characteristics and erosivity;
(2) generating high-resolution projections of future R-factor changes using dynamically
downscaled climate models; and (3) conducting integrated erosion-risk assessments that
account for land-use change scenarios and adaptive management options. Such work
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will support Nepal in implementing targeted, science-based soil-conservation strategies
under changing climatic conditions, while enabling comprehensive cost-benefit evalu-
ations of different soil-conservation measures and their impacts on food security and
livelihood improvement, thereby providing more direct decision-support for sustainable
resource management.

5. Conclusions

Our study represents the first comprehensive analysis of long-term precipitation
(including extreme events) and rainfall erosivity (R-factor) across Nepal using multiple
precipitation data sources. The results indicate that global gridded precipitation datasets
exhibit significant discrepancies compared to local ground observation data, and ground-
based observational data for high-altitude regions are particularly lacking.

Overall, since 1996, annual precipitation in eastern and central Nepal has increased
significantly, while it has decreased to some extent in the western region. Over time,
extreme precipitation events have become more frequent and intense, although the duration
of precipitation events has shortened. The R-factor values across Nepal have increased
significantly and exhibit altitude dependence, and this increase is not fully synchronized
with trends in total precipitation. Even in the western region, where annual precipitation is
decreasing, erosion risk is on the rise, highlighting the high sensitivity of the R-factor to
changes in rainfall intensity and frequency rather than total amount.

Our study suggests that hydro-climatic extremes are intensifying and diverging across
Nepal. Erosion and flooding threats driven by monsoon rainfall are worsening in the
central and eastern regions, while water scarcity during the dry season is becoming increas-
ingly severe in the west. The findings emphasize that soil erosion risk assessment cannot
rely solely on trends in total precipitation but must also account for changes in rainfall
intensity and frequency. This necessitates the development of differentiated watershed
management strategies tailored to different regions and elevations. Prioritizing soil and
water conservation measures in vulnerable mid-elevation agricultural zones, enhancing
hydro-meteorological monitoring in data-scarce high-altitude areas, and integrating ex-
treme precipitation dynamics into erosion models are crucial for building resilience in the
context of climate change.
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