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Abstract

In this study, we investigate the influence of urban morphology on pre-monsoon temperature regimes in the Doon Valley,

a complex intermontane basin in the western Himalayas, using high-resolution (2X2 km?) Weather Research and Forecasting
(WRF) model simulations for the year 2021. The model employed a threefold nested domain (18-6-2 km) configuration with
National Centers for Environmental Prediction — Final Analysis NCEP-FNL) (0.25°%0.25°) global analyses as boundary
conditions. To represent the rapidly expanding built environment of Dehradun, a simulation incorporating the Urban Canopy
Model with the Building Effect Parameterization (WRF-UCM-BEP) was conducted and validated against ground-based
observations from both Dehradun (urbanized valley, ~640 m ASL) and Mussoorie (hill station, ~2005 m ASL). The inclusion
of urban canopy physics markedly improved model performance in Dehradun, reducing mean absolute error and root mean
square error by 15-20% relative to the control run and increasing correlation and agreement for ambient (2 m) air temperature
(r = 0.83 — 0.86; index of agreement = 0.72 — 0.78). In contrast, improvements in Mussoorie were marginal, confirming that
urbanization-driven heat storage and morphology dominate thermal behavior within the valley city. The WRF-UCM-BEP
simulation effectively reproduced the ambient urban heat island (UHI), with persistent nighttime warming of 1-2°C over
Dehradun’s city core and a more realistic diurnal cycle. The model also improved representation of the surface UHI, showing
stronger spatial coherence and closer agreement with MODIS 1 km land-surface temperature patterns. Vertical diagnostics
revealed that WRF-UCM-BEP improved the vertical depiction of boundary-layer structure, weakening katabatic winds

(—1.5 to —2 m s'), suppressing nocturnal inversion, and capturing elevated warm layers consistent with observed mixing profiles.
The results demonstrate that urban morphology exerts dominant control over both ambient and surface thermal environments
in Dehradun, underscoring the importance of realistic multilayer urban-canopy parameterizations in high-resolution, nested

mesoscale modeling of Himalayan cities.
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1. Introduction

Numerical weather prediction (NWP) models such as the Weather Research and Forecasting (WRE)
model (Skamarock et al. 2019) have become indispensable tools for simulating atmospheric processes,
and have been extensively used over complex mountainous terrains (Zhang et al. 2013; Karki et al. 2017;
Arthur et al. 2018; Luna et al. 2020; Navale, Singh 2020; Golzio et al. 2021; Min et al. 2021; Singh et al.
2021; Zhang et al. 2022; Liu et al. 2023; Biswasharma et al. 2024). However, the performance of these

models is sensitive to topography, grid size, and the choice of physical parameterization schemes,
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including planetary boundary layer (PBL) schemes, microphysics, and cumulus parameterizations (Arthur

et al. 2018; Navale, Singh 2020; Singh et al. 2021; Golzio et al. 2021; Liu et al. 2024; Singh et al. 2024b).

Previous studies have demonstrated the importance of high-resolution WRF simulations in improving
meteorological representation in mountainous regions. For example, Zhang et al. (2013) applied a
probability matching approach to correct satellite rainfall biases using WRF simulations, while Karki et al.
(2017) evaluated WRF performance at multiple resolutions (25, 5, and 1 km) over the Khumbu and
Rolwaling regions, highlighting that finer resolutions capture monsoonal precipitation peaks more
realistically. Arthur et al. (2018) introduced topographic shading and slope effects in WRF through the
Immersed Boundary Method, showing improvements in surface energy fluxes and thermally driven flows.
Similatly, Luna et al. (2020) improved meteorological simulations over Bogota by replacing the default
elevation with Alos-PALSAR DEM data. These examples demonstrate that WRE’s ability to represent

local climate strongly depends on topographic representation and resolution.

Topographic modifications also alter atmospheric instability. For instance, Navale and Singh (2020) used
WREF experiments over the Northwest Himalayas, finding that variables such as relative humidity,
convective available potential energy (CAPE), and wind speed respond significantly to changes in
elevation and valley representation. Golzio et al. (2021) emphasized the influence of land-use datasets on
simulations over the Italian Alps, while Singh et al. (2021) showed that finer resolution reduces biases in
Central Himalayan simulations compared to Ganges Valley Aerosol Experiment (GVAX) observations.
More recently, Liu et al. (2023, 2024) highlighted the sensitivity of WRI precipitation to microphysics,
cumulus, and Planetary Boundary Layer (PBL) schemes over the Tibetan Plateau. Collectively, these
studies stress that WRE simulations over complex terrain demand careful design of physics options and

boundary conditions.

Urban morphology adds another layer of complexity. The incorporation of UCM and BEP into WRE has
enabled researchers to capture urban heat island (UHI) effects and altered boundary-layer processes. For
example, Lin et al. (2016) demonstrated improvements in diurnal air temperature simulation over Taiwan
with UCM modifications, while Gaur et al. (2021) and Silva et al. (2021) showed that multilayer urban
schemes better represent wind, humidity, and temperature extremes in Ottawa and Lisbon, respectively.
Bilang et al. (2022) applied WRF-UCM to Manila and found improved simulation of high-heat events, and
Roukounakis et al. (2023) highlighted the statistical significance of UCM inclusion over Athens. These
findings confirm that representing urban morphology is essential for simulating near-surface meteorology
in cities.

Despite these advances, studies coupling WRF-UCM over complex mountainous valleys that host rapidly
urbanizing cities remain scarce. Intermontane basins such as the Doon Valley in Uttarakhand, India,
present a unique challenge where urban expansion interacts with steep topography and thermally driven
circulation. These considerations motivate the present study, which aims to evaluate high-resolution WRF

simulations (2X2 km?) over the Doon Valley, compare them with ERA5, validate them against ground-



based observations, and explicitly assess the role of urban morphology through the UCM-BEP scheme.
Specifically, we test whether including urban morphology improves simulation of temperature regimes

during the pre-monsoon season, when urban heat effects are climatologically strongest.

2. Methodology

2.1. Study area

The Doon Valley, in the western Himalayan region of India within the state of Uttarakhand, forms an
elongated intermontane depression bordered by the Siwalik Hills to the south and the Mussootie Range
(Lesser Himalaya) to the north. The domain spans 29.8°N — 31.2°N and 77.2°E — 78.8°E (Fig. 1). The
valley’s physiographic configuration results from the tectonic interplay between the Main Boundary Thrust
(MBT) and the Himalayan Frontal Fault (HFF), which created a broad synclinal basin filled with
Quaternary alluvium and piedmont deposits (Valdiya 1980; Thakur, Rawat 1992). Elevation ranges from
about 400 m in the southern plains to over 2000 m along the northern ridges, establishing a steep north-

south gradient that strongly influences thermal stratification and wind systems.
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Fig. 1. Terrain of the study domain. The central area is the Dehradun district (Doon Valley area). The two red stars
are the locations of IMD observation stations: Dehradun Mokhampur (30.32°N, 78.03°E, ~640 m altitude) and
Mussootie (30.45°N, 78.08°N, ~2005 m altitude). The map was prepared from the data of SRTM V3 product
(SRTM Plus) provided by NASA JPL at a resolution of 1 arc-second (Farr et al. 2007).



This complex topography fosters diurnally reversing thermally driven circulations, characterized by
daytime upslope (anabatic) and nighttime downslope (katabatic) winds, which play a crucial role in
regulating the valley’s temperature and ventilation (Karki et al. 2017). At the basin floor lies Dehradun, the
capital of Uttarakhand (~640 m ASL), which has undergone rapid urban expansion in recent decades. The
juxtaposition of this highly urbanized valley city with the adjacent Mussoorie hill station (~2005 m ASL) —
a relatively undisturbed, forest-dominated region — creates a natural laboratory for studying urban-
topographic interactions and the modulation of temperature regimes and urban heat island (UHI) effects

in a2 mountainous environment.

Figure 1 shows the terrain configuration of the study domain derived from the SRTM V3 (1-arc-second)
digital elevation model (DEM) provided by NASA JPL (Farr et al. 2007). The Dehradun district (central
area) represents the core of the Doon Valley; the two red stars indicate the locations of the India

Meteorological Department (IMD) stations at Dehradun Mokhampur (30.32°N, 78.03°E, ~640 m) and
Mussoorie (30.45°N, 78.08°E, ~2005 m). The steep elevation contrast between these stations highlights

the valley’s orographic control on local meteorology.
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Fig. 2. Land use/land cover (LULC) for: the Doon Valley area (left map); the Dehradun district. The tegion shaded
in red shows the built-up area (urban region) (right map). The region inside the dotted rectangular boundary in both
(a) and (b) is the Dehradun city municipal area. The LULC map was obtained using a dynamic world dataset, which
is a 10 m near-real-time (NRT) LULC dataset derived from Sentinel-2 L1C collection (Brown et al. 2022). The region

shown within the dotted line in (a) shows Dehradun city and its surroundings.

Figure 2 presents the LULC distribution derived from the Dynamic World 10 m near-real-time dataset
(Brown et al. 2022). Built-up areas (shown in red) are concentrated around the Dehradun municipal
region, delineated by the dotted rectangular boundary, whereas surrounding areas are predominantly
agricultural or forested. This spatial heterogeneity emphasizes the interplay between urban surfaces and

natural terrain, which governs energy exchange, boundary-layer structure, and diurnal thermal gradients.



Thus, the Doon Valley offers a natural laboratory to study coupled urban-topographic interactions under
pre-monsoon conditions, whete both steep terrain and rapid urbanization jointly shape temperature

distribution, local circulations, and the evolution of UHI phenomena.

2.2. WRF model

The Advanced Research WRE (ARW) modeling system version 4.2 (Skamarock et al. 2019) was used to
simulate meteorology over the Doon Valley from 22 December 2020 to 1 January 2022, covering the full
calendar year 2021. The first 10 days (22-31 December 2020) were treated as the model spin-up period.
The year 2021 was selected because: (1) it represents a recent year with complete availability of high-
quality IMD station data at both valley (Dehradun) and hill (Mussoorie) sites, and (2) it exhibited typical

pre-monsoon conditions (March-June) with multiple heat events, making it suitable for UHI evaluation.

Fig. 3. The three-fold (1:3 ratio) nested domain (D01: 18X 18 km?, D02: 6X6 km2, D03: 2X2 km?) for WREF model
set-up in the present study [obtained through WRF-domain wizard (NCAR 2008)]. The yellow circles 1, 2, and 3
depict the centers of domains D01, D02, and D03.

The WREF model employs a fully compressible, non-hydrostatic dynamical core with terrain-following
vertical coordinates. Three nested domains (1:3 ratio) were used at 18 km, 6 km, and 2 km resolution,
respectively, with the innermost domain focused on the Doon Valley (Fig. 3). Boundary conditions were
derived from NCEP GDAS/FNL 0.25° global analyses. The following physical parameterizations were
applied, based on prior Himalayan studies (Navale, Singh 2020; Singh et al. 2021; 2024b):



e Microphysics: WSM 3-class scheme (Hong et al. 2004).

¢ Planetary Boundary Layer (PBL): YSU scheme (Hong et al. 2000).

e Cumulus physics: Kain-Fritsch scheme (Kain 2004).

o Surface layer: Monin-Obukhov scheme (Monin, Obukhov 1954; Namdev et al. 2024).
e Land surface: Noah LSM (Ek et al. 2003).

¢ Longwave radiation: RRTM (Mlawer et al. 1997).

2.3. Urban Canopy Model — Building Effect Parameterization (UCM-BEP)

To represent urban canopy, we used the multilayer Building Effect Parameterization (BEP) scheme
(Martlli et al. 2002; Mussettl et al. 2020; Hendricks, Knievel 2022), an option in WRF v4.2. The Urban
Canopy Model BEP simulation was run for the pre-monsoon period (21 March — 30 June 2021,

considering 21-Mar to 31-Mar as the spin-up petiod), during summer when UHI effects are strongest.

Unlike the single-layer UCM, BEP discretizes the urban canopy into multiple vertical layers and explicitly treats

heat and momentum exchanges between roofs, walls, and roads. The momentum equation in BEP is:
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where:

e U is the horizontal wind component,

e (pis the drag coefficient for buildings,

. % is the ratio of building frontal area to volume at height z,

e Vs the eddy viscosity.

The energy balance in each urban layer is calculated for three distinct surfaces: roof, wall, and road. Each

surface has its own surface energy balance:
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where:

e (% is the net radiation,

e (Qpis the sensible heat flux,

e (g is the latent heat flux,

e (g is the ground (or conductive) heat flux,

e (4 is the anthropogenic heat flux (redundant in this study).

The vertical profiles of temperature, humidity, and wind are updated using these energy and momentum
exchanges at each model level within the urban canopy, thereby improving the representation of the urban

boundary layer (UBL) structure (Mussett et al. 2020).



In this study, the NOAH land surface model (LSM) (Ek et al. 2003) was used in conjunction with the
BEP-UCM framework to provide realistic treatment of soil moisture, evapotranspiration, and urban land-
use interactions. The NOAH LSM supportts the coupling of BEP with surface processes by enabling
separate treatment of vegetated and impervious surfaces. The urban classification in the land-use data set
(based on MODIS/USGS) triggers the UCM-BEP parameterizations over urban grid cells. Further, the
BEP module enables building morphology parameters (e.g., average building height, street width, building
fraction) to be user-specified or retrieved from lookup tables, facilitating more accurate representation of
urban heterogeneity in grid-scale simulations. The default values used for Dehradun city were: average
building height = 7.5 m, building width = 15 m, street width = 20 m, and im pervious fraction = 0.9,
typical of high-density urban cores (Garuma 2018). By explicitly resolving radiative trapping and dynamic
drag in street canyons, the WRF-UCM-BEP system captures the thermal inertia of urban areas, their
delayed nighttime cooling, and their suppression of thermally driven flows, which are critical to simulating

urban heat island (UHI) effects in mountainous regions like the Doon Valley.

2.4. ERA-5 data

The ERA5 global reanalysis from the European Centre for Medium-Range Weather Forecasts (ECMWIE)
was used to evaluate large-scale temperature patterns. ERA5 employs the Integrated Forecasting System
(AES) Cycle 4112 with a four-dimensional variational (4D-Var) data assimilation scheme that incorporates
satellite, radiosonde, aircraft, and land observations. It provides houtly data at 0.25° (~31 km) resolution
on 137 model levels. For improved near-surface representation, we used the ERA5-Land subset at
0.1°X0.1° (~9 km) resolution, which re-runs the IFS land component (HTESSEL) with enhanced land-
surface and boundary-layer physics (Copernicus Climate Data Store 2024). ERA5-Land provides houtly
temperature, soil, and flux variables with better land heterogeneity and topographic detail. In this study,
ERA5-Land data for January-December 2021 were retrieved from the Copernicus Climate Data Store
(CDS) and bilinearly interpolated to the WRE outer domain for consistent comparison with model

outputs over the Doon Valley.

2.5. Surface observation data

Hourly meteorological observations were obtained from India Meteorological Department (IMD) stations
at Dehradun Mokhampur (30.32°N, 78.03°E, 640 m) and Mussoorie (30.45°N, 78.08°E, 2005 m)

(locations shown in Fig. 1). These served as the reference for validating WRF outputs.

2.6. Evaluation metrics

To evaluate the WRE simulation against the ground-based observations, we used the statistical metrics
correlation (1), root mean square error (RMSE), index of agreement (I 0A), mean absolute error (MAE),
mean absolute percentage error (MAPE), and normalized root mean square error (NRMSE) (Willmott
1981; Karppinen et al. 2000; Borrego et al. 2008).
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where S; and 0; are simulated and observed values, 1 is the number of samples, and 0 and S are the

means of observed and simulated values.

3. Results and discussion

The WRE simulation was run for the entire year 2021, spanning from 22 Dec 2020 to 01 Jan 2022, with a
model spin-up period of 22-31 Dec 2020. The simulation covered the domain 29.8°N to 31.2°N and
77.2°E to 78.8°E, the Doon Valley region, at 2X2 km? resolution. The WREF simulation was catried out in
three nested domains (18X18 km2, 6X6 km2, 2X2 km?2). As discussed in the Methods section, the WRF
physics schemes were chosen in view of earlier WRF studies of the same region that provided optimum
results, ie., the YSU scheme for the boundary layer (Navale, Singh 2020; Singh et al. 2024b). The high-
resolution WRF meteorological simulations have been compared with 0.1°X0.1° resolution ERA-5 to
assess the effect of high-resolution distinctive features. The WRE simulated meteorology has been
evaluated against ground-based observations for an entire year at the valley site (Dehradun) and the hill
site (Mussoorie). Dehradun has become highly urbanized in recent decades; hence, WRF with the Urban
Canopy Model (UCM) using the BEP scheme has been run over the region, and the performance of WRF
and WRF-UCM has been compared.

3.1. High resolution features: WRF simulation at 2X2 km resolution vs. ERA-5 Land data
at 0.1°x0.1° resolution

The WRF meteorological simulation for 2 m temperature and 2 m relative humidity, and its comparison
with ERA-5 Land data at 0.1°X0.1° resolution, are presented in Figures 4 and 5. The WRF simulated at
higher resolution, allowing it to capture small-scale temperature variations in greater detail. This feature is
evident in the more granular patterns (Jun-2021), especially in the valley and hilly regions. The ERA-5
Land data (right) has a coarser resolution (~10 km), leading to a smoother representation of temperature
variations over the region; however, the finer details, such as local temperature variations in valleys and

ridges, are not well captured. The WREF modelis better at capturing local heating and cooling effects, likely



influenced by elevation, land use, and terrain. This enhancement is important for valleys like Doon, where
complex topography plays a significant role in temperature distribution. The ERA-5 data set, while useful
for large-scale trends, cannot resolve fine-scale topographic influences as effectively as WRE’s higher
resolution simulation. The wintertime (January 2021) comparison shows that WRE exhibits stronger
cooling in the north (blue shading), corresponding to hill and mountainous areas, while southern valley
regions remain warmer, showing the expected winter temperature inversion. Colder regions are less

pronounced in ERA-5, suggesting weaker resolution of temperature inversion effects in the valley.
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Fig. 4. Compatison of 2 m temperature from WRF (2X2 km? resolution) simulation (left) and ERA-5 (0.1°X0.1°)
resolution (right) for June 2021 (upper panels) and January 2021 (lower panels).

Figure 5 compares 2 m relative humidity (RH) between the WRF (2X2 km?) simulation and ERA-5
(0.1°%0.1°) data for the monsoon season (July 2021) and the pre-monsoon season (April 2021). In the
monsoon season (July 2021), WRE captures significant spatial variability in RH, especially over hilly areas
where RH is locally higher. It shows pockets of high RH (>80%) in northern and central regions, likely
the effect of orographic lifting causing moisture accumulation. Sharp humidity gradients are evident,
reflecting terrain influence on moisture distribution. The ERA-5 results show a smoother distribution of
RH with a large-scale gradient from south (~40-50%) to north (~80%). It lacks the fine-scale humidity
variations caused by local terrain effects. The WRE’s high resolution simulation captures orographic
moisture enhancement due to monsoon winds interacting with the terrain. As seen in WRF, orographic

lifting causes higher RH over hills, an effect not well-represented in ERA-5. Evidently, the local



convective systems, which increase humidity locally, are better captured in WRE. In the pre-monsoon
season (April 2021), the WRF shows widespread lower RH (<40%), especially in the southern and central
parts of the region, while there is higher RH in some northern areas, likely due to local moisture retention

in higher-altitude regions.

The ERA-5 depicts a more uniform humidity field, lacking the local variations seen in WRF, showing
higher RH (~50-60%) over northern areas, but the distribution of lower RH is smoother.

sisn monthly mean Relative Humidity for July-2021 Monthly mean July-2021 2m relative humidity from ERA-5 land data at 0.1°x0.1° resolution
£
90
31N 80
75
70 . -
30.8°N |+ 9 S g
“ 2 03
5 30.6°N £
30.6°N |- 50 B g
e f,
40 ¢ 30.4°N frrmen i 45 2
2 ]
30.4°N 2 B
< 4 &
[} .4
0z 30.20n [ROIL 40 WP 11 0C) 30 €
30.2°N 4 f/gl
30°N [SEEE—— s 15
30°N 1¢ L
= 0 29.8°N 0
77.2°E 774°E  77.6°E  717.8°E  78°E  78.2°E 78.4°E 78.6°E 78.8° 77.4°E 77.6°E 77.8°E 78°E 78.2°E 78.4° 78.6°E 78.8°E
monthly mean Relative Humidity for Apr-2021 Monthly mean Apr-2021 2m relative humidity from ERA-5 land data at 0.1°x0.1° resolution
31.2°N - Vet
90
H 90
. i 31N
31°N | - 80 P// {\ Cé,\/\
i)
§ 75
0. 30.8°N Lo by N 3
30.8°N | 1 3 &
= 2
2 60 3
2 Tt P =
306N |- S0 E N 3
3
z 453
wy ;-
30.4°N |- 2 2
o «
g 30 E
~N
30.2°N 5
15
30°N |- 0
0

712°E 77.4°6E 776°E 77.8° 78°E 78.2°E 78.4°E 78.6°E 78.8°E 77.4°E T776°E 77.8°E 78°E 78.2°E 784°E 78.6°E 78.8°FE

Fig. 5. Compatison of 2 m relative humidity from WRF (2X2 km? resolution) simulation (left) and ERA-5
(0.1°x0.1°) resolution (right) for July 2021 (monsoon season) (upper panels) and April 2021 (pre-monsoon season)

(lower panels).

3.2. Evaluation of WRF simulation with ground observations

The year-long (1 January 2021 through 30 December 2021) validation of WRF-simulated 2 m temperature
was compared with observations from two ground-based meteorological stations of the India
Meteorological Department (IMD) within the simulated domain. Figure 6 presents the WREF-simulated
hourly temperature variations (2 m temperature) versus the ground meteorological observations for 2021
at two locations, Dehradun Mokhampur and Mussoorie. The model was validated against ground
observations for houtly temperature, the daily median temperature, and the daily peak 90th percentile
temperature. The validation metrics (r; JOA, MAE, and RMSE) for both locations are presented in Table 1.

The hourly temperature simulations provide insight into the model’s ability to capture diurnal variations,

10



but daily median temperature is a robust metric better reflecting the central tendency of temperature
variations while minimizing the influence of extreme values. The 90th percentile temperature represents

peak daytime warming events, which are crucial for assessing extreme heat conditions.

Dehradun Mokhampur (ASL ~ 640 m) from 1/1/2021 to 30/12/2021 Mussorie (ASL ~ 2005 m) from 1/1/2021 to 30/12/2021
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Fig. 6. The time series of houtly 2 m temperature variations obtained from WREF simulation and the observations
from the IMD meteorological stations from 1 January 2021 through 30 December 2021 at Dehradun (left) and

Mussoorie (right).

The comparison between WRF-simulated and observed temperatures shows that WRFE performs
reasonably well in both locations but exhibits greater discrepancies in Dehradun compared to Mussootie.
The correlation coefficient and /OA are relatively high for both locations (Table 1), indicating a general
agreement between simulations and observations. The MAE and RMSE are larger for Dehradun than
Mussootie (Table 1), suggesting that WREF is less precise in urban conditions. The validation metric results
for daily median temperature show that the correlation and /04 remain high, but slightly better than for
hourly temperatures, indicating that WRF can capture the overall temperature trend more accurately. The
errors (MAE and RMSE) are still higher for Dehradun, implying that urban dynamics such as heat
retention and urban canyon effect are not well represented in the model. The validation metrics for daily
peak 90t percentile temperature reveal lower correlation and /OA compared to median temperature,
indicating greater difficulty in capturing peak temperature events. The error metrics were larger, especially

in Dehradun, where extreme daytime temperatures are more affected by urban morphology.

For Mussoorie, WRF performs better, likely because WRE accurately incorporates the land-atmosphere
interactions over complex mountainous terrain. However, for the Dehradun region, the MAE and RMSE
are higher, possibly because the city has grown rapidly and the WRF simulation has not included all of the
urban features. In the next section, the performance of the WRF simulation, after including urban

features, is discussed.

3.3. Impact of urban features: WRF-UCM (BEP) simulation and its evaluation
The WRF-UCM with BEP scheme incorporates urban morphology by considering three-dimensional
urban structures, urban canyon effects, and heat exchange between buildings and the atmosphere. The

WRF-UCM with BEP scheme was run for the pre-monsoon season (22 Mar 2021 to 20 Jun 2021, where

1"



the period 22 Mar 2021 to 31 Mar 2021 is the model’s spin-up period) to assess the urban effects as
effectively as possible. The impact of these modifications is assessed using key statistical metrics: 1; /0A,

MAE] and RMSE for three temperature categories: hourly temperature, daily median temperature, and

daily peak 90th percentile temperature (Fig. 7).

Table 1. Validation metrics of WRF simulations against IMD observations for 2021.

Location | Metric Houtly T2 Daily Median T2 Daily 90th Percentile T2
r 0.80 0.84 0.71
104 0.72 0.77 0.65
MAE (°C) 4.9 5.3 6.1

Dehradun
RMSE (°C) 5.7 5.7 6.8
MAPE (%) 14.2 12.7 15.8
NRMSE (%) 13.5 12.9 15.1
r 0.87 0.89 0.81
104 0.79 0.83 0.74
MAE (°C) 3.4 3.1 4.2

Mussoorie
RMSE (°C) 4.2 3.9 4.8
MAPE (%) 9.8 8.9 10.7
NRMSE (%) 10.4 9.2 11.0

Table 2. Comparison of validation metrics for WREF and WRF-UCM (BEP) during the pre-monsoon season
(March-June 2021) at Dehradun and Mussoorie.

. . MAE RMSE MAPE NRMSE
Location Variable Model r 104 O °0) %) %)
WRF 0.80 | 0.72 4.9 5.7 14.2 13.5
Houtrly T2
: WRF-UCM (BEP) [ 0.83 | 0.78 4.1 4.9 12.0 11.6
WRF 0.84 | 0.73 5.3 5.7 13.0 13.2
Dehradun | Median T2
WRF-UCM (BEP) [ 0.86 | 0.78 4.3 4.7 11.4 11.0
WRF 0.71 | 0.65 6.1 6.8 15.8 15.1
90th Percentile T2
WRF-UCM (BEP) | 0.78 | 0.70 5.0 5.9 13.2 13.0
WRF 0.87 | 0.79 3.4 4.2 9.8 10.4
Houtly T2
WRF-UCM (BEP) | 0.88 | 0.80 3.2 4.0 9.4 9.9
WRF 0.89 | 0.81 3.1 3.9 9.2 9.4
Mussoorie | Median T2
WRF-UCM (BEP) | 0.90 | 0.82 3.0 3.8 8.8 9.1
WRF 0.81 | 0.74 4.2 4.8 10.7 11.0
90th Percentile T2
WRF-UCM (BEP) | 0.82 | 0.75 4.0 4.6 10.3

At Dehradun, for hourly temperature simulation, the WRF-UCM (BEP) scheme demonstrates a marginal
improvement in /OA (0.72 to 0.78) and r (0.80 to 0.83) over the standard WRF model (Table 2). The
noticeable reduction in MAE (4.9 to 4.1) and RMSE (5.7 to 4.9) for the WRF-UCM (BEP) simulation

suggests a more accurate representation of diurnal temperature variations. This improvement is the result
of including urban heat storage and canyon radiative trapping in the WRF through UCM (BEP scheme).
At Mussoorie, the improvement is less or negligible, indicating that BEP modifications primarily benefit

urban regions, where the representation of building-energy interactions is crucial. The performance
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remains comparable to WRE, as the model is already capable of simulating natural terrain with limited
urban influence. For daily median temperature at Dehradun, noticeable improvement is observed with
WRE-UCM (BEP), as reflected in higher /OA values (0.53 to 0.58). The reduction in MAE (5.3 to 4.3) and
RMSE (5.7 to 4.7) indicates a more precise simulation of overall daily temperature trends. The standard
WRF model underestimates urban heat retention, leading to biases that BEP corrects. At Mussoorie, the
results remain relatively unchanged compared to WRE, reinforcing that the urban modifications in BEP
are less relevant in high-altitude, rural settings. For daily peak 90th percentile temperature performance at
Dehradun, the inclusion of BEP significantly improves high-temperature peak prediction. The urban heat
island (UHI) effect amplifies peak temperatures in cities, which WRF-UCM (BEP) captures better than
the standard WRF model. The reduction in MAE and RMSE highlights the importance of including urban
morphology in WRF for accurate extreme temperature simulation. At Mussoorie, the differences between
WRF and WRF-UCM (BEP) are minor, reaffirming that urban parameterization has little influence at a
hill station where urbanization is less, and therefore, the urban effect is less pronounced. The BEP scheme
improves WRE’s performance significantly in Dehradun by incorporating urban physics, whereas its
impact in Mussoorie is minimal. Hourly and peak temperatures benefit the most from urban

modifications, as they are more sensitive to urban heat storage and canyon effects.

Figure 7 illustrates the spatial distribution of the daily peak 90th percentile temperature over Dehradun
averaged for May 2021, as simulated by the WRF and WRF-UCM (BEP). The results highlight the
temperature variations across the region, emphasizing the impact of urbanization on local thermal
conditions. The upper panels of Figure 7 compare the temperature distribution from WREF (left) and
WRE-UCM (BEP scheme) (right) for the entire Dehradun region. Both simulations depict a clear spatial
gradient, with elevated temperatures in the southern urban areas and cooler temperatures in the northern
high-altitude regions. However, the inclusion of the urban canopy model (BEP scheme) leads to a more

pronounced urban morphology effect, with higher temperatures over the city center compared to the

standard WRF simulation.

The lower panel of Figure 7 focuses on the section of Dehradun that includes the urban core of
Dehradun, where the temperature differences between the WRE and WRF-UCM (BEP) simulations
become more apparent. The WRF-UCM simulation shows systematically higher temperatures in built-up
areas due to better representation of urban geometry, thermal properties of buildings, and reduced
evaporative cooling. In contrast, the standard WRF model underestimates these effects, leading to
relatively lower temperatures. The enhanced warming in the WRF-UCM simulation is consistent with the
urban heat island phenomenon, which is driven by increased sensible heat flux and a lower fraction of

latent heat flux in urban environments.
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Fig. 7. May 2021 mean of daily peak 90t percentile temperature of Dehradun by WRF and WRF-UCM (BEP).
The upper panel shows all of Dehradun; the lower panel shows the urban core of Dehradun that experiences

higher temperatures.

3.4. Assessment of UHI effect

The UHI effect was evaluated in two complementary ways: (1) UHI based on near-surface air temperature
(2-m temperature (T2)) to assess the atmospheric manifestation of the phenomenon, and (2) Surface UHI
based on skin temperature (TSK) and satellite-derived MODIS LST to examine the radiative surface
imprint of urban warming. Both approaches provide a comprehensive understanding of nocturnal UHI
dynamics. The UHI effectis evaluated for the Dehradun city areas (municipal localities) where build-up is

predominant and administratively regulated by urban municipal corporations.

3.4.1. UHI (air temperature-based):

During April, the WRF-BEP simulation produced higher nocturnal UHI intensities compared to the
control WRF run, with maximum A 7’exceeding 6 K at 00:00 UTC (05:30 IST) (Fig. 8). The enhancement
is attributable to the representation of urban canopy processes in BEP, which trap heat more effectively

during nighttime. The UHI then diminished rapidly after sunrise, reaching near-neutral or slightly negative
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values between 04:00 — 10:00 UTC (09:30 — 15:30 IST), before re-emerging in the late afternoon. Spatial
maps for April indicate a clear warming core over central Dehradun, more pronounced in WREF-BEP,

highlighting the importance of urban morphology in shaping near-surface temperature fields (Fig. 8).

In May, both WRF and WRF-BEP runs reproduced consistent nocturnal UHI peaks, but the magnitude
was slightly lower than in April, with maximum A7 values of about 4-4.5 K. Interestingly, the WRF
simulation exhibited somewhat larger UHI magnitudes than WREF-BEP during late evening hours. This
reversal suggests seasonal modulation, where stronger background heating in May reduces the relative
contribution of urban canopy effects. Spatial plots show localized hot-spots over the city core during
afternoon hours, although the areal extent of elevated temperatures remains broader in WRF compared to

the more spatially confined but sharper warming simulated by WREF-BEP.

By June, the nocturnal UHI weakened further, with peak intensities generally below 3.5 K. The WRF

control runs simulated higher UHI magnitudes than WREF-BEP, particularly during late evening (18:00 —
22:00 UTC). The weaker UHI during June can be attributed to enhanced convective activity and stronger
mixing, which diminished the urban—rural thermal contrast. Spatial fields for June confirm this, showing
more diffuse warming signatures with reduced intensity compared to April and May. The observational
analyses in an earlier study (Dhankar etal. 2024) report thatincreased cloud cover and moisture during the

monsoon transition dampen UHI signatures in Dehradun, matching the attenuation we diagnose in June.

Across all months, the UHI was strongest during the late evening and early nighttime hours, while it

weakened substantially during the forenoon and was nearly absent around sunrise.

These results indicate a strong seasonal (monthly) modulation of UHI intensity, with maximum nocturnal
intensities in April, a moderate decline in May, and a further reduction in June. The inclusion of the BEP
scheme enhances the simulation of nocturnal warming during April, when stable atmospheric conditions
prevail, but produces weaker signals during late pre-monsoon months when convective mixing dominates.
This highlights the sensitivity of UHI representation to both urban canopy processes and background
meteorological conditions. Prior Dehradun-focused UHI works (Mishra, Arya 2024) emphasize the role of
built-up growth and vegetation gradients in setting the magnitude and timing of thermal contrasts; our
ambient UHI diagnostics reproduce those space-time features at high resolution and attribute the April

peak to stronger stability and reduced evaporative cooling over the urban core.
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Fig. 8. Monthly variation of evening-time ambient urban heat-island (UHI) intensity (AT = Turban — Trura) derived
from WRF and WRF-UCM-BEP simulations for the pre-monsoon months of April, May, and June 2021. The top
panel represents the monthly averaged diurnal cycles of ambient A 7, showing stronger daytime and evening UHI
development in the WRF-UCM-BEP run than in the standard WRF simulation. The lower panels include sets of
maps illustrating spatial distributions of UHI intensity at 14:00 UT'C (= 19:30 IST) for the same months, enabling
consistent inter-month comparisons under peak-heating conditions. Warm anomalies exceeding 4-6°C are
concentrated over the Dehradun urban core, while weaker contrasts occur in June due to enhanced convective
mixing. The WRF-UCM-BEP configuration produces a more compact and realistic UHI footprint, emphasizing

the role of utban morphology in regulating late-afternoon ambient temperature.

16



3.4.2. Surface UHI (skin temperature/MODIS LST)
To assess the surface expression of the UHI, we compared monthly composites of MODIS 1-km LST
with modeled skin temperature (TSK) from the control WRF run and the urban-canopy run (WRF-BEP)

over Doon Valley.
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Fig. 9. Monthly variation of nighttime surface UHI (AT_skin = TSKurban — TSKrura) from WRF and WRF-UCM-
BEP simulations compared with MODIS 1 km land-surface-temperature (LST) for April and May 2021. The top
panel shows the monthly average diurnal cycles of surface AT skin, demonstrating stronger nocturnal UHI intensity
and slower post-sunset cooling in the WRF-UCM-BEP simulation. The subsequent maps depict spatial distributions
of nighttime surface UHI at 01:00 UTC (= 06:30 IST) for each month. MODIS LST (Aqua night 1:30 to 1:50 local
overpass time) maps (top row of each month) serve as obsetvational references; WRF and WRF-UCM-BEP maps
illustrate modeled skin-temperature and UHI intensity fields. The WRF-UCM-BEP configuration captures

a compact, warmer surface core centered over Dehradun in close agreement with MODIS observations, whereas

the control WRF run exhibits diffuse heating extending into rural surroundings. These results confirm the improved
capability of the BEP scheme to reproduce nocturnal surface-UHI magnitude, structure, and monthly variability

under pre-monsoon conditions.

The surface UHI was computed as AT r = Turban — Trurar- We focus on April and May 2021, when

the pre-monsoon dry and clear conditions make surface temperature contrasts most distinct.
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Houtly means of surface AT (urban — rural) from modeled skin temperature show a clear pre-monsoon
diurnal thythm. In April, A Tbuilds from late morning, peaks during late afternoon and eatly evening, and
then weakens overnight; May follows the same shape with a slightly muted amplitude, while June is flatter
and weaker as humidity and cloudiness rise toward the monsoon. Over these months, the control WRF
generally produces a larger and more persistent afternoon plateau than expected. Adding the urban canopy
(WRF-BEP) dampens the peak by roughly 20-40% in April and May and slightly sharpens the rise and
decay, yielding timing and magnitude that align better with typical dry-season surface heating over the
valley. A 2020 Dehradun analysis (Maithani et al. 2020) using Landsat/ MODIS shows compact, recurrent
hot-spots over the municipal corridor with the strongest pre-monsoon contrasts and a damped diurnal

amplitude as humidity increases — patterns mirrored by our MODIS-constrained evaluation and improved

by WRF-BEP.

The spatial LST fields for April and May reinforce this behavior. MODIS 1-km (Aqua night: 1:30 to 1:50
local overpass time) composites consistently show a compact warm core along the Dehradun urban
corridor, with cooler forested slopes and higher terrain surrounding it. The control WREF reproduces a
warm center but spreads it too broadly and sometimes displaces warmth onto adjacent hills, indicating an
overly diffuse hot-spot and mild warm bias outside built-up areas. WREF-BEP concentrates the hot-spot
more tightly over the valley floor, reduces spurious warming on the slopes, and matches the observed

placement of the warm core more closely in both months.

Thus, WREF-BEP explains the surface UHI more credibly than the control WRE: it lowers exaggerated
afternoon A7} improves the timing of the diurnal cycle, and better captures the compact spatial footprint
of the urban warm core observed by MODIS, while limiting artificial spillover of heating onto
surrounding terrain. A recent Dehradun-specific study (Singh et al. 2024a) documents seasonal dynamics
and multi-decadal warming of surface thermal conditions, with intensified warm cores coincident with
expansion of built-up areas in the valley floor; our MODIS, WRF-BEP comparison reproduces those
compact hot-spots and their pre-monsoon amplification, indicating that explicit urban morphology helps

constrain both magnitude and footprint of surface UHI in Dehradun.

3.5. Role of mountain-breeze circulation and the dominance of urban morphology

in regulating valley temperature

The Doon Valley’s north-south relief, bounded by the Siwalik Hills and Mussoorie Range, supports strong
diurnal thermally driven winds, i.e., daytime upslope (anabatic) and nighttime downslope (katabatic) flows,
that naturally ventilate the basin (Karki et al. 2017; Singh et al. 2021). Under clear pre-monsoon

conditions, these circulations promote nocturnal cooling and maintain valley-slope temperature contrasts.

In the standard WRF simulation, the nocturnal pattern at 01:00 UTC on 15 May 2021 (Fig. 10a) cleatly
depicts cooler air pooled within the valley and a temperature gradient toward the northern slopes,
indicating organized katabatic drainage. The WRF-UCM (BEP) run (Fig. 10b) alters this structure

substantially: valley temperatures remain elevated, horizontal gradients flatten, and the difference map
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(Fig. 10c¢) reveals localized warming of +1.5-2°C across the urbanized Doon-Rispana corridor. Cooler
anomalies confined to forested ridges imply that radiative trapping and heat storage within built surfaces

suppress nocturnal cold-air formation.

Vertical cross-sections of temperature and potential temperature (Fig. 11) reinforce these contrasts.

The control WRF simulation shows a shallow inversion around 700-800 m ASL and steep potential-
temperature gradients typical of stable stratification. In WREF-BEP, this inversion nearly vanishes, and
vertical gradients weaken, producing a more mixed boundary layer. The added urban heat flux erodes

surface stability and limits nocturnal cooling.

WHF Simuiatea Zm temperature on ZUZ21-us-15 at 1:Uu Uit WRF-UCM (BEP) simulated 2m temperature on 2021-05-15 at 1:00 UTC
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Fig. 10. Simulated 2 m temperature (WRF) at 01:00 UTC on 15 May (a); Simulated 2 m temperature (WRF-BEP)
at 01:00 UTC on 15 May 2025 (b); Difference in 2 m temperature (WRF-BEP — WRE) (c).

The wind cross-sections (Fig. 12) depict a similar transition. In WRF, downslope winds of ~1-2 m s-!
descend from the Mussoorie slopes toward the valley floor, forming a coherent mountain-breeze cell.
In WREF-BEDP, these flows become disorganized and weaker, occasionally reversing near the surface above
the city core. Difference plots (Figs. 13-14) quantify this effect: warming of +1-2°C and wind-speed
reductions up to 1.8 m s-' within 0-2 km AGL show that urban heat alters both thermal and dynamical
structures. Surface warming enhances near-surface stability, weakening katabatic momentum and reducing

natural nighttime ventilation.
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(from surface) (from WRF-UCM-BEP). The temperature inversion is suppressed in the WRF-UCM-BEP run.
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Fig. 12. (a) Vertical cross-section of wind speed and vectors (WRF), (b) Vertical cross-section of wind speed
and vectors (WREF-BEP).
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Fig. 14. Vertical cross-section of wind speed difference (WRF-BEP — WRE).

Collectively, these diagnostics demonstrate that urban morphology dominates over terrain -induced
thermodynamics in controlling nocturnal conditions within the Doon Valley. The multilayer BEP scheme
captures how building geometry, high heat capacity, and canyon radiation trapping disrupt cold-air
drainage and maintain persistent nighttime warmth. Such suppression of mountain-breeze circulation

implies reduced ventilation efficiency, elevated heat stress, and potential deterioration of nighttime air
quality.
Comparable results have been reported for other mountainous cities — Lisbon (Silva et al. 2021), Manila

(Bilang et al. 2022), and Athens (Roukounakis et al. 2023) — but this study extends the evidence to the

western Himalayas, demonstrating how rapid urbanization can override natural cooling processes in



intermontane basins. The findings highlight the necessity of incorporating realistic urban morphology
in mesoscale modeling to accurately represent thermal dynamics and inform climate-responsive urban

planning for Himalayan valleys such as Dehradun.

The analysis revealed that the WRE-BEP framework provides a more realistic representation of urban—
topography interactions in the Doon Valley, highlighting the dominance of built environment
characteristics in controlling nocturnal temperature and wind patterns. These findings have critical
implications for urban planning, nighttime heat stress management, and air quality regulation, particularly

in rapidly urbanizing intermontane basins like Dehradun.

4. Conclusion

This study demonstrates the capability of high-resolution (2X2 km?*) WRI model simulations, configured
with a threefold nested domain (18-6-2 km) and NCEP-FNL (0.25°) boundary conditions, to capture the
complex meteorological and thermal dynamics of the Doon Valley, a rapidly urbanizing intermontane
basin in the western Himalayas. The model effectively resolved the valley’s topographic gradients and
diurnal variability, providing a robust basis to assess how urban morphology modifies local temperature

regimes.

The integration of the Urban Canopy Model coupled with the Building Effect Parameterization (WRF-
UCM-BEDP) substantially enhanced model fidelity, particularly in Dehradun (urbanized valley).
Quantitative validation against India Meteorological Department (IMD) observations showed
improvements in cotrelation (r = 0.83 — 0.86) and index of agreement (/04 = 0.72 — 0.78), along with
a 15-20% reduction in MAE and RMSE for ambient (2 m) air temperature. These improvements were
most pronounced during the pre-monsoon season, when urban heat storage, radiative trapping, and
reduced evaporative cooling strongly influence temperature extremes. In contrast, the Mussoorie (hill
station) site exhibited negligible improvement, underscoring that WRF-UCM-BEP primarily benefits

simulations in urbanized low-lying valleys where built morphology governs local energy exchange.

The WREF-UCM-BEP configuration successfully reproduced the ambient urban heat island (UHI) in
Dehradun, characterized by persistent nocturnal warming of 1-2°C and improved simulation of diurnal
temperature cycles. It also improved the surface UHI representation by producing a compact and spatially
coherent warm core that closely aligned with MODIS 1-km land surface temperature (LST) observations.
This dual agreement between ambient and surface temperature patterns confirms the model’s

effectiveness in capturing both the atmospheric and radiative imprints of urbanization.

Vertical diagnostics further revealed that WRF-UCM-BEP improved the representation of boundary-layer
structure, capturing realistic vertical mixing profiles while weakening katabatic winds (=1.5to =2 m s-")
and suppressing nocturnal inversion layers that ordinarily develop under stable nighttime conditions.
The resulting disruption of mountain-breeze circulation indicates that urban morphology reduces

nocturnal cooling and natural ventilation, thereby intensifying heat retention within the valley atmosphere.
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Collectively, these findings highlight that urban morphology exerts a dominant control on both ambient
and surface thermal environments in Dehradun, while exerting minimal influence over higher, less-
urbanized terrain such as Mussoorie. The results emphasize the necessity of incorporating multilayer
urban canopy schemes into high-resolution mesoscale models for topographically complex and rapidly

urbanizing regions.

In addition to improving model realism, these insights have direct implications for urban planning, heat-
stress mitigation, and air-quality management in Himalayan cities. Integrating urban morphological

parameters into weather and climate modeling frameworks can support climate-resilient design strategies,
improve urban ventilation planning, and inform sustainable growth policies for intermontane basins such

as the Doon Valley.
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Abstract

This study examines the spatial and temporal variability of seasonal and annual rainfall across Ethiopia’s major river basins using
gauge observations and CHIRPS data for the period 1981-2023. Ethiopia’s estimated mean annual rainfall is ~813.8 mm, but its
distribution is highly uneven. The western basins Abay, Baro, and Omo receive more than 52% of the national total, highlighting
their central role in the country’s hydrology. Kiremit (June-September) is the dominant rainy season, contributing about 58.2% of
annual rainfall nationwide. In contrast, Belg (February-May) and Bega (October-January) rainfall amounts are especially important
in southeastern basins such as Genale and Shebele-Ogaden, where agriculture and pastoral livelihoods depend heavily on
seasonal rainfall outside the main rainy period.

Trend analysis shows that rainfall has generally increased across Ethiopia, with about 88% of the time series exhibiting positive
trends. The strongest increases are observed in the Abay and Baro basins, where annual rainfall has risen by up to 8.1 mm per
year. In contrast, Belg rainfall shows declining trends in the Awash, Genale, and Shebele-Ogaden basins, and the Shebele-Ogaden
basin also exhibits decreases in both Kiremit and annual rainfall. Variability analysis indicates that rainfall is most stable in the
Abay and Baro basins (CV = 0.09) and most variable in the Tekeze-Mereb and Denakil basins (coefficient of variation, CV >0.3).
Overall, the results highlight growing basin-to-basin differences in rainfall behavior and point to the need for basin-specific water

and agricultural management strategies to strengthen climate resilience.
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1. Introduction

Rainfall is the main driver of water availability and hydrological variability, and it strongly shapes how
water resources are distributed across space and time (Trenberth, Shea 2005). Changes in rainfall directly
affect runoff generation, flood occurrence, and drought development, making precipitation a central
factor in water resource assessment and risk management (Mishra, Singh 2011). In Ethiopia, where
agriculture is predominantly rain-fed, seasonal rainfall variability has far-reaching consequences for crop
production, livestock, public health, and the wider economy. The country is especially sensitive to climate
extremes because even modest shifts in rainfall timing or intensity can affect food security, land
degradation, and water availability (Viste, Sorteberg 2013; Fazzini et al. 2015). Ethiopia also plays a critical
regional role as a source for several major transboundary river basins in northeastern Africa, increasing

the importance of understanding its rainfall dynamics (D’Souza, Jolliffe 2017).
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Ethiopia’s rainfall regime is commonly divided into three seasons: Bega (October-January), Belg
(February-May), and Kiremit (June-September). These seasons are mainly controlled by the seasonal
movement of the Intertropical Convergence Zone and its interaction with large-scale atmospheric
circulation systems (Gissila et al. 2004; Jury 2018; Nicholson 2018; Aniley et al. 2025). Bega is generally
dry and dominated by northeasterly winds, although limited rainfall occurs in southern and southeastern
parts of the country (Jury, Funk 2013; Jury 2023). Belg is a shorter and more variable rainy season,
influenced by tropical convection and moisture transport from the Arabian Sea (Ding, Sikka 2000; Jury
2010; Viste, Sorteberg 2013; Camberlin 2018). This season is particularly important for the Rift Valley,
Genale, Shebelle, and Ogaden basins, but recent studies report a declining trend in Belg rainfall over
eastern Ethiopia linked to ocean warming and circulation changes (Jury, Funk 2013; Mera 2018;
Stojanovic et al. 2022; Jury 2023). Kiremit, driven by the summer monsoon and enhanced by tropical jet
systems, is the main rainy season and provides most of the country’s annual rainfall (Segele, Lamb 2005;
Korecha, Barnston 2007; Viste, Sorteberg 2013; Jury 2022). Supporting the bulk of national food
production, Kiremit is the most critical season for both agriculture and water resources (Fazzini et al.

2015; World Bank 2018; Abebe et al. 2022).

Variability in these rainfall seasons often leads to extreme events such as droughts and floods, with direct
impacts on ecosystems, water availability, and agricultural productivity (Wagesho et al. 2013; Nicholson
2017; Zeleke, Damtie 2017; Mera 2018). Understanding how seasonal rainfall is changing across different
river basins is therefore essential for climate adaptation, sustainable water management, and policy
development in Ethiopia (de Sherbinin et al. 2008; Shortridge 2019; Moges, Bhat 2021; Gashaw et al.
2023; Kobe 2023).

While several studies have examined rainfall trends in Ethiopia, most focus on individual regions, short time
periods, or single seasons. Basin-wide comparisons that consistently assess seasonal rainfall variability across
all major river basins using long-term datasets remain limited. To address this gap, this study combines
gauge observations and satellite-based rainfall data to analyze seasonal and annual rainfall trends and
variability across Ethiopian river basins. By identifying basin-specific patterns and contrasts, the study aims
to provide information directly relevant to agricultural planning, water resource management, and climate

resilience efforts.

2. Materials and methods

2.1. Description of the study area

Ethiopia, spanning approximately 1.13 million km? between 3.30°~15°N and 33°-48°E, is characterized
by diverse and complex topography, including highlands, rugged terrain, low plains, and the Great Rift
Valley, which divides the country into distinct regions (Fig. 1). Elevations range from 144 m below sea
level in the Danakil Depression to 4,620 m asl at Ras Dashen peak (Awulachew et al. 2007). This varied
terrain contributes to significant spatial and temporal climate variability, including diverse rainfall regimes

(Abbate et al. 2015; Fazzini et al. 2015; Camberlin 2018). The country is divided into several major river
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basins that differ in size, flow, and elevation, with the Abay (Upper Blue Nile) Basin being the most
prominent in terms of flow and tributaries, while the Rift Valley Basin is the smallest, yet known for its

numerous lakes (Williams 2010).

Ethiopia’s economy is heavily reliant on rain-fed agticulture, which employs the majority of the population
and contributes significantly to GDP. However, frequent droughts have led to persistent food insecurity,
affecting about 10% of households with high levels of malnutrition and dependence on food aid (WBG
2018; Abebe, Cirella 2023). The country also possesses a large livestock population, highlighting the critical
importance of water and climate vatiability for both livelihoods and food security (WBG 2021; Zerssa et al.
2021).
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Fig. 1. Study area showing Ethiopia’s river basins, elevation, and the locations of rain gauge stations used in the

analysis.

2.2. Rainfall data sources

Daily rainfall data from 1981 to 2023 were obtained from 158 spatially representative rain gauge stations
operated by the Ethiopian Meteorology Institute (EMI) (Fig. 1). Seasonal rainfall totals were derived from
the daily records following the standard definitions of Bega, Belg, and Kiremit seasons. To complement
gauge observations and improve spatial coverage, three gridded rainfall products were evaluated: CRU TS
version 4.07 (Harris et al. 2020), CHIRPS version 2 (Funk et al. 2015), and TAMSAT, a long-term
satellite-based rainfall dataset developed for Africa (Maidment et al. 2020). The performance of these
products was assessed against gauge observations using multiple statistical metrics implemented in the
Climate Data Tool (CDT). Among the three datasets, CHIRPS showed the best overall agreement with

gauge data across most metrics (Table 1).
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2.3. Data quality control and homogeneity testing

Quality control procedures were applied to ensure the reliability of the rainfall time series. These included
outlier detection, trend testing, and homogeneity assessment following established approaches (Hamed,
Rao 1998; Mudelsee 2019; Taylor 2022). Outliers were identified using the interquartile range (IQR)
method, where values below Q1 — 1.5 IQR or above Q3 + 1.5 IQR were flagged (Tukey’s method).

Homogeneity of the rainfall series was assessed using the Standard Normal Homogeneity Test (SNHT)
(Alexandersson, Moberg 1998), implemented in CDT (Dinku et al. 2022). The SNHT is widely used in
climatological studies for its ability to detect artificial shifts caused by changes in instrumentation or

station location.

2.4. Seasonal rainfall contribution
The contribution of each season to annual rainfall was calculated as the ratio of the long-term seasonal
mean to the long-term annual mean, expressed as a percentage. This allowed comparison of seasonal

importance across river basins.

2.5. Temporal and spatial trends

Temporal rainfall trends were analyzed using the modified Mann—Kendall (MK) test, which accounts for
serial correlation in hydroclimatic time series (Yue, Wang 2004). The Theil-Sen estimator was used to
quantify the magnitude of trends, as it is robust to outliers and non-normal distributions. Spatial trends

were analyzed using CDT to ensure consistency across basins.

To minimize the influence of autocorrelation, a pre-whitening procedure was applied before performing
the MK test. This approach removes serial dependence while preserving the underlying trend signal,

improving the reliability of trend detection.

2.6. Areal rainfall estimation
Areal mean rainfall for each basin was estimated using the Thiessen polygon method (Thiessen 1911;
Mair, Fares 2011). This method assigns weights to each gauge based on the area it represents, assuming

that rainfall within each polygon is best represented by the gauge located at its centroid.

The areal rainfall over the basin (R) is computed from:
Rr = TiR; 1)
Where Ry is the observed rainfall at the center of the it" polygon, and the weighting factor T; is given by:

A.
Ti =-t
AT

@

Where A7 is the total area of the basin or boundary and A; is the area of each Thiessen polygon.
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2.7. Rainfall variability

Rainfall variability was quantified using the coefficient of variation (CV), defined as the ratio of the
standard deviation to the mean rainfall, expressed as a percentage (Bloschl, Sivapalan 1997; Pedersen et al.
2010). The CV was computed for individual stations and basin-wide areal means at both seasonal and
annual scales. This metric provides a standardized measure for comparing variability across regions and

seasons.

3. Results and discussion

3.1. Quality control and homogeneity

Quality control checks were carried out using a randomly selected subset of 50 rain gauge stations. Outlier
analysis showed that 11 stations contained lower outliers, while only the Amba Maryam station exhibited
both lower and upper outliers. These values correspond to known extreme conditions during drought-
prone years, such as 1984, and are therefore considered physically plausible rather than erroneous. One
upper outlier was detected at the Nedjo station for May 2014 and was traced to an encoding error; this

value was removed from the analysis.

Trend and homogeneity testing indicated that most stations did not exhibit statistically significant trends.
However, nine stations, including Amba Maryam, Lalibela, Elidar, Jimma, Filtu, Ime, Kebridihar, Axum
Airport, and Maytsebri, showed increasing rainfall; Shoa Robit was the only station with a decreasing
trend. Five stations (Elidar, Moyale, Filtu, Ime, and Kebridihar) were identified as non-homogeneous and
non-stationary. This behavior is likely linked to data gaps and subsequent infilling, which can introduce

artificial shifts in the time series.

Overall, the quality control results confirm that the majority of stations provide reliable rainfall records
for trend analysis. At the same time, the presence of inhomogeneities in a small number of stations
highlights the need for careful screening of long-term rainfall data, particularly when assessing trends at

local scales.

3.3.1. Data validation

Data validation was carried out by comparing three satellite-based rainfall products (CHIRPS, CRU, and
TAMSAT) to gauge observations using several statistical performance metrics. The aim was to assess how
well each product represents observed rainfall and to identify the most suitable dataset for subsequent

analysis.

Overall, CHIRPS shows the strongest performance across most evaluation metrics, indicating a high level
of accuracy and reliability in capturing rainfall amounts (Table 1). CRU also performs reasonably well but
exhibits slightly higher errors and bias compared to CHIRPS. TAMSAT generally shows weaker
performance in terms of error-based metrics such as RMSE and MAE. However, it performs better in

terms of bias and false detection rates, suggesting fewer false rainfall events and lower systematic error.
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Although TAMSAT may therefore be considered a more conservative dataset, CHIRPS provides the best
overall balance between accuracy and reliability among the three products. Based on these results,
CHIRPS was selected, together with gauge data, for further analysis and graphical presentation in this

study.

Table 1. Performance ranking of CHIRPS, CRU, and TAMSAT rainfall datasets based on selected statistical

evaluation metrics.

Performance

Weakest Strongest
|

3.2. Seasons of Ethiopia and their contributions to annual total rainfall
Ethiopia’s three distinct rainfall seasons are Bega (October-January), the dry season with little rainfall;
Belg (Feb-May), the second rainy season following the main Kiremit; and Kiremit (June-September), the

primary rainy season that supplies the majority of the country’s annual rainfall.

3.2.1. Bega

In southern and southeastern Ethiopia, the Bega season (October-January) represents the second most
important rainfall period. Rainfall during this season is mainly associated with the retreat of the summer
monsoon and the southward movement of the Intertropical Convergence Zone (ITCZ). Precipitation
typically peaks in October and ranges from about 290 to 510 mm in parts of the southeastern Rift Valley,

southern Omo, and the southwestern Baro basin (Fig. 2).

At the basin scale, the contribution of Bega rainfall to annual totals varies considerably. The Baro and
Omo basins receive the highest seasonal mean rainfall during Bega, with averages of 244.7 mm and 258.1
mm, respectively. In contrast, the Tekeze-Mereb and Denakil basins receive much lower rainfall during
this season and show relatively high variability. The Genale and Wabishebele-Ogaden basins stand out in
terms of proportional contribution, with Bega rainfall accounting for up to 48% of their annual totals

(Table 3).
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Fig. 2. (a) Spatial distribution of mean Bega seasonal precipitation and (b) its percentage contribution to annual

rainfall, based on gauge observations and corresponding Thiessen polygons.

Other basins, including Abay, Awash, and the Rift Valley, receive comparatively modest Bega rainfall,
accompanied by marked spatial and temporal variability. These differences highlight the diverse
hydrological behavior of Ethiopian river basins during the Bega season and undetrline the importance of

considering basin-specific rainfall characteristics in water resource planning.

3.2.2. Belg

The Belg season (February-May) is the main rainy period for the Rift Valley, Genale, Shebele, and Ogaden
river basins, whereas it functions as a shorter secondary rainy season in other parts of Ethiopia. This season
is marked by high temperatures, particularly from March to May, and by strong rainfall variability. In
lowland areas, these conditions can increase the risk of wildfires and place additional stress on water and

agricultural systems.

Rainfall amounts during Belg vary widely across the country. Southern and southwestern basins such as
Abay, Baro, and Omo receive moderate to high rainfall, typically between 250 and 800 mm. In contrast,
northern and eastern basins, including Tekeze-Mereb and Denakil, receive much lower amounts, in some
locations as little as 17 mm (Fig. 3). Over the past four decades, Belg rainfall has declined by approximately
10-25% in eastern Ethiopia, reinforcing concerns about increasing moisture stress in these regions. Among
the basins, Baro stands out as both the wettest and most stable during Belg, whereas Tekeze-Mereb remains

one of the driest and most vatiable.

At the basin level, Belg rainfall contributes a substantial share of the annual total in southeastern Ethiopia.
The Genale Basin receives about 100-500 mm during Belg, accounting for 36-60% of its annual rainfall,
with a long-term mean of 324 mm (54%), making Belg the wettest season for this basin (Tables 2 and 3).
The Wabishebele-Ogaden Basin shows a similar dependence, with Belg rainfall contributing 31-52% of
the annual total (mean of 188 mm). The Denakil Basin receives considerably less rainfall, but Belg still

accounts for up to one-third of its annual total.
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Despite the long-term declining trend, recent years (since 2020) show signs of recovery in Belg rainfall

over parts of southeastern and eastern Ethiopia (Fig. 3).
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Fig. 3. (a) Spatial distribution of mean Belg seasonal precipitation and (b) its percentage contribution to annual

rainfall, based on gauge observations and corresponding Thiessen polygons.

3.2.3. Kiremit

The Kiremit season (June-September) is Ethiopia’s main rainy period, providing the bulk of annual

rainfall across most river basins. Rainfall during this season is widespread and relatively consistent, with

peaks typically occurring in July and August, coincident with limited temperature variability. Because of its

dominant contribution to water availability and crop production, Kiremit is the most economically

important rainfall season in the country.

During Kiremit, the Abay, Tekeze—Mereb, and northeastern Denakil basins receive 70-92% of their

annual rainfall. Other basins, including Awash, Baro, southern Abay, northern Omo, and the northeastern

Rift Valley, receive about 60-70% of their yeatly totals during this season. Rainfall amounts show strong

spatial contrasts, with western basins receiving the highest totals. Central parts of the Abay Basin and

northeastern Baro receive up to 1600 mm, whereas eastern basins such as Genale and Wabishebele-

Ogaden receive much lower amounts, typically between 50 and 300 mm (Fig. 4).

The Abay Basin stands out with the highest seasonal mean rainfall (941.2 mm, accounting for 73% of the

annual total) and the lowest variability (CV = 0.07). Baro, Tekeze-Mereb, and Omo also receive

substantial Kiremit rainfall, though with higher variability. In contrast, eastern basins such as Genale,

Wabishebele-Ogaden, and Denakil receive limited rainfall and show greater spatial variability, particularly

in Denakil and Awash, which exhibit the highest CV values duting Kiremit (Tables 2 and 3).
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Fig. 4. (a) Spatial distribution of mean Kiremit seasonal precipitation and (b) its percentage contribution to annual

rainfall, based on gauge observations and corresponding Thiessen polygons.

3.3. Basin-scale annual areal mean precipitation

Analysis based on CHIRPS rainfall data for 1981-2023 provides a consistent view of the spatial

distribution of annual rainfall across Ethiopian river basins. The relatively high spatial resolution of

CHIRPS (0.05°, approximately 5 km X 5 km) allows a more detailed representation of rainfall patterns

than gauge data alone, particularly in regions with sparse station coverage.

The highest annual rainfall occurs in western and southwestern Ethiopia, notably in the central and southem parts

of the Abay Basin, westem Baro, and central to northwestern Omo, including areas around Jimma. In these

regions, annual rainfall commonly exceeds 1800 mm, with some locations receiving more than 2000 mm. Among

all basins, the Abay Basin stands out not only for receiving the largest volume of rainfall but also for its relatively

low interannual variability (CV = 0.09), indicating a more stable rainfall regime (Table 3). At the national scale,

Ethiopia’s mean annual rainfall is estimated at 813.8 mm, although this average masks strong regional contrasts

(Table 2).

Table 2. Basins’ contribution to national annual rainfall total.

I Areal T
Basin Area Precipitation precipitation Perceptage contnbu_non in
(km?) (mm) (BMC) Ethiopian total rainfall
Abay 199,811.85 1282.8 256.3 28.6
Awash 116,865.20 569.3 66.5 7.4
Baro 75,912.10 1442.9 109.5 12.2
Dankal 63,137.04 343.6 22.0 2.5
Genala 173,383.08 598.8 103.8 11.6
Omo 78,616.94 1357.8 106.7 11.9
Riftvally 52,749.83 893.8 471 5.3
Shebele-Ogaden 280,892.86 396.0 111.2 12.4
Tekeze-Mereb 89,712.86 827.0 74.1 8.3

In terms of areal contribution, the Abay Basin, covering 199,812 km?, accounts for 28.6% of the

country’s total annual rainfall, while the Denakil Basin contributes the smallest share, 2.5% (Table 2).
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These results underline the dominant role of the Abay Basin in Ethiopia’s water resources. Together with
the Tekeze and Baro basins, it supplies more than 80% of the annual flow of the Nile River system,

highlighting its regional hydrological importance (Yitayew Melesse 2011).

Table 3. Areal mean seasonal rainfall contribution (%) and coefficient of variation (CV) across Ethiopian river

basins.
Annual percentage
No | Basin name (IE:E?) r:l;iala Cv rigzl Cv mjlzizlm Cv rii?i Cv contribution
& g : : Bega Belg Kiremit
1 | Abay 199,812 | 117.6 | 031 | 224.1 | 0.21 9412 | 0.07 | 12828 | 0.07 9 17 73
2 | Awash 116,865 524 | 045 | 177.1 | 030 3399 | 017 | 5693 | 0.12 9 31 60
3 | Baro 75912 | 2447 | 025 | 3778 | 0.13 820.6 | 0.09 | 14429 | 0.09 17 26 57
4 | Dankal 64,137 441 | 027 | 1244 | 035 1753 | 029 | 3436 | 0.17 13 36 51
5 | Genala 173,383 | 1807 | 0.45 | 324.0 | 0.25 942 | 016 | 5988 | 0.18 30 54 16
6 | Omo 78,617 | 2581 | 038 | 4667 | 0.17 6339 | 012 | 1357.8 | 0.10 19 34 47
7 | Riftvally 52,750 | 2085 | 0.35 | 3774 | 0.20 3084 | 015 | 8938 | 0.11 23 42 35
g | Shebele- 280,893 114 | 058 | 187.7 | 0.25 944 | 014 | 3960 | 0.20 29 47 24
Ogaden
9 | Tekeze-Mereb 89,713 509 | 038 | 1139 | 0.32 6623 | 012 | 827.0 | 0.10 6 14 80

The mean annual precipitation map for 1981-2023 highlights the strong hydroclimatic contrasts across
Ethiopia, largely shaped by complex topography and large-scale atmospheric circulation. The western
river basins Abay, Baro, and Omo together receive 52.7% of the country’s total rainfall (Table 2), whereas
the eastern basins remain persistently in water-deficit due to their arid and semi-arid conditions. These
marked spatial and temporal differences in rainfall underline the uneven distribution of water resources
across the country. A clear understanding of this variability is essential for effective water resource
management, agricultural planning, and the design of climate adaptation strategies that are tailored to

basin-specific conditions (Wagesho et al. 2013; Ayehu et al. 2021).

3.4. Temporal and spatial precipitation trends
Analysis of both gauge observations and CHIRPS data indicates that rainfall trends across Ethiopia are
predominantly positive at seasonal and annual scales. Increasing trends are observed in most basins,

particularly during the Kiremit season, which largely controls annual rainfall totals (Table 4; Fig. 5, 6, 7, and 9).

3.4.1. Bega

Rainfall during the Bega season (October-January) shows pronounced year-to-year variability across
Ethiopian river basins. Periods of reduced rainfall commonly coincide with strong El Nifio events, while
wetter conditions are generally observed during La Nifia years, highlighting the influence of large-scale

climate drivers on Bega rainfall (Fig. 5).

Despite this interannual variability, long-term trends from 1981 to 2023 indicate a generally stable to

slightly increasing pattern. Analysis of rainfall records from 158 stations shows that about 88% of the
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time series exhibit positive trends during Bega, although most of these trends are not statistically
significant (Table 4). Areas with localized decreases are limited and scattered, and the magnitude of
decline is small. In contrast, five stations show statistically significant increasing trends, and nearly half of

the stations in southern and southeastern Ethiopia record significant increases in Bega rainfall.
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Fig. 5. (a) Bega areal mean precipitation trends based on gauge observations shown using Thiessen polygons and

Kendall’s Tau values, (b) corresponding CHIRPS-based precipitation trends (mm yr'), and (c) the coefficient of

variation.

Overall, the results do not indicate any widespread or systematic decline in Bega precipitation at the basin
scale. Instead, the observed patterns suggest that Bega rainfall remains relatively stable, with modest

increases in some regions, particularly in the southern and southeastern basins.

3.5.2. Belg
Between 1981 and 2023, Belg rainfall (February-May) shows strong spatial and temporal variability across

Ethiopian river basins. Analysis of the 158 gauge time series indicates a mixed pattern, with 57% of
stations showing increasing trends and 43% showing declines. This contrast is most evident between the
castern and southern parts of the country. CHIRPS data confirm a widespread decline in Belg rainfall
over eastern basins, including Awash, Genale, the Rift Valley, and Wabishebele—Ogaden, along with
localized decteases in patts of the Abay and Baro basins. At the same time, many areas continue to show

stable or increasing trends, particularly in southern and southeastern Ethiopia (Fig. 0).
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Fig. 6. (a) Belg areal mean precipitation trends based on gauge observations shown using Thiessen polygons and
Kendall’s Tau values, (b) corresponding CHIRPS-based precipitation trends (mm yr'), and (c) the coefficient of

variation.

The strongest trend signals highlight the uneven nature of Belg rainfall change. Nekemte shows a highly
significant positive trend (p < 0.01), while Adele and Bale Robe exhibit highly significant negative trends
at the same confidence level (Fig. 6a). At a less strict significance threshold (p = 0.1), 15 stations (9.5%)
display strong negative trends, whereas 16 stations (10.1%) show strong positive trends. Overall, about
one-quarter of the stations record statistically significant increases in Belg rainfall, mainly concentrated in

southern and southeastern basins (Table 4).

Because Belg rainfall is critical for land preparation, eatly crop establishment, and the transition to the
main Kiremit season, these trends have direct implications for agricultural planning (Diro et al. 2011).
Declining Belg rainfall in eastern basins increases the risk of early-season drought and water stress, while
increasing trends in southern Ethiopia may enhance cropping opportunities and seasonal water
availability. These contrasting patterns reinforce the need for region-specific water management and

adaptive strategies that reflect local rainfall behavior (Gudina et al. 2025).

3.5.3. Kiremit

Kiremit (June-September) is Ethiopia’s main rainy season and plays a central role in agriculture,

hydropower generation, and overall water availability. Analysis of areal mean Kiremit rainfall trends from
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1981 to 2023, based on both gauge observations and CHIRPS data, reveals pronounced spatial variability

across Ethiopian river basins.

Most basins show a tendency toward increasing Kiremit rainfall. The Abay Basin, in particular, exhibits a
clear upward trend, despite some local declines, reinforcing its importance for rain-fed agticulture and its
contribution to the Blue Nile system. The Baro-Akobo Basin also shows a consistent increase in rainfall,
which supports both transboundary river flows and agricultural water supply. Similarly, the Omo-Gibe Basin
displays increasing rainfall trends, with positive implications for hydropower generation and farming
activities. The Tekeze Basin shows moderately positive trends, while the Awash and Genale-Dawa basins
exhibit mixed behavior, with increasing rainfall in upstream and midstream areas but declines in downstream

sections (Fig. 7).
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Fig. 7. (a) Kiremit areal mean precipitation trends based on gauge observations shown using Thiessen polygons and
Kendall’s Tau values, (b) corresponding CHIRPS-based precipitation trends (mm yr'), and (c) the coefficient of

variation.

In contrast, Kiremit rainfall shows declining tendencies in the Rift Valley and Wabishebele basins. Given
existing water scarcity and the dependence of local livelihoods on seasonal rainfall, these declines are a
cause for concern. Reduced Kiremit rainfall in these basins may increase drought risk, limit irrigation

potential, and place additional pressure on water supply systems.

Statistical testing confirms the dominance of increasing trends during the Kiremit season. The Mann—

Kendall test indicates that 130 time seties (82%) show increasing trends, while 26 (16%) show decreases.
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Strong positive trends at the highest confidence level (p = 0.01) are observed at 29 stations, mainly in the
Abay, Awash, and Wabishebele basins. Strong negative trends at the same level are rare and are observed
only at the Shewa Robit station in the Abay Basin. At a lower significance threshold (p < 0.1), strong
positive trends occur at 63 stations, particularly in the Abay, Tekeze, and Denakil basins, while strong
negative trends are limited to seven stations (Table 4). Overall, the results indicate that increasing Kiremit
rainfall is the dominant signal across Ethiopia, although localized declines point to emerging water stress

in some basins.

3.5.4. Annual precipitation trend

Trends in areal mean annual precipitation over Ethiopia from 1981 to 2023 were assessed using both
gauge observations and CHIRPS data, applying the modified Mann—Kendall test. Trend direction and
significance were evaluated using the Tau statistic and associated p-values. Results from both datasets
indicate an overall increase in annual rainfall, although the level of significance differs between them. The
gauge data show a highly significant upward trend (p < 0.001), while CHIRPS indicates a moderately
significant increase

(p < 0.05), suggesting a persistent long-term rise in annual precipitation across the country (Fig. 9).

Spatial patterns derived from gauge data are illustrated using Thiessen polygons, where each polygon
represents the area closest to a rainfall station (Fig. 9a). Tau values range from —0.47 to 0.50, with
positive values indicating increasing rainfall and negative values indicating declines. Most stations show
positive trends, and 21 gauges exhibit significant increases (Tau = 0.36-0.52). The strongest increases ate
observed at Amde Work in the northeastern Abay Basin, consistently identified by both gauge and
satellite datasets. In contrast, only one station, Shewa Robit, shows a strong and significant decreasing

trend (Tau = —0.47) (Table 4; Fig. 8).

Table 4. Summary of gauge-based temporal precipitation trends.

Trend Qualifying a Bega % Belg % Kiremit % Annual %
exceptionally |, 4 3 13 8 29 18 45 28
likely
extremely

Positive el <5% 11 7 27 17 54 34 70 44

(increasing) —
very likely <10% 29 18 40 25 63 40 83 53
total 125 79 105 66 130 82 133 84
increasing
wotal 27 17 49 31 26 16 23 15
decreasing

_ very likely <10% 1 1 8 5 7 4 2 1

Negative

(decreasing) | extremely <50, 0 0 2 1 4 3 1 1
likely -
exceptionally

. <1% 0 0 0 0 1 1 1 1
likely
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Fig. 8. Modified Mann—Kendall test Tau values for annual precipitation (1981-2023) based on 158 rain gauge

stations.

The gauge-based analysis reveals marked spatial variability. Strong positive trends dominate northeastern,
central, and southeastern Ethiopia, while parts of the western region show weaker or mixed signals. This
spatial heterogeneity reflects regional differences in climate forcing and has important implications for

basin-level water availability and agricultural planning.
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Fig. 9. Annual areal mean precipitation trends based on gauge observations shown using Thiessen polygons and
Kendall’s Tau values, (b) corresponding CHIRPS-based precipitation trends (mm yr?), and (c) the coefficient of

variation (c).
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CHIRPS-based trend maps (Fig. 9b) provide a broader spatial perspective and generally support the
gauge-based findings. Western and southwestern Ethiopia show the strongest increases, reaching up to 12
mm per year. Central Ethiopia exhibits mixed trends, while eastern regions mostly show weak increases or
near-stable conditions. Although local variations remain, both datasets consistently indicate a general
increase in annual precipitation across Ethiopia, with the most pronounced changes occurring in the

western basins.

3.6. Basin-scale areal mean precipitation trends

Analysis of areal mean precipitation trends at the basin scale reveals clear contrasts in how rainfall is
changing across Ethiopia. The Abay Basin shows a statistically significant increase in both annual and
Bega rainfall, along with a notable upward trend during the Kiremit season. In contrast, the Awash Basin

does not exhibit any statistically significant trends across seasons or in the annual series.

The Baro Basin stands out for showing consistent and significant increases across all time scales,
including annual, Kiremit, Belg, and Bega rainfall. The Denakil Basin shows a significant increase only
during the Kiremit season, while the Genale Basin exhibits a significant increasing trend during Bega. The
Omo Basin records significant increases in annual and Bega rainfall, and the Rift Valley Basin shows

similar significant increases in both annual and Bega precipitation.

By comparison, the Wabishebele and Tekeze basins do not show statistically significant trends in any
season of in the annual totals (Table 5). These basin-specific differences highlight the uneven nature of
rainfall change across Ethiopia and reinforce the importance of consideting individual basin

characteristics when assessing climate impacts on water resources and planning adaptation strategies.

Table 5. Temporal trends in areal mean precipitation across Ethiopian river basins.

Annual Kiremit Belg Bega

Basin

Tau p_value | Signif. Tau p_value | Signif. Tau p_value | Signif. Tau p_value | Signif.
Abay 0.289 | 0.00651 ok 0.205 | 0.05415 0.154 | 0.14867 0.220 | 0.03825 *
Awash 0.076 | 0.47668 0.189 | 0.07522 —0.176 | 0.09822 0.010 | 0.93328
Baro 0.362 | 0.00065 ok 0.229 | 0.03109 * 0.327 | 0.00209 ok 0.234 | 0.02797 *
Dankal 0.194 | 0.06861 0.216 | 0.04233 * 1 =0.039 | 0.72197 —0.021 | 0.85058
Genala 0.043 | 0.69086 0.032 | 0.76950 —0.136 | 0.20168 0.249 | 0.01907 *
Omo 0.327 | 0.00209 ok 0.174 | 0.10255 0.134 | 0.20917 0.236 | 0.02651 *
Riftvally 0.262 | 0.01352 * 0.15 | 0.16081 0.043 | 0.69086 0.300 | 0.00472 ok
f)h;;ij —-0.025 | 0.81791 —0.003 | 0.98330 —0.176 | 0.09822 0.161 | 0.13181
Tekeze-Mereb 0.136 | 0.20168 0.13 | 0.22475 0.003 | 0.98330 0.167 | 0.11646

Note: Shebeleo = Shebele-Ogaden; Tekezem = Tekeze-Mereb

4. Summary and conclusion
This study examined the spatial and temporal variability of seasonal and annual rainfall across Ethiopia’s

major river basins using gauge observations and CHIRPS data for 1981-2023. The results confirm that
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Ethiopia’s rainfall regime is highly variable, shaped by complex interactions among large-scale circulation

systems, including the seasonal migration of the ITCZ, the Somali Jet, and tropical eastetly flows.

The main findings can be summarized as follows:

e FEthiopia’s mean annual rainfall is 813.8 mm, with strong regional contrasts. The western basins —
Abay, Baro, and Omo — receive 52.7% of the country’s total precipitation, while the Abay Basin alone
accounts for 28.6%, underscoring its dominant role in national and downstream water availability.

e Kiremit is the primary rainy season, contributing about 58.2% of annual rainfall nationwide. Belg and
Bega provide critical rainfall in specific basins, particularly in the Rift Valley, Genale, and Shebele-
Ogaden, where livelihoods depend on rainfall outside the main Kiremit season.

e Trend analysis shows that rainfall has generally increased across most basins and seasons, with 88% of
the time series exhibiting positive trends. The strongest increases occur in the Abay and Baro basins,
with annual rainfall rising by up to 8.1 mm per year.

e In contrast, Belg rainfall shows declining trends in eastern basins such as Awash, Genale, and Shebele-
Ogaden, where rainfall is essential for early crop establishment and pasture availability. The Shebele-
Ogaden Basin also exhibits a consistent decline in annual and Kiremit rainfall, indicating increasing
vulnerability to water stress.

e Variability analysis highlights marked spatial differences. The Abay and Baro basins show relatively
stable rainfall regimes (CV ~ 0.09), whereas the Tekeze-Mereb and Denakil basins experience much
higher variability (CV > 0.3).

e Reliability for agriculture and water resources was further supported by the CV analysis, which showed
significant spatial variability: the Abay and Baro basins had the most stable rainfall regimes (CV ~0.09),
while the Tekeze-Mereb and Denakil basins had the highest annual rainfall variability (CV > 0.3).

These findings have direct implications for water resource management and climate adaptation in
Ethiopia. Increasing rainfall in western basins offers opportunities for improved water storage, irrigation
development, and hydropower generation. At the same time, declining and highly variable rainfall in
castern basins highlights the need for targeted adaptation measures, including drought preparedness,

improved pasture management, and investment in water-harvesting infrastructure.

Overall, this study provides a basin-scale perspective on Ethiopia’s rainfall dynamics that can support
evidence-based planning and climate-resilient water management. Future work should integrate
hydrological modeling with higher-resolution climate projections to better assess impacts on streamflow,

agriculture, and water security.
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Abstract

Understanding future temperature changes in Sudan is essential for climate-risk assessment and adaptation planning in this highly
vulnerable and data-scarce region. This study evaluates robust projected changes in near-surface air temperature at both annual
and seasonal scales in summer (June-September) and winter (December-February) relative to the historical baseline period (1995-
2014). Projections are provided for the mid-century (2041-2060) and late-century (2081-2100) under the moderate SSP2-4.5 and
high-emission SSP5-8.5 scenarios, based on a bias-corrected ensemble of CMIP6 climate models. Bias correction was applied us-
ing Equidistant Quantile Mapping (EQM) for historical simulations and Delta Quantile Mapping (DQM) for future projections to
ensure consistency with observed climatology. The results indicate pronounced, scenario-dependent warming across all seasons.
By mid-century, annual mean temperatures are projected to rise by 1.68°C under SSP2-4.5 and 2.17°C under SSP5-8.5, reaching
2.68°C and 4.87°C, respectively, by late-century. Seasonal analysis reveals the most intense and variable warming during summer,
while winter exhibits more stable increases with narrower inter-model uncertainties. Spatially, northern and central Sudan are ex-
pected to experience the strongest warming, with high inter-model agreement. These findings underscore escalating heat-stress
risks and highlight the urgent need for emissions mitigation and targeted adaptation strategies to support climate-resilient planning

and sustainable development in Sudan.
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1. Introduction

Sudan is situated at the intersection of North Africa and the eastern Sahel, encompassing a broad range of
climatic zones from hyper-atid deserts in the north to semi-arid savannahs in the south. This geographic
and climatic diversity renders the country highly sensitive to variations in temperature and precipitation.
Rising temperatures, intensified heat extremes, and shifts in seasonal climate patterns pose significant risks
to food security, water availability, energy demand, and public health. With more than 80 % of the popula-
tion dependent on rain-fed agriculture and pastoral livelihoods, even modest warming can substantially

disrupt crop yields, livestock productivity, and hydrological systems (NUPI, SIPRI 2022; WBG 2023).

Historically, Sudan’s climate exhibits pronounced spatial and seasonal gradients. Mean annual tempera-
tures are high across the country, ranging from approximately 22°C in the southern regions to >28°C in
the northern deserts, with summer (June-September) and winter (December-February) as the two domi-
nant seasonal periods affecting agricultural and water-resource planning. Observational analyses indicate a
consistent warming trend across Sudan over the past five decades, in line with regional and global signals
of anthropogenic climate change (NUPI, SIPRI 2022). Nevertheless, high-resolution projections of future

seasonal temperatures remain limited, hindering robust adaptation planning.
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Global climate models (GCMs) from the Coupled Model Intercomparison Project Phase 6 (CMIP6) pro-
vide a state-of-the-art framework for assessing potential future climates under alternative socioeconomic
and emissions pathways. The Shared Socioeconomic Pathways (SSPs) describe internally consistent sce-
narios linking demographic, economic, and technological developments with greenhouse-gas emissions.
Of particular relevance to mid- and late-century planning are SSP2-4.5, a “middle-of-the-road” scenario
representing intermediate mitigation, and SSP5-8.5, a high-emission trajectory reflecting limited mitigation
efforts (Almazroui et al. 2020). These scenarios encompass plausible futures for Sudan’s climate and pro-

vide a foundation for evaluating adaptation strategies.

Although numerous studies have examined climate trends across the broader Sahel, most focus on precip-
itation or annual mean temperature and often employ coarse spatial resolution. Seasonal-scale temperature
projections for Sudan, particulatly those that resolve sub-national gradients and inter-model uncertainty,
remain scarce. Recent African climate assessments highlight warming trends but often aggregate Sudan
into larger sub-regions, obscuring spatial patterns critical for local adaptation (NUPL, SIPRI 2022; WMO
2024). The spread between models, internal climate variability, and systematic biases further complicate

interpretation if not addressed through bias correction and ensemble analysis.

To address these knowledge gaps, this study applies high-resolution (0.5°) bias-cotrrected CMIPG6 simula-
tions to quantify projected seasonal and annual temperature over or mid-century (2041-2060) and end-of-
century (2081-2100). Bias correction is performed using Equidistant Quantile Mapping (EQM), a well-
established statistical approach that reduces systematic model errors while preserving projected climate
signals (Cannon et al. 2015). By focusing on annual, summer, and winter anomalies relative to the 1995-
2014 baseline, and explicitly assessing inter-model agreement and spread, this study provides a scientifi-

cally rigorous, high-resolution assessment of future temperature changes over Sudan.

The primary objectives of this study are to quantify projected seasonal temperature changes across Sudan
for the petiods 2041-2060 and 2081-2100 under the SSP2-4.5 and SSP5-8.5 scenarios, respectively, and to
evaluate the spatial distribution of warming to identify regions and seasons most vulnerable to increasing

temperatures. By achieving these objectives, this work delivers a robust, high-resolution assessment of

mid- and late-century temperature change over Sudan.

2. Data and study area

2.1. Data sources

Near-surface air temperature data were detived from two primary sources. Observational data were
obtained from the Climate Research Unit (CRU) monthly dataset, version 4.09 (Harris et al. 2023) at 0.5°
X 0.5° resolution for 1995-2014, providing a robust baseline for model evaluation and bias correction.
Historical and future projections for the mid-century (2041-2060) and late-century (2081-2100) periods
were obtained from ten CMIP6 models under the SSP2-4.5 (moderate emissions) and SSP5-8.5 (high

emissions) scenatios. CMIP6 datasets were accessed via https://data.ceda.ac.uk/badc/cmip6/data/CMIPG/.
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All CMIPG6 datasets were re-gridded to the CRU grid (0.5° X 0.5°) to ensure spatial consistency and were

subsequently bias-corrected against the observational reference. Only models with complete monthly

coverage over the historical period were included. A full list of models, along with their horizontal

resolutions, variant labels, and key references, is provided in Table 1. These datasets were used to evaluate

projected changes in near-surface air temperature over Sudan.

Table 1. CMIP6 models used in this study, with horizontal resolution, variant label, and source institute.

No. | CMIP6 Model Institute/Country Resoiutlon Variant Reference
’ ©) label

1 | ACCESS-ESM1-5 CSIRO & Bureau of Meteorology/Australia | 1.9° X 1.3° | rlilplfl | Zichn etal. (2020)

2 BCC-CSM2-MR Beijing Climate Center/China 1.1° x 1.1° | rlilplfl | Wu et al. (2019)

3 | FIO-ESM-2-0 First Institute of Oceanography/China 1.3°x0.9° | rlilplfl | Bao etal. (2019)
NASA Goddard Institute for Space ° ° .

4 | GISS-E2-1-G Studies/USA 2°x25 rlilplfl | Kelley etal. (2020)

5 | HadGEM3-GC31-LL | Met Office Hadley Centre/UK 1.9° x1.3° | rlilplf3 | Jones et al. (2024)

6 | INM-CM4-8 Institute of Numerical Mathematics/Russia 2° % 1.5° rlilp1fl | Volodin et al. (2023)
Korea Meteorological ° ° . ]

7 | KACE-1-0-G Administration,/South Korea 1.3° %09 1ilp1fl | Byun etal. (2023)

8 | MPI-ESM1-2-HR Max Planck Institute for 0.9° % 0.9° | rlilplfl | Gutjahr etal. (2019)
Meteorology/Germany

9 | TaiESMI Research Center for Environmental 1.3° % 09° | rlilplfl | Lee etal. (2020)
Changes/Taiwan

10 | UKESMI-0-LL Met Office Hadley Centre & UK 19°x 13° | rlilplf2 | Sellar et al. (2019)
partners/UK

2.2. Study area

The study encompasses the entire tertitory of Sudan, which extends from approximately 8° N to 23.5° N in
latitude and from 21° E to 39° E in longitude. Sudan spans a broad climatic gradient, ranging from hyper-
arid deserts in the north to semi-arid plains and savannah landscapes in the central and southern regions.
This gradient produces pronounced spatial differences in temperature, rainfall, and seasonal climate patterns,

resulting in distinct hot-dry and cooler-wet periods across the country (Funk et al. 2011; WBG 2023).

Mean annual temperatutes generally range from around 22°C in the southern savannahs to above 28°C in
the northern deserts. Topography and elevation strongly influence local and regional temperature regimes
and climate variability. Elevation ranges from roughly 200 m above sea level in the southern plains to ap-
proximately 1,800 m in the northern and eastern highlands, with the Jebel Marra volcanic massif in west-
ern Sudan rising above 3,000 m (Fig. 1). These topographic differences, along with land cover, soil propet-
ties, and proximity to rivers, shape local and topo-climatic conditions and modulate the distribution of

heat across the country (WMO 2024).

Sudan’s sensitivity to climate variability, reliance on rain-fed agriculture, limited water resources, and expo-
sure to extreme heat events make understanding seasonal temperature variability particularly important.

Characterizing temperature changes across these diverse climatic zones provides essential information for

49



agricultural planning, water-resource management, and public-health preparedness. A spatially explicit un-
derstanding of warming patterns is therefore critical for informing adaptation strategies and mitigating the

impacts of projected mid-century temperature increases (NUPL, SIPRI 2022; WBG 2023).
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Fig. 1. Topographic map of Sudan illustrating elevation gradients from 200 m in the southern plains to 1,800 m in the

northern and eastern highlands, with Jebel Marra exceeding 3,000 m.

3. Methodology

3.1. Bias correction

CMIP6 model outputs were bias-corrected against CRU TS 4.09 observations to reduce systematic
deviations in historical simulations and improve the reliability of future projections. Two complementary
methods were employed: Empirical Quantile Mapping (EQM) for historical simulations and Delta
Quantile Mapping (DQM) for future projections.

EQM is a non-parametric technique that adjusts the cumulative distribution of simulated values to match

the observed distribution. For a raw model value X4y, the bias-cotrected value is defined as:

Xcorrected = Fcﬂ)ls (Fmod (Xraw)) D

where Fppoq represents the empirical cumulative distribution function (CDF) of the model data, and F,%
is the inverse CDF of the observational data (Gudmundsson et al. 2012). Applying EQM ensures that
historical simulations accurately reflect observed climatology, providing a validated baseline for

subsequent analyses.

Delta Quantile Mapping (DQM) was applied to future projections to adjust biases while preserving the

projected climate signal. For a future model value Xf¢, the corrected value is given by:

Xfut,corr = Xfut + (Fo_bls (p) - Fr?lcl)d,hist (p)) (2)
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where p represents the percentile of the future value within the historical model distribution Fppqg pist
(Xavier et al. 2022). This method preserves anomalies relative to the historical period while adjusting for
systematic biases. Comparative evaluations have shown that quantile-based methods such as DQM
maintain the climate change signal more reliably than traditional quantile mapping techniques (Lehner
et al. 2023).

Using both EQM and DQM provides a robust framework for assessing projected temperature changes.
EQM ensures the historical baseline is accurate, while DQM allows future projections to retain their
physical consistency, enabling reliable quantification of seasonal and annual temperature anomalies as well

as inter-model uncertainty over Sudan.

3.2. Data processing, ensemble statistics, and model agreement

Monthly mean near-surface air temperature (TAS) from ten CMIP6 GCMs and CRU observational data
(CRU TS 4.09; Harris et al. 2023) were aggregated into annual, summer, and winter climatologies for the
1995-2014 baseline period. To ensure spatial consistency with observations, all CMIP6 outputs were re-
gridded to the CRU 0.5° X 0.5° latitude—longitude grid using conservative remapping in the Climate Data

Operators (CDO) and masked to Sudan’s national boundary.

Future projections under SSP2-4.5 and SSP5-8.5 were evaluated for the mid-century (2041-2060) and late-
century (2081-2100) periods. For each SSP and season, the multi-model ensemble mean was used to rep-
resent the central tendency of projected monthly mean TAS changes, while the ensemble standard devia-
tion quantified inter-model spread. Grid cells where at least two-thirds of models projected warming of

the same sign were classified as regions of likely change (266 % model agreement), following standard

CMIPG6 assessment protocols (Eyring et al. 2016; IPCC 2021).

Projected changes were tested for statistical significance at each grid cell using a two-sample Student’s t-
test, comparing the historical baseline period (1995-2014) with the mid- and late-century periods. Grid
cells with p < 0.05 were considered significant. Significance hatching in figures is applied only where both

the t-test criterion and the 266 % model-agreement criterion are satisfied, ensuring that displayed changes

reflect robust forced signals rather than natural variability (IPCC 2021; Harris et al. 2023).

3.3. Bias correction evaluation metrics

The fidelity of CMIP6 simulations over the 1995-2014 baseline was evaluated using the Pearson

cotrelation coefficient, the modified Kling-Gupta Efficiency (KGE'), and Taylor diagrams (Taylor 2001;
Kling et al. 2012; Enyew et al. 2024).

The modified Kling-Gupta Efficiency (KGE') combines correlation, variability ratio, and coefficient-of-
variation ratio into a single metric, providing a robust assessment of model skill relative to CRU observa-

tions:

51



KGE’=1—J(r—1)2+(a—1)2+(cvﬂ—1)2 O

CVobs

Omod

where 7 is the spatial correlation between model and observations, ot = is the ratio of model to ob-

obs

served standard deviation (variability ratio), and

Jmod/ Umod
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is the ratio of coefficients of variation (CV), with 0 denoting the standard deviation and p the mean. Spe-

. o . S o
cifically, CVypq = %’ represents the relative variability of the model data, CV, s = uLbs represents the
mod obs

relative variability of the observational data. KGE' values closer to 1 indicate higher agreement with obser-

vations, whereas values closer to 0 indicate lower model skill.

Taylor diagrams were employed to visualize the spatial correlation, normalized standard deviation, and
centered root-mean-square difference (CRMSD) for individual models and the ensemble mean. EQM
bias-corrected outputs were included in this evaluation to illustrate improvements in model performance

following systematic bias correction.

4. Results

4.1. Temperature climatology and annual cycle (1995-2014)

The spatial distribution and temporal variability of mean annual temperature across Sudan during 1995-
2014 are shown in Figure 2a. Observed mean annual temperatures exhibit substantial spatial variability,
ranging from 17.9°C to 30.33°C. The coolest conditions (<20°C) occur in the northern desett regions,
whereas the warmest conditions (>30°C) are observed in the central and southern parts of the country.
The national mean temperature is 27.76°C, with a median of 28.31°C and a standard deviation of 1.80°C,

reflecting moderate vatiability across Sudan.

The annual cycle of observed and simulated temperatures over Sudan is illustrated in Figure 2b. The
CMIP6 ensemble successfully reproduces the characteristic seasonal evolution of temperatures across the
country; however, noticeable departures from observations persist throughout the year. The ensemble
shows a slight warm anomaly during the peak summer season (+0.55°C), marking the only period in
which simulated temperatures exceed the CRU observations. During winter, the ensemble underestimates
temperatures by —1.33°C (CRU: 22.21°C; Ensemble: 20.88°C), representing the most pronounced cold
deviation of the year. For the other seasons, the simulated annual temperature cycle in the CMIP6 ensem-
ble is within approximately 1°C of the observations. On the annual scale, the ensemble mean (26.65°C)

remains close to the CRU estimate (27.03°C), resulting in a modest annual bias of —0.38°C.
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Taken together, these results demonstrate that, while the ensemble captures the overarching structure and
timing of Sudan’s annual temperature cycle, persistent but seasonally distinct deviations remain — most no-
tably the summer warm excess contrasted with the larger winter cold bias. This integrated view of spatial
climatology and seasonal evolution provides a robust baseline for evaluating climate model performance

and bias-correction procedures.

(a) Mean Annual Temperature °C (1995-2014) (b) Annual Cycle of Temperature
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Fig. 2. Mean annual temperature over Sudan (1995-2014): (a) spatial distribution based on CRU observations; (b)

annual cycle comparing CRU observations with the ensemble mean of 10 CMIP6 models.

4.2. Evaluation of temperature bias correction

The Empirical Quantile Mapping (EQM) method substantially improves the performance of CMIP6 tem-
perature simulations over Sudan during 1995-2014 (Fig. 3). After correction, model standard deviations
converge to a narrow range (3.32-3.37°C), nearly matching the CRU reference (3.34°C) and contrasting
with the broader spread in the raw simulations (3.28-4.56°C). CRMSD values decrease matrkedly from
1.35-1.77°C in the raw data to 0.90-0.97°C after correction, indicating closer alignment with the observed
spatio-temporal temperature structure. Correlation coefficients remain high (=0.96), showing that EQM

reduces systematic biases without altering the underlying temporal signal.

The largest improvement is observed in the Kling-Gupta Efficiency (KGE) metric, whete raw models
range widely (0.37-0.88), but all EQM-corrected models achieve consistently high values (0.96). As illus-
trated in Figure 3, corrected models cluster tightly around the observational benchmark, emphasizing the
strength and consistency of the improvement. Overall, EQM provides a robust enhancement of model

skill, yielding corrected datasets that are more reliable for historical assessment and future projections.
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(a) Raw vs. EQM Bias corrected P?rgormance (b) CMIP6 Taylor Diagram
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Fig. 3. Evaluation of CMIP6 temperature simulations over Sudan (1995-2014). Left: heatmaps of raw and EQM-
corrected model performance (Bias, CRMSD, correlation, KGE). Right: Taylor diagram showing improved

agreement with CRU after bias correction.

Figure 4 illustrates the spatial patterns of temperature biases in raw and ABias-corrected CMIP6 simula-
tions over Sudan. In the raw simulations, annual temperatures are modestly underestimated relative to
CRU observations (mean —0.59°C; SD = 0.87°C). Summer biases are predominantly positive (mean

+0.45°C; SD = 0.76°C), while winter exhibits the strongest cold bias (mean —1.52°C; SD = 1.31°C).

Following ABias cotrection, median biases are substantially reduced across all seasons (annual: —0.65°C;
summer: +0.48°C; winter: —1.51°C), accompanied by narrower interquartile ranges (annual: 1.88°C; sum-
mer: 1.46°C; winter: 2.73°C), indicating improved agreement with observations. The fraction of grid cells
with positive biases (annual: 25%; summer: 73%; winter: 12%) highlights pronounced seasonal asymme-
tries, likely linked to regional climate processes, particularly the influence of the West African monsoon

during summer.

Hatched areas denote residual extremes outside the central 66% range, identifying localized regions where
bias correction remains less effective. Overall, ABias correction markedly reduces both the magnitude and
spatial extent of temperature biases, with the greatest improvements observed for annual and summer,

while winter retains some localized cold bias.
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Fig. 4. Spatial patterns of raw and ABias-corrected temperature biases in CMIP6 simulations over Sudan for annual,
summer, and winter seasons. ABias cotrection substantially reduces biases across all seasons. Cross-hatched areas

indicate regions of model agreement of 66% or greater.
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Figure 5 presents the ensemble mean changes in annual near-surface air temperature relative to the 1995-
2014 baseline for mid-century (2041-2060) and late-century (2081-2100) under the SSP2-4.5 (moderate
emissions) and SSP5-8.5 (high emissions) scenarios. Panels show (a) mid-century SSP2-4.5, (b) mid-cen-
tury SSP5-8.5, (c) late-century SSP2-4.5, and (d) late-century SSP5-8.5.

By mid-century, ensemble mean warming over Sudan is projected to reach 1.65°C under SSP2-4.5 and
2.16°C under SSP5-8.5, with corresponding 66% likely ranges of 1.12-1.97°C and 1.55-2.48°C, respec-
tively. Warming intensifies substantially by late-century, increasing to 2.67°C (66% range: 1.89-3.30°C) un-
der SSP2-4.5 and 5.00°C (66% range: 3.92-6.01°C) under SSP5-8.5. These results underscore the strong
scenario dependence of future warming in Sudan, with high-emission pathways leading to markedly
greater temperature increases. Hatched regions denote areas of robust warming where both statistical sig-
nificance (p < 0.05) and strong inter-model agreement (=66%) are satisfied. The 66% likely ranges quan-

tify inter-model uncertainty, and the corresponding numerical statistics are summarized in Table 2.

Figure 6 shows the ensemble time series of annual mean near-surface air temperature anomalies over Su-
dan for 2041-2100 under SSP2-4.5 and SSP5-8.5. Solid lines represent the ensemble mean, shaded enve-
lopes indicate the 66% likely range, and dashed lines show the inter-model minimum and maximum. Un-
der SSP2-4.5, anomalies increase gradually from 1.68°C in 2041-2060 to 2.68°C by 2081-2100, with the
66% likely range widening from 1.34-2.15°C to 2.02-3.52°C. The associated linear warming trend is
0.247°C decade™. In contrast, SSP5-8.5 exhibits much stronger warming, rising from 2.18°C in 2041-2060
to 4.87°C by late-century, with the 66% likely range expanding from 1.84-2.67°C to 4.11-6.17°C, corre-

sponding to a lineat trend of 0.703°C decade™.

Overall, these projections are broadly consistent with IPCC AR6 Working Group I assessments, which
report likely warming of approximately 1.5-2.5°C under SSP2-4.5 and 2.5-4.0°C under SSP5-8.5 for East
Africa and the Sahel by mid-century (IPCC 2021). The slightly narrower uncertainty ranges in this study
reflect the use of a bias-corrected subset of CMIP6 models focused specifically on Sudan. Nevertheless,
the magnitude, spatial distribution, and temporal evolution of projected warming closely align with the

broader multi-model patterns reported by the IPCC.
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Fig. 5. Ensemble mean annual temperature anomalies relative to the 1995-2014 baseline for the mid- and late-century

periods under SSP2-4.5 and SSP5-8.5. Cross-hatched areas indicate regions of model agreement of 66% or greater.
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Fig. 6. Ensemble time series of annual mean near-surface air temperature anomalies over Sudan for 2041-2100 under
SSP2-4.5 and SSP5-8.5. Solid lines represent the ensemble median, dashed lines indicate the ensemble mean, and
shaded areas show the 66% likely range.
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Table 2. Ensemble statistics of future annual and seasonal temperature anomalies (°C) over Sudan under SSP2-4.5

and SSP5-8.5 for mid- and late-century.

S Scenari Mean Anomaly | Median Std Min Max 66% likely
cason cenario C) CcoO | O | O O range (°C)
SSP245 (2041-2060) 1.68 1.65 0.15 1.45 1.91 1.12-1.97
SSP585 (2041-2060) 2.17 2.16 0.23 1.78 2.51 1.55-2.48

ANNUAL
SSP245 (2081-2100) 2.68 2.67 0.13 2.45 2.92 1.89-3.30
SSP585 (2081-2100) 4.87 5.00 0.16 4.50 5.00 3.92-6.01
SSP245 (2041-2060) 1.78 1.68 0.29 1.41 2.26 1.49-2.18
SSP585 (2041-2060) 2.30 2.16 0.44 1.74 3.06 1.88-2.90

SUMMER
SSP245 (2081-2100) 2.80 2.69 0.28 2.47 3.27 2.53-3.21
SSP585 (2081-2100) 4.79 5.00 0.24 4.35 5.00 4.47-5.00
SSP245 (2041-2060) 1.58 1.60 0.06 1.45 1.72 1.51-1.64
SSP585 (2041-2060) 1.98 1.98 0.11 1.73 2.29 1.89-2.07

WINTER
SSP245 (2081-2100) 2.57 2.56 0.08 2.31 2.77 2.51-2.63
SSP585 (2081-2100) 4.90 5.00 0.15 4.37 5.00 4.75-5.00

4.4. Future seasonal warming

Summer projections are shown in Figure 7, which presents the ensemble mean changes in near-surface air
temperature relative to the 1995-2014 baseline for the mid-century (2041-2060) and late-century (2081-
2100) periods under the SSP2-4.5 and SSP5-8.5 scenatios. Panels (a-d) correspond to mid- and late-cen-

tury projections for both emissions pathways.

Duting the mid-century petiod, ensemble mean summer warming is projected to reach 1.78°C under
SSP2-4.5 and 2.30°C under SSP5-8.5, with 66% likely ranges of 1.49-2.18°C and 1.88-2.90°C, respectively.
By late-century, warming intensifies further, increasing to 2.80°C (66% range: 2.53-3.21°C) under SSP2-
4.5 and 4.79°C (66% range: 4.47-5.00°C) under SSP5-8.5.

Hatched regions indicate areas of robust warming where both statistical significance (p < 0.05) and strong
inter-model agreement (=66%) are satisfied. These results demonstrate that future summer warming in
Sudan is strongly scenario dependent, with higher emissions leading to substantially greater temperature

increases. The detailed numerical statistics for these projections are summarized in Table 2.

Winter projections are presented in Figure 8, with panels (a-d) corresponding to mid- and late-century
projections under the SSP2-4.5 and SSP5-8.5 scenarios. During the mid-century period, ensemble mean
winter warming is projected to reach 1.58°C under SSP2-4.5 and 1.98°C under SSP5-8.5, with 66% likely
ranges of 1.51-1.64°C and 1.89-2.07°C, respectively. By late-century, winter warming intensifies to 2.57°C
(66% range: 2.51-2.63°C) under SSP2-4.5 and 4.90°C (66% range: 4.75-5.00°C) under SSP5-8.5.

Compared to summer, winter warming exhibits greater temporal stability and narrower uncertainty inter-
vals, reflecting reduced inter-model spread. Hatched regions denote areas of robust warming, defined by
both statistical significance (p < 0.05) and strong inter-model agreement (=66%0), consistent with the crite-

ria applied to annual and summer projections.
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Overall, these results indicate that while both seasons experience substantial warming, the magnitude and

variability are consistently higher during the summer months. Corresponding winter statistics are summa-

rized in Table 2.
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Fig. 7. Ensemble mean summer near-surface air temperature anomalies relative to the 1995-2014 baseline for the
mid-century and late-century periods under SSP2-4.5 and SSP5-8.5. Cross-hatched areas indicate regions of model

agreement of 66% or greater.

Figure 9 illustrates the seasonal evolution of near-surface air temperature anomalies over Sudan from 2041
to 2100. Panel (a) presents summer anomalies, which display a pronounced upward trajectory. Under
SSP5-8.5, the 66 % likely ranges progressively widen, indicating accelerated warming and increased inter-
model divergence during the monsoon season. Panel (b) shows winter anomalies, which also increase over
time but follow a mote stable trend with narrower uncertainty intervals, consistent with the reduced model

spread identified in the statistical analysis.

Seasonal warming rates over 2041-2100 are estimated at approximately 0.265°C per decade (summer) and
0.243°C per decade (winter) under SSP2-4.5, and 0.742°C per decade (summer) and 0.718°C per decade
(winter) under SSP5-8.5. These projections indicate that Sudan will continue to expetience sustained
warming throughout the 215t century in both seasons, with summer warming occurring at a faster rate and

exhibiting greater variability than winter warming.
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Overall, the results align closely with regional projections reported in the IPCC ARG, underscoring strong

scenario-dependent warming across northern and north-eastern Africa.

(a) WINTER_Temp_2041-2060_SSP245 (b) WINTER_Temp_2041-2060_SSP585
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Fig. 8. Ensemble mean winter near-surface air temperature anomalies relative to the 1995-2014 baseline for the mid-

century and late-century periods under SSP2-4.5 and SSP5-8.5. Cross-hatched areas indicate regions of model agree-

ment of 66% or greater.
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Fig. 9. Ensemble time series of seasonal near-surface air temperature anomalies over Sudan for 2041-2100 under
SSP2-4.5 and SSP5-8.5. (a) summer anomalies, (b) winter anomalies. Solid lines represent the ensemble median,

dashed lines indicate the ensemble mean, and shaded areas show the 66% likely range.
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4.5. Scenario divergence

The temperature differences between the moderate- and high-emission pathways exhibit a clear, increas-
ingly pronounced divergence from mid-century to late-century (Fig. 10a-c). During the mid-century period
(2041-2060), the separation between scenarios is already detectable, with consistently positive warming
differences across all seasons. Annual differences remain modest yet robust, with a mean increase of
0.49°C and a narrow 66% likely range of 0.38-0.58°C, indicating strong inter-model agreement. Seasonal
patterns follow a similar structure: winter differences average 0.41°C, while summer shows a latger re-
sponse of 0.53°C, reflecting enhanced land-atmosphete coupling during hotter months. The tight uncet-
tainty ranges across all mid-century estimates underscore the stability and consistency of the modeled sce-

nario divergence.
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Fig. 10. Projected temperature differences (SSP5-8.5 minus SSP2-4.5) over Sudan. Panels a-c show mid-century
(2041-2060) annual, winter, and summer differences; panels d-f show late-century (2081-2100) differences. Color

shading indicates mean differences, and cross-hatched areas indicate regions of model agreement of 66% or greater.

By the late-century period (2081-2100), the contrast between emissions pathways intensifies substantially
(Fig. 10d-f). Annual differences increase to a mean of 2.36°C, with a constrained 66% likely range of 2.13-
2.63°C, highlighting the dominant influence of cumulative greenhouse-gas emissions on long-term warm-
ing. Seasonal differences reach comparable magnitudes, with winter and summer increases of 2.37°C and
2.39°C, respectively. Although inter-model spread widens slightly, particulatly during summer due to am-
plified radiative forcing and surface feedbacks, warming remains consistently higher under the high-emis-

sion scenario across all models.

Overall, these results demonstrate that while mid-century scenario separation is moderate and tightly

bounded, late-century divergence becomes pronounced and climatically significant. The persistence of
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positive differences, combined with narrow mid-century uncertainty and coherent late-century ranges,
provides high confidence that Sudan’s future thermal conditions, particularly summer heat stress, will be

strongly governed by the global emissions trajectory.

5. Discussion and conclusions

This study provides a detailed assessment of projected annual and seasonal temperature changes over Su-
dan for the mid-century (2041-2060) and late-century (2081-100) periods under the SSP2-4.5 and SSP5-8.5
scenarios, using bias-corrected CMIP6 multi-model ensembles. The results indicate a robust and con-

sistent warming signal across all seasons, with a strong dependence on future emissions pathways.

For annual mean temperature, the mid-century ensemble median warming is projected to reach 1.65°C
under SSP2-4.5 (66% likely range: 1.12-1.97°C) and 2.16°C under SSP5-8.5 (66% likely range: 1.55-
2.48°C). By late-century, annual warming intensifies substantially to 2.67°C (66% range: 1.89-3.30°C) un-
der SSP2-4.5 and 5.00°C (66% range: 3.92-6.01°C) under SSP5-8.5 (Table 2) (IPCC 2021; World Bank
2023). The cotresponding linear warming trends of 0.247°C per decade and 0.703°C per decade, respec-

tively, illustrate the accelerated temperature increase associated with high-emission pathways (Fig. 6).

Summer exhibits the fastest and most variable warming. Mid-century median summer anomalies are pro-
jected at 1.68°C under SSP2-4.5 (66% range: 1.49-2.18°C) and 2.16°C under SSP5-8.5 (66% range: 1.88-
2.90°C). By late-century, summer warming reaches 2.69°C (66% range: 2.53-3.21-°C) under SSP2-4.5 and
5.00°C (66% range: 4.47-5.00°C) under SSP5-8.5 (Table 2; Fig. 7). Corresponding warming rates of ap-
proximately 0.265°C per decade and 0.742°C per decade reflect strong land—atmosphere feedback during

the hottest months.

Winter warming is comparatively more stable. Mid-century median anomalies reach 1.60°C (66% range:
1.51-1.64°C) under SSP2-4.5 and 1.98°C (66% range: 1.89-2.07°C) under SSP5-8.5. By late-century, winter
warming increases to 2.56°C (66% range: 2.51-2.63°C) and 5.00°C (66% range: 4.75-5.00°C), respectively,
with linear trends of 0.243°C per decade and 0.718°C per decade (Table 2; Fig. 8). Compared to summer,
winter projections exhibit narrower uncertainty ranges, indicating reduced inter-model spread and greater

seasonal stability.

Spatially, northern and central Sudan are projected to experience stronger warming than southern regions,
consistent with heterogeneous climate regimes, land—atmosphere interactions, and topographic influences.
The 66% likely ranges provide a quantitative measure of inter-model uncertainty, indicating robust warm-
ing signals across most regions. These findings are consistent with regional assessments for East Africa
and the Sahel reported in IPCC AR6 WGI (IPCC 2021) and complement recent analyses of climate-re-
lated peace and security risks in Sudan (NUPI, SIPRI 2022).

Scenario divergence is already evident by mid-century. Annual temperature differences between SSP5-8.5

and SSP2-4.5 average 0.49°C (66% likely range: 0.38-0.58°C), with summer differences of 0.53°C (66%
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range: 0.30-0.84°C) and winter differences of 0.40°C (66% range: 0.24-0.63°C). By late-century, these con-
trasts become climatically significant, with annual differences of 2.37°C (66% range: 1.91-2.83°C), summer
divergences reaching 2.40°C (66% range: 1.77-3.32°C), and winter divergences of 2.39°C (66% range:

2.01-2.63°C) (Fig. 10). This confirms that cumulative greenhouse-gas emissions will strongly govern future

thermal conditions, particulatly extreme summer heat stress IPCC 2021; NUPI, SIPRI 2022; WBG 2023).

Bias correction using Equidistant Quantile Mapping (EQM) and Delta Quantile Mapping (DQM) sub-
stantially reduces systematic model errors, improves Kling-Gupta Efficiency (KGE), and constrains inter-
model spread, thereby enhancing confidence in the projections. Nevertheless, several limitations remain.
CMIP6 models’ coarse spatial resolution (~100-200 km) may underestimate local warming hotspots;
EQM assumes stationary bias structures that may not fully hold under future climate conditions; and

sparse observational coverage in northern Sudan introduces uncertainty into the reference climatology

(IPCC 2021).

The projected warming has significant socioeconomic implications. Enhanced summer temperatures are
likely to exacerbate heat stress, reduce agricultural productivity, intensify water scarcity, and challenge hy-
dropower generation. Northern and central Sudan appear particulatly vulnerable to compounded heat-
wave and drought risks. These findings underscore the urgent need for targeted adaptation strategies, in-
cluding climate-resilient crops, improved water-resource management, and strengthened early-warning sys-

tems, consistent with broader climate risk and security assessments (NUPI, SIPRI 2022; WBG 2023).

In conclusion, Sudan is projected to experience substantial annual and seasonal warming throughout
2041-2100, with summer exhibiting the fastest and most variable increases. The growing divergence be-
tween moderate- and high-emission pathways highlights the critical importance of global mitigation ef-
forts, while strong multi-model agreement provides robust guidance for national adaptation planning.
Bias-corrected CMIP6 ensembles offer actionable insights for policymakers and stakeholders, supporting
evidence-based climate risk assessments and long-term adaptation strategies (IPCC 2021; NUPI, SIPRI
2022; WBG 2023).
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Abstract

Climate change has increasingly altered the environment, specifically in high-mountain regions. This change is posing a significant
challenge to water resources and downstream socioeconomic systems. The Himalayan cryosphere plays a critical role in sustaining
river flow for the majority of the downstream population. The Himalayan region is considered one of the most critical areas
globally when assessing the social and economic consequences of glacier shrinkage. Consequently, the Himalayan system is highly
sensitive to changes in temperature and precipitation regimes. To understand the climate-driven impacts on high-altitude
hydrology, hydrological modeling has become a key tool for assessing glacier melt contributions, watershed hydrological processes,
and streamflow variability across the Himalayan region. This review aims to synthesize current understanding of climate change
impacts on the cryosphere and high-altitude hydrology, with main emphasis on temperature and precipitation variability and their
representation in hydrological models. The study examines various modeling approaches, including lumped, semi-distributed, and
fully distributed models, as well as emerging machine-learning and hybrid frameworks. Studies conducted within the Indian
Himalayan Region (IHR) are critically reviewed to evaluate model performance, data requirements, and scenarios, focusing on
compatibility. Furthermore, the review discusses primary sources of uncertainty and limitations of gridded climate products,
specifically in parameter estimation and process representation for complex high-altitude terrain. Although multiple models are
available and perform well enough, generating results that are consistent with observed discharge data, the major challenge lies in
selecting the most suitable model for a specific scenario and identifying the necessary input parameters. The study also outlines
future directions, including the integration of Al/machine learning approaches to improve climate impact assessments and

hydrological predictions in data-scarce, high-altitude Himalayan basins.
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1. Introduction — overview of climate change implications on high-altitude regions
Climate change has emerged as the biggest threat in the past 40 years and has been responsible for
impeding nations' abilities to achieve sustainable development goals (IPCC 2007). Evidence of the
impacts and risks associated with climate change is strongest for natural systems (IPCC 2017). It has been
projected for the Hindu Kush Himalaya (HKH) that by the end of the 215t century, the median annual air
temperature will further increase by 0.8-5.7°C (Dahri et al. 2021). Future projections for the Himalayan
regions ate highly conflicting and spatially vatiable (Dahri et al. 2021). In India, glaciers cover a region
from 26°N, 72°E to 36°N, 96°E (Raina, Srivastava 2008), providing water to 50-60% of the population
living downstream. The Himalayan region is potentially one of the most critical parts of the world when

considering the social and economic impacts of glacier shrinkage (Barnett et al. 2005). A study observed

65


https://doi.org/10.26491/mhwm/217540

that between 2003 and 2009, Himalayan glaciers lost an estimated 174 gigatons of water each year and
retreated at a rate of 0.3 to 1.0 meters per year (with the most extreme melting occurring in the east),

a rate faster than the global average ice mass melt (Mani 2021). Climate change is responsible not only for
temperature and precipitation vatiation but also disturbs the hydrological cycle. This vatiation impacts
glacier mass by causing melting and loss of seasonal snow;, thereby affecting the stability of water
resources in the region. Any changes in water resources, including reduction in availability or variation in
flow patterns resulting from altered seasonal precipitation, will directly influence the water supply and
consequently reduce water availability for agriculture or domestic use. Thinning of glaciers may also affect
hydropower production, a key source of renewable energy for the region. Factors that will affect future
water availability in Himalayan rivers include glacier melt, groundwater extraction, reservoir construction,
decline in precipitation, population growth, snowmelt, springs, and permafrost thaw. These concerns have
made the Himalayan region a focus of research for the past decade (Chandel, Ghosh 2021). In short, the
melting induced by climate change will cause a cascading effect, making the region more vulnerable to
disasters such as flash floods, landslides, soil erosion, and glacial lake outburst floods. Initially, melting
glaciers may increase groundwater levels downstream, but over time, glaciers will retreat and generate less
meltwater, exacerbating water shortages and endangering the lives of the downstream population

(O Dochartaigh et al. 2019). With the fast-growing need for fresh water and increasing awareness of its
sustainable use, studies on snow; ice, and glaciers have acquired considerable importance (Kesarwani et al.
2015). Knowledge of snow and glacier-fed watersheds and associated glaciological elements is significant
for the sustainable use and protection of Himalayan water resources. The purpose of this literature review
is to systematically examine existing research related to the impacts of climate change on high -altitude
regions. It is critical to study glacio-hydrological functions and their impact on water availability. Although
numerous studies have attempted to analyze recent climate change, project future changes, and model the
underlying impacts on the hydrological regime and water availability for the Himalayan region, there are
still significant gaps in data, information, and knowledge that limit our understanding of the basin's hydro-
meteorological regime. The present study is an attempt to understand temperature and precipitation
trends in the Himalayas for improved understanding of climate change impacts on regional hydrology.
The study also explores the suitability of various hydrological models used in the region. The study
highlichts climate-driven changes that influence hydrological processes, while also discussing key
challenges in Himalayan hydrological studies, such as data scarcity, complex terrain, limited long-term

observations, and uncertainties associated with climate inputs, model structure, and parameterization.

2. Literature review — methodology

To understand the impacts of climate change on high-altitude regions, relevant literature was identified
through online databases such as Scopus and Google Scholar. The initial identification of literature was
based on titles and keywords. The keywords included, but were not limited to: climate change, high
altitude, hydrology, hydrological modeling, glaciers, and temperature and precipitation variation in the

Himalayas. The literature review methodology is explained in Figure 1a. A few papers were excluded based
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on the study areas, and language of the paper. Literature with insufficient information was also excluded.
Finally, a total of 206 documents was selected for this review, including original articles (76%), books,
book chapters and reports (12%), review articles (7%), and technical reports and theses (6%). These 206
documents were then broadly categorized by their study areas, such as the Himalayan region, HKH
(Hindu Kush Himalaya), and IHR (Indian Himalayan Region) as depicted in Figure 1b. For a broader
perspective, global studies were also included for general explanation. Further classification was done
based on research themes (Fig. 1¢). The main research themes we focused on were: climate change impact
on hydrology, hydrological modeling, climate change impact on glaciers, glacio-hydrological modeling,
glaciers and glacier hazards, geographic information system (GIS) applications for the assessment of
climate change, climate change impacts, and temperature and precipitation variation associated with
climate change. The main aim was to review literature focused on climate change impacts on high-altitude
regions by altering cryospheric and hydrological components. This structured methodology ensures
comprehensive coverage and minimizes bias by following a systematic, repeatable, and transparent

process.
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Fig. 1. Literature review methodology detailing the stages of identification, screening, and inclusion criteria.

The figure also illustrates the distribution of literature categorized by study area and research theme.

3. High-altitude Himalayan hydrology — key features

The Himalayan region is characterized by elevation variation, diverse precipitation patterns, and
temperature profiles from the foothills to the Himalayan crest, with average elevation in the Tibetan

plateau (Chandel, Ghosh 2021). The foothills are warm, and the higher altitudes are cooler. The region
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receives rainfall from two precipitation systems: the Indian summer monsoon and western disturbances.
The central and eastern parts of the Himalayas receive rainfall from the Indian summer monsoon from
June to September, whereas western disturbances and the Indian summer monsoon contribute to
precipitation in the western Himalayas (Bookhagen, Burbank 2010). The high-altitude Himalayan region
acts as a barrier and is responsible for precipitation in the foothills. The majority of basins in the region
are of the summer accumulation type, but the western Himalayas are of the winter accumulation type
(Lutz et al. 2014). Snow and glaciers are important hydrological components in the Himalayas, affecting
the livelhood of about a billion people residing in the basins of the Indus, Ganges, and Brahmaputra
rivers (Wester et al. 2019). The water from these rivers not only contributes to the water requirements of
the downstream populations butis also essential for food production, energy production, and ecosystem
sustenance. The water resources generated from these rivers are responsible for the gross domestic
products (GDP) of India, Nepal, Pakistan, and China (Chandel, Ghosh 2021). Snowpacks and glaciers are
considered highly sensitive indicators of global climate change. They are predominantly sensitive to the
rising temperatures affecting the Himalayan hydrology in several ways, namely, glacier retreat, permafrost
degradation, lesser snowfall, reduced mountain snowpack, and eatly onset of melt, which consequently
alter the patterns of river flow (Immerzeel et al. 2010; Beniston, Stoffel 2014; Lutz et al. 2014; Lutz et al.
2010). Vatious studies have confirmed that the majority of glaciers in the region is facing decline in their
mass and even worse conditions are predicted for the future (Brun et al. 2017; Azam et al. 2018; Chandel,

Ghosh 2021; Schmale et al. 2017).

4. Climate change in the Himalayas

The task of understanding climate change trends starts with the basic understanding of the term ‘climate;
which refers to the long-term average of weather conditions (temperature, precipitation, humidity, wind
speed, and direction) observed at a given location (Shekhar, Singh 2014). Climate change refers to any
long-term deviation in these climate parameters caused by natural variability or human activities. The
phrase ‘long-term’ is consistent with the definition of climate as an average of its parameters over a
duration of 30 years (WMO 2017). All available records of temperature and climate models show a near-
surface temperature increase, particulatly in recent decades (IPCC 2007; IPCC 2018).

4.1. Historical climate observations and trends in the IHR region

Various studies have confirmed that elevated warming negatively affects the glacio-hydrology of snow and
ice-fed river catchments, especially in the high-altitude Himalayan region (Shekhar, Singh 2014; Wester et
al. 2019). This impactis also seen in the hydrological balance of many watersheds globally (Xu et al. 2009;
Immerzeel et al. 2010). It is now well-established that the Earth’s surface has warmed over the past 100
years, primarily due to anthropogenic activities (IPCC 2021). Changes in many components of the climate
system, such as precipitation, snow cover, sea ice, and extreme weather events, have also been observed
(NOAA 2020). These changes exhibit remarkable regional variations around the globe. Various studies

have shown that high-altitude regions are especially sensitive to climate change because they experience
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higher mean annual rates of warming (IPCC 2007; Xu et al. 2009; Lesher 2011; Pepin et al. 2015). Studies
assessing past temperature trends in the Himalayan region indicate that surface air temperatures have
increased in the Himalayas since 1970 (Bhutiyani et al. 2007; Immerzeel et al. 2010). Future predictive
studies estimate an increase of 0.01°C to 0.75°C per year by 2050 (Xu et al. 2009; Kraaijenbrink et al.
2017). Bhutiyani et al. (2007) observed historical temperatures from three meteorological stations and
reported higher rates of warming during winters in the northwestern Himalayas. Temperature trends

observed by various studies are given in Table 1.

Assessment of historical precipitation in the Himalayas shows both positive and negative trends (Ye et al.
2007a; Immerzeel et al. 2010) (Table 2). A study by Nepal (2016) based on model assessments showed
variation in snowfall patterns, snowmelt, discharge, and evapotranspiration, estimating that these
variations are due to sensitivity to climate change. Studies conducted over the entire Indian Himalayan
Region (IHR) suggest that increasing human activities have led to unprecedented changes in the earth’s
delicate climate system (Sharma et al. 2019). Changes in temperature and precipitation patterns will
significantly impact high-altitude hydrology in the region. The net hydrologic impacts of climate change
on high-altitude lakes have also been observed, showing dependence on their proximity to glaciers, lake
elevation, and whether climate changes are predominantly in temperature or precipitation (Thayyen,
Gergan 2010; Ahmed etal. 2022). Our understanding of hydro-meteorological regimes, particularly at the
sub-basin scale, is limited by the lack of significant data and information, and knowledge gaps. In the
western Himalayas, numerous studies have been conducted to examine recent climate change, project
future changes, and model the impacts on the hydrological regime and water availability (Immerzeel et al.
2013; Hasson et al. 2017; Hasson et al. 2019; Lutz et al. 2019; Dahri et al. 2021). However, accurate
assessments are challenging because in situ observations are very scarce and the strong influence of the

innately complex climate systems interacting with very high orographic features (Dahri et al. 2021).
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Table 1. Summary of reported historical and projected temperature changes across the various Himalayan regions

based on observational records, satellite and reanalysis datasets, and climate model projections. Values represent mean

or extreme temperature trends over different analysis periods as reported in the cited studies.

Study area Study period Temperature Variable Data collection method Source
i change
o Mean . .
1950 to 1999 +2.5°C Observation and IPCC-AR4 Rao et al. (2016)
temperature
o Mean .
. 21t century +9°C Projected: IPCC-AR4 Rao et al. (2016)
Himalayan temperature
fegion 215t century +0.3-0.9°C Mean Projected: RCP8.5 model Dimri et al. (2018)
temperature
° Mean .
1982-2006 +1.5°C Observations Shrestha et al. (2012)
temperature
Hindu Kush 19012014 | 0.1°C/decade Mean Observations Sabin et al. (2020)
. temperature
Himalayas Nean
(HKH) 20stcentury | +2.6-4.6°C et Projected: CMIP5 Sabin et al. (2020)
temperature
Karakoram M
and Northwest | 2066-2095 +1.6-1.8°C can Projected: RCP8.5 Sanjay et al. (2017)
. temperature
Himalaya
° Mean . . Kothawale, Rupa
1971-2003 +0.22°C/decade temperatute Observed: Station data Kumar (2005)
+0.15°C Mean . Le Masson, Nair
1986-2015 Jdecade temperature Observed: Station data (2012)
Indian 2080 +3.84°C Mean Projected: Climate Model Krishnan et al. (2019)
. temperature Negi et al. (2021)
Himalayan Maximum | Projected: General Circulation
. o 2 : )
Region (IHR) 2011-2040 +1.18°C temperature | Models (GCMs) Sharma, Goyal (2020)
° Mean Projected: General Circulation
- +0.54°C y
2011-2040 0.54°C temperature | Models (GCMs) Sharma, Goyal (2020)
o Minimum Projected: General Circulation .
- +1. y
2011-2040 1.92°C temperature | Models (GCMs) Sharma, Goyal (2020)
o Minimum Obsetrved & Reanalysis
1901-2003 +0.9°C temperature | Modelled data Dash et al. (2007)
1901-2003 +1.9°C Minimum | Observed & Reanalysis Dash et al. (2007)
temperature | Modelled data
Maximum | Space based Observations
- + °
Western 1985-2009 1.41°C temperature | (GIOVANND Kumar et al. (2014)
Himalaya o Minimum Space based Observations
1985-2009 +1.63°C temperature | (GIOVANND Kumar et al. (2014)
o Mean Space based Observations
- +
1985-2009 1.49°C temperature | (GIOVANND Kumar et al. (2014)
+0.26 £0.09°
19792007 | T0:20£0.09°C/ Mean Space based observation Gautam et al. (2010)
decade temperature
o Mean Observation and Space based o
1901-2000 +0.16°C temperature | (NOAA) study Bhutiyani et al. (2007)
Northwest 1876-2006 +0.11°C Mean 1 Observation (IMD, SASE and | gy 0 ec al. (2007)
Himalaya temperature [ IAF Stations)
20 century | +0.009-0.064°C Mean Observation (IMD Stations) | Singh et al. (2008)
temperature
o o Maximum Obsetvation (Tocklai Tea Jhajharia, Singh
1960-2000 ] +0.1°Ct00.9°C temperature | Research Association (Jorhat)) | (2011)
° ° Mean Observation (Tocklai Tea Jhajharia, Singh
- +0. . .. ’
1960-2000 0.2°C00.8°C temperature | Research Association (Jorhat)) | (2011)
1960-2000 +0.1°C 16 0.6°C Minimum Obsetvation (T9ck1a1 Tea Jhajharia, Singh
- temperature | Research Association (Jorhat)) | (2011)
Bastern -
Himalaya Mean Modelling based study
1900-2002 +0.6°C (Climate Research Unit (CRU) | Immerzeel (2008)
temperature
dataset)
2050 +2.9°C Mean Projected: Modelling based Shrestha, Devkota
) temperature | study (HadRM2 Simulations) (2010)
2050 +4.3°C Mean Projected: Modelling based Shrestha, Devkota
N temperature | study (PRECIS simulations) (2010)
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Table 2. Reported trends in precipitation across the Himalayan, Hindu Kush—Himalayan, and associated sub-regions
based on observational records and climate model projections. The table summarizes study periods and the direction

of precipitation change (increasing or decreasing) as documented in the cited literature.

Study area Study period Pr:aciipaittia(;ilon Source
Himalayas 1982-20006 Increasing Shrestha et al. (2012)
) . 1951-2014 Increasing Krishnan et al. (2019)

Hindu Kush Himalayas (HKH)
1901-2099 Increasing Panday et al. (2015)

Indian Himalayan Region (IHR) 2011-2040 Increasing Sharma, Goyal (2020)
1951-2007 Increasing Krishnan et al. (2019)
1998-2016 Increasing Krishnan et al. (2019)

Western Himalaya 19752006 Decreasing g?ﬁjihglzzlrltz({é (l)%lazj ;cvan (2008)
1866-2006 Decreasing Bhutiyani et al. (2009)
2000-2100 Increasing Immerzeel (2008)

Hastern Himalayas 1979-2100 Decreasing Singh, Goyal (2016)
1951-2007 Decreasing Saikia et al. (2013)

4.2. Evidence of temperature rise, precipitation changes, and extreme events
Temperature can represent the energy exchange between longwave and shortwave radiation; therefore,
temperature change is considered a good indicator of changing climate globally (Bhutiyani et al. 2007).
Meteorological observations worldwide show an increase of 0.85°C from 1885 to 2012 and an increasing
trend of 0.05°C per decade in global mean temperature (Diaz, Bradley 1997; Easterling et al. 1997; Barry
2001; Folland et al. 2001; IPCC 2013; NOAA 2020). The warming trend is not uniform globally, with
inconsistencies observed in mountainous regions due to the unavailability of sufficient long-term in situ
observations and complex topographic conditions (Pepin et al. 2015). Studies based on instrumental data
suggest that the Himalayan region has experienced a warming trend more than twofold greater than the
global average (Shrestha et al. 1999; Kothawale, Rupa Kumar 2005; Bhutiyani et al. 2007; Kothawale et al.
2010; Krishnan et al. 2020). The temperature trend has increased in the past decades, with this unusual
warming trend attributed to anthropogenic greenhouse gas (GHG) emissions and deforestation, which are
suggested to be dominant climate forcing agents (Shrestha et al. 1999; Kothawale et al. 2010; Zemp et al.
2019). In a study to understand past temperature trends, increases in average annual temperature and
average annual maximum temperature have been reported (Huddleston et al. 2003; Bhutiyani et al. 2007;
Palazzi et al. 2019). This increase is several-fold higher than the rise in the global average temperature.
Another study based on previous meteorological data sets from the Indus and Ganges basins suggested
rises of 0.50°C and 0.44°C, respectively (Singh etal. 2008a). A study conducted over the western IHR for
the period from 1971 to 2007 suggested a warming rate of 0.46°C per decade, higher than the 0.20°C per
decade observed for the rest of India (Kothawale, Rupa Kumar 2005; Sharma, Goyal 2020).

In recent decades, several studies have been conducted for the northwestern Himalayas using reanalysis
datasets; the result shows an increased rate of warming in the region (Dimri, Dash 2012; Kumar et al.

2014). A study conducted in the central Himalayas for the period 1967-2007 using a meteorological
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dataset suggests an increase in the annual mean temperature of 0.49°C (Singh et al. 2013). A study
conducted by Singh et al. (2016) found that precipitation is a relatively less-studied parameter for
assessment of climate change. Since the precipitation data is limited no visible trend is observed for IHR
precipitation, unlike temperature. Few studies suggest that, in comparison to moderate rainfall events,
extreme rainfall events have increased significantly in IHR. Whereas in the northwestern Himalayas in the
Indus basin (IHR) a significant increase in precipitation has been observed (Shrestha et al. 2000; Goswami
et al. 2006; Nandargi, Dhar 2011). In another study conducted by (Bhutiyani et al. 2009) in northwestern
IHR using the meteorological dataset from 10 weather stations suggests a decrease in annual and
monsoon precipitation and an increase in winter precipitation. Whereas another study (Dimri, Dash 2012)
reported a contrasting trend, indicating an insignificant decrease in winter precipitation. The study
conducted for Uttarakhand & Himachal Pradesh shows a significant decrease in annual precipitation.
Whereas the study for the western (Jammu & Kashmir, J&K) and eastern parts of IHR shows an
increasing trend in precipitation (Singh, Goyal 2016). Studies conducted by (KKothawale et al. 2010), have
also suggested temperature variations in the region. The temperature trends across the central Himalayan
region (Nepal) exhibit significant spatial variation. There is a visible warming trend over the majority of
the Himalayan and middle mountainous areas. On the contrary, the Terai and Siwalik regions display
comparatively smaller warming trends, and in some cases, there are even observable cooling trends. This
spatial distribution of maximum temperature trends, as highlighted by Shrestha et al. (1999), underscores
the complexity of climate patterns in the central Himalayas, with distinct warming patterns in
mountainous terrains and varying trends in the lowland regions. A study conducted in the central
Himalayas (Nepal) from 1971 to 1994 using the temperature data from 49 stations shows a warming trend
of 0.068 to 0.128°C in mostof the middle mountain and Himalayan regions. The study revealed that the
southern plain region shows a warming trend of 0.038°C per year, along with increased vatiation in
rainfall patterns in the region. Global warming and its impact on the hydrological cycle and nature of

hydrological events have posed an additional threat to the region (Mall et al. 2006).

Extreme events like flash floods, flooding from monsoon rainfall, lake outbursts, landslides, and
avalanches may be induced by climate change (National Research Council 2012). Mainly, the monsoon
flood is caused by heavy rains, but other factors such as snowmelt and changes in land use may enhance
the scale of the event, making it more disastrous (Pramanik, Bhaduri 2016). The water resources of snow-
dominated regions such as the Himalayas are adversely impacted by climate change (Barnett et al. 2005;
Piao et al. 2010; Chen et al. 2016; Roe et al. 2017; Huss, Hock 2018; Chandel, Ghosh 2021). Increasing
warmth and humidity in daily weather, erratic rainfall patterns, extension of the normal winter season, and
increasing incidences of floods, drought, and cyclones are some of the common observations, reflecting
changes in normal atmospheric circulation and climate change predictions (IPCC 2007). Many studies
have been conducted to observe a patticular trend in precipitation patterns over this region. The results
suggest that precipitation trends are sensitive to location and the methodology used for assessment, along

with the elevation of the meteorological stations that have been used for collection of data. It has been
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observed that the region has sparse meteorological stations, and the available stations are at low altitudes
(Palazzi et al. 2013). This situation results in low-altitude bias, and snow measurements at all altitudes are

typically fairly error-prone (Winiger et al. 2005; Hunt et al. 2020).

4.3. Impact of climate change on cryosphere dynamics

Himalayan glaciers are valley-type glaciers and account for about 70% of non-polar glaciers (Nandy et al.
2000). Eatlier studies have estimated that an area of about 32,000 km? is permanently covered by ice and
snow in the Himalayas (Negi 1991). According to the Geological Survey of India, there are 9,575 glaciers
in the Indian Himalayas, distributed among the three river basins — Indus, Ganga, and Brahmaputra. Most
of these glaciers (approximately 90%) are small to very small, being less than 5 km in length and smaller
than 5 km? in area. Only a few glaciers, such as Siachen, Gangotri, Milam, and Zemu, are larger than

10 km?. The IHR serves as an important source of freshwater for the densely populated areas
downstream. The region is particularly vulnerable to climate change because it is highly dependent on
snow and glacier-melt runoff to meetits freshwater demands (Singh, Goyal 2016). Due to their latitudinal
and altitudinal positions, the Himalayan glaciers react to even minute changes in temperature and
precipitation patterns (Kumar et al. 2009; Messerli et al. 2009; Immerzeel et al. 2010; Bajracharya, Shrestha
2011). In recent decades, climate change has induced various glacio-hydrological changes, such as changes
in terminus and areal extent of the glaciers, glacier mass balance, and streamflow in downstream areas.
The ablation and accumulation of glaciers are directly affected by changes in temperature and
precipitation patterns. Air temperature is crucial since it is a major component of energy exchanges that
control snow and ice melts. Among vatious parameters for assessing climate impact, glacier length is a
major parameter for observing such changes. The recession in length or snout of a glacier depends on the
increase in temperature, with the warming trend shifting the snout and ELLA towards higher altitudes.
Pandey and Venkataraman (2013) conducted a study from 1980 to 2010 over the western IHR (Chandra-
Bhaga basin) and found a glacier area loss of 2.5%. Another study conducted in the Garhwal Himalayas
from 1968 to 2006 reported an overall reduction in glacial area from 4.6% to 2.8% (Bhambri et al. 2011).
An increased rate of retreat was observed from 1990-2006. A study conducted by Basnett et al. (2013) in
the Teesta River basin showed a reduction in area from 3.3% to 0.8% from 1989-1990 to 2010. Another
study by Racoviteanu et al. (2015) in the Sikkim Himalayas observed an areal loss from 20.1% to 8% from
1962 to 2000. Studies in various parts of the IHR suggesta reduction in glacierized area, with an increased
rate after 1990 (Bahuguna et al. 2007; Berthier et al. 2007; Chalise et al. 2003; Ye et al. 2007b). A survey
conducted by Ageta et al. (2003) over Himalayan glaciers in India, Bhutan, and Nepal reported a
concerning trend: nearly all measured glaciers exhibited signs of retreat. This observation is particulatly
pronounced for summer-accumulation type glaciers in regions characterized by elevated precipitation and
warmer temperatures, as highlichted by Ageta et al. (2003). Data from the past 100 years generated from
glacier studies show that the glaciers in the Himalayas have been, by and large, shrinking and retreating
continuously IPCC 2013; Pramanik, Bhaduri 2016). The findings underscore the vulnerability of
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Himalayan glaciers to climate change, emphasizing that not only are these glaciers retreating, but the rate

of retreat is notably accelerated in certain glacier types and geographical settings.

A few studies also concluded that the changes are observed only in glacier length and area, showing only
the horizontal vatiation and not representing any volume change in the amount of ice present in the
glacier. Hence, it cannot be concluded that observed changes are the effects of climate change; other
underlying factors may be responsible for such variations. In addition, there can be several other factors
that can change the length of a glacier, including bed topography, aspect, and slope, which primarily
control the flow and dynamics of glaciers and hence the changes that occur. Apart from these factors,
debris cover, a characteristic of Himalayan glaciers, can also be responsible for anomalous behaviour of
the snout position of the glaciers (Singh etal. 20106). It has been evident that variation in precipitation and
temperature due to climate change over the Himalayan region plays a dominant role in influencing glacier
sensitivity and affects the melting process. Glaciers in the Himalayas are under the influence of westerlies
that show a decreasing trend from west to east, along with the influence of the Indian and Asian
monsoons, showing a decreasing trend from the eastern Himalayas to the west (Burbank et al. 2003;
Bookhagen, Burbank 2006; 2010). This complex climate diversity results in a varying pattern of glacier
response to climate variables (Fujita, Nuimura 2011; Schetler et al. 2011; Bolch et al. 2012; Gardelle et al.
2013; Gardner et al. 2013; Tayal, Sarkar 2019). Therefore, it is important to understand the impact of
climate change on glacial regions. To understand these impacts, it is essential first to identify the probable
issues in terms of climate change drivers and human dependence on Himalayan resources. Once these issues
are understood, probable solutions can be assessed by applying various disciplinary sciences and developing

suitable approaches that aid in a better and more robust understanding of such systems (Fig. 2).
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— issues and probable solutions.

74



5. Hydrological response of glaciers to climate change

Studies conducted over the Himalayan regions have observed the impact of climate change on river flow
Many undetlying scenarios affect the hydrology of the region, and several factors contribute to increased
melt rates in glaciers. Understanding these dynamics is crucial for comprehending the impact of global
warming on these icy landscapes. Recognizing these varied factors contributes to a more comprehensive
understanding of the intricate interplay between climate variables and glacier behaviour in the face of
global warming. Because of variability in glacier characteristics and differences in climate, high-altitude
regions respond differently to climatic changes across the world (Bliss etal. 2014). Therefore, assessing the
climate impact on glaciers is crucial for estimating water availability and maintaining ecosystem balance
(IPCC 2013; Pramanik, Bhaduri 2016). Various studies have recognized the Himalayan region as a
'hotspot' of climate change due to significant transformations in its hydro-meteorological regime
(Bhutiyani et al. 2009; Shrestha, Aryal 2011; Wijngaard et al. 2018; Krishnan et al. 2019; Lutz et al. 2019).
An authentic assessment of climate change, its variability, and its underlying impacts on the hydrological
regime in the basin is setiously constrained by the paucity of observed data and detailed hydro-

meteorological investigations (Dahri et al. 2021).

5.1. Glacier melt contributions to river discharge

Glaciers, by acting as buffers, play a crucial role in maintaining the hydrological cycle and ecosystem
stability. This role is well documented by studies conducted in the region. Glaciers regulate the water
supply from mountains to the plains during both dry and wet spells (Pramanik, Bhaduri 2016). Under
a warming climate, glaciers and seasonal snow cover experience changes in their water storage capacity.
A negative mass balance leads to an increased contribution of meltwater to river flows. However, this
increased melt is not permanent; as the glacier volume decreases, the total meltwater generated from
glaciers will ultimately decrease. Various studies have established that, depending on the state of glacier
retreat, a warming climate may lead to either rising or decreasing river flows (Pellicciotti et al. 2010;
Ragettli et al. 2016). In a related study, Ren et al. (2007) employed three distinct coupled General
Circulation Models (GCMs) to estimate glacier melt rates specifically in the Greater Himalaya (GH). Their
modeling exercise estimated a spatially averaged glacier depth reduction of approximately 2 meters for the
2001-2030 period in areas located below 4000 meters. Averaged over the entire GH region, the melting
rate is accelerating at about 5 mm per year (Lesher 2011). This modeling approach provides valuable
insights into dynamic changes within the glacier systems, offering a quantitative understanding of the
thinning process. Furthermore, a study conducted in the Koshi River basin provides insights on
hydrological implications of glacier melt. The research indicates that, on average, snow and glacier melt
contribute approximately 34% to the total discharge annually. Notably, during the pre-monsoon season
(March to May), this contribution rises significantly to 63%. Projections from the model used in this study
suggest a potential 13% increase in annual discharge by mid-century, followed by a slight decrease in
subsequent years. These anticipated changes in discharge underscore the intricate relationship between

glacier melt and river basin hydrology, with potential implications for downstream water resources and
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ecosystems (Nepal 2016). Studies conducted by Immerzeel et al. (2013) and Lutz et al. (2014) have
contributed valuable insights into the complex dynamics of water resources in the Himalayan region.
Their research indicates that the combined effects of increasing precipitation and glacier melt are expected
to lead to an overall increase in annual runoff for Himalayan watersheds. Thus, at least in the near term,
there may be a positive impact on water availability in these regions. According to the findings, water
availability is projected to remain relatively constant until mid-century. However, it is important to note
that stability in overall water availability does not necessarily imply a consistent distribution throughout the

year. Extreme events linked to climate change are anticipated to have a notable impact on the seasonal

water availability in downstream areas (IPCC 2007; Nepal 2016).

These projections underscore the intricate nature of the hydrological system in the Himalayan region,
where the interplay of increased precipitation, glacier melt, and the influence of climate change-induced
extremes contributes to a nuanced understanding of water resource dynamics. Balancing these factors
becomes crucial for sustainable water management, particularly in the context of potential challenges

posed by variability in seasonal water availability in downstream areas.

5.2. Alterations in snowmelt patterns and timing

A study conducted by Gusain et al. (2014) from 1976 to 2011 using the station data showed that the
majority of stations below 4000 m recorded declining trends in seasonal snowfall. Similarly, a study from
1987-2009 showed that the majority of stations at 3250 m elevations also showed a decreasing trend in
seasonal snowfall (Singh et al. 2015). Another study conducted by Nepal (2016) observed that snowfall is
projected to decrease substantially with rising temperature, the basin will lose snow storage capacity, and
there will be a marked decrease in snowmelt runoff from non-glaciated areas. Various studies have shown
that the contribution of glaciers (snow and glacier melt) in IHR increases from east to west (Barnett et al.
2005; Alford, Armstrong 2010; Armstrong 2010; Immerzeel et al. 2010; Racoviteanu 2011; Nepal
2016).The escalating contribution of glacier melt to the total volume of meltwater raises substantial
concerns, particularly when contrasted with the replenishable nature of snowmelt. Unlike the annual
renewal of snowpack through seasonal snowfall, glaciers evolve over extended periods and are not easily
replenished (Barnett et al. 2005). This fundamental difference underscores the vulnerability of glacier-
dependent water resources and highlights the need for a diligent approach to water management in the
face of changing climate conditions. In the context of the diverse climatic patterns within the IHR, it
becomes evident that the relative contributions of rain, snowmelt, and glacier melt to river discharge will
vary significantly. This variability is anticipated, given the wide range of climates present in the region
(Pramanik, Bhaduri 2016). Each river system within the IHR is likely to exhibit distinct hydrological
responses based on its specific geographical and climatic characteristics. Numerous studies have
emphasized the critical role of temperature change in shaping the contributions of snow and glacier melt
to river discharge. The impact extends beyond just the quantity; it also affects the form of precipitation,

distinguishing between liquid and solid forms, and the timing of their contributions to the overall
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discharge. These findings collectively highlight the intricate interactions between climate variables and
water resource dynamics in the Himalayan region, emphasizing the need for comprehensive assessments
to inform adaptive strategies for sustainable water management in this crucial and vulnerable

environment.

6. Role of hydrological models for high-altitude regions

Researchers have undertaken extensive efforts to evaluate the effects of climate change on glacierized
mountainous catchments worldwide, employing cryospheric and hydrologic models (Nolin et al. 2010;
Gascoin etal. 2011; Nepal 2016; Soncini et al. 2016; Zhang etal. 2016; Liet al. 2019; Bhatta et al. 2020), in
addition to investigations specifically focused on the Himalayan region (Rees, Collins 2006; Immerzeel et
al. 2010, 2012; Lutz et al. 2014, 20106; Shea et al. 2015; Azam et al. 2019; Chandel, Ghosh 2021). The
studies have explored various models for assessing streamflow components in both glacierized and non-
glacierized catchments. Current research emphasizes the importance of selecting a modeling strategy
rather than relying on a single model, due to the complex and site-specific nature of high-altitude
hydrology. A common trend in recent studies is the adoption of a coupled approach, integrating
Geographic Information System (GIS) datasets, meteorological parameters, and glacio-hydrological
models. This holistic method aims to provide a more accurate assessment of the streamflow component
and the overall impact of climate change on the region. The synergy of these various datasets and models
allows researchers to capture the complex interactions and dynamics within high-altitude catchments,
contributing to a more comprehensive understanding of the hydrological implications of climate change

in mountainous regions (Fig. 3).

Glacier and Snow Packs River Flows

Hydrological Cycle

snow'
YN TN

Ssk® /0
sk 52 7 snow
P * S %ccumulatio "
. ,' \ (—(;F Ton\
. loud Formaf .
s _ \ TS

Hydrological Model helps to simulate following process to
manage water resources

Fig, 3. Illustration of the hydrological cycle: A comprehensive overview of precipitation, evaporation, and runoff

dynamics in the water cycle, highlighting the importance of hydrological models for understanding and predicting

hydrological processes in various environments.
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6.1. Types of hydrological models

According to (Moradkhani, Sorooshian 2008), a model is a simplified representation of a real-world
system. The best model is the one that gives results close to reality with the fewest parameters and least
model complexity. Models are mainly used for predicting system behavior and understanding various
hydrological processes. A model consists of various parameters that define the characteristics of the
model. A runoff model can be defined as a set of equations that helps in the estimation of runoff as a
function of various parameters used for describing watershed characteristics. The two important inputs
required for all models are rainfall data and drainage area. Along with these, watershed characteristics such
as soil properties, vegetation cover, watershed topography, soil moisture content, and characteristics of
groundwater aquifers are also considered. Hydrologic models are simplified, conceptual representations of

a part of the hydrologic cycle.

These models are primarily used for hydrologic prediction and for understanding hydrologic processes.
They are currently considered important and necessary tools for water and environmental resource
management. Three major types of hydrologic models can be distinguished (Fig. 4). The major

hydrological models used in various studies and details of their applications are listed in Table. 3.

CHYDROLOGICAL MODELS)
|

CONCEPTUAL
MODELS

PHYSICALLY
MODELS

Mechanistic or white box model

EMPIRICAL
MODELS

Data based or metric or black box model

Parametric or grey box model

Involve mathematical equations, derive Based on modeling of reservoirs, include semi empirical Based on spatial distribution, evaluation of
value from available time series cquations with a physical basis parameters describing physical
characteristics

Little consideration of features and
processes of system

Parameters are derived from field data and Calibration

Require data about initial state of model
and morphology of catchment

Simple and can be easily imple ted in comp
High predictive power, low explanatory code

Depth

Cannot be generated to other catchments

Complex model. Require human expertise
and computation capability

Require large meteorological & hydrological data
HBY modcl, TOPMODEL

Calibration involves curve fitting make difficult

Suffer from scale related problems
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ANN, unit hydrograph
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v i
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Fig. 4. Classification of hydrological models along with their characteristics (Source: Devi et al. 2015).

6.1.1. Empirical models (metric model)
These are observation-otiented models that take only the information from existing data without
considering the features and processes of the hydrological system, and hence these models are also called

data-driven models (Devi et al. 2015). They involve mathematical equations derived from concurrent input
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and output ime series, and not from the physical processes of the catchment. These models are valid only
within the boundaries. Unit hydrograph is an example of this method. Statistically based methods use

regression and correlation models to find the functional relationship between inputs and outputs.

6.1.2. Conceptual methods (parametric models)

This type of model describes all of the component hydrological processes. It consists of a set of
interconnected reservoirs that represent the physical elements in a catchment in which they are recharged
by rainfall, infiltration, and percolation and are emptied by evaporation, runoff, and drainage. Semi-
empirical equations ate used in this method, and the model parameters are assessed not only from field
data but also through calibration. A large number of meteorological and hydrological records is required
for calibration. The calibration involves curve fitting, which makes the interpretation difficult and hence
the effect of land use change cannot be predicted with much confidence. Stanford Watershed Model IV
(SWM) is the first major conceptual model developed by Crawford and Linsley in 1966, with 16 to 20

parameters. Many conceptual models have been developed with varying degrees of complexity.

6.1.3. Physically based models
Physically based models are mathematically idealized representations of real phenomena. These models
are also called mechanistic models; they include the principles of physical processes. They use state
variables that are measurable and are functions of both time and space. The hydrological processes of
water movement are represented by finite difference equations. Calibration does not require extensive
hydrological and meteorological data, but the evaluation of a large number of parameters describing the
physical characteristics of the catchment is required, including soil moisture content, initial water depth,
topography, topology, river network geometries, and dimensions (Abbott et al. 1986 (1)). Physical models
can overcome many defects of the other two models because the parameters have physical interpretations.
They can provide a large amount of information even outside the boundary and can be applied for a wide
range of situatons. SHE/ MIKE SHE model is an example of a physically based model (Abbott et al.
1986 (1 & 2)). The above three models can be divided further into subcategories according to the
variability of their input and output parameters with space and time, as discussed below.
a) Linear and Non-linear — A model is linear in the system-theory sense if it satisfies the principle of
superposition: i.e., any change in input must be reciprocated in output. If not, it is a non-linear model.
b) Time invariant and Time variant — A model is time-invariant if its input-output relationship does not
change with time. The form of the output depends only on the form of the input and not on the time
at which the input is applied. Models that do not have this property ate called time-variant. Most
hydrologic systems are time-variant to accommodate variations in solar activity during the day and
seasonal variations during the year. Yet, for simplicity, they are assumed to be time invariant.
¢) Lumped and distributed — In lumped models, the whole basin is treated as homogeneous. Here
parameters are independent of space. In distributed models, which attempt to calculate flow

contributions from separate areas or sub-basins that are treated as homogeneous within themselves, to
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fully distributed models, in which the whole basin is divided into elementary unit areas like a grid net

and flows are passed from one grid point to another as water drains through the basin.

d) Stochastic and Deterministic — If any of the variables in the model are regarded as random variables

having probability distributions, then the model is stochastic. If all variables in the equation are

regarded as free from random variation, so that none is thought of as having a probability distribution,

then the model is deterministic.

Table 3. Description of various models along with their application details.

Model/Model type

Input

Application

Snow/Glacial melt

Source

Snowmelt runoff model
(SRM) /Semi-Distributed
Model

Snow cover area and
ancillary data:
temperature,
precipitation, and
runoff

Simulate and forecast
daily streamflow in
mountain basins
where snowmelt is a
major runoff factor

Computes snow melt,
glacier module is not
included

Martinec et al.
(1994)

Snowmelt Model
(SNOWMOD) /Distributed
Model

Snow covered area,
elevation bands and
their areas, altitude of
meteorological
stations, precipitation,
air temperatures,
streamflow data, and
information on the
initial soil moisture
status of the basin

Simulate daily
streamflow for
mountainous basins
having contributions
from both snowmelt
and rainfall

Computes snow melt,
glacier module is not
included

Singh, Jain
(2003)

Water flow and balance
simulation model
(WaSiM) /distributed,
deterministic, physically
based model

Precipitation and
temperature, raster
data for topography,
land use, and soil
properties.

Grid-based tool for
investigating the
spatial and temporal
variability of
hydrological
processes in complex
river basins

Glacier module is not
included, computes
short-term (floods) and
long-term simulations
(long-term water
balance simulations)

Hess, Counsell

(2000)

GEOtop/distributed model

Georeferenced maps,
elevation (DTM), soil-
type map, land-use
map, weather (hourly)
data time series

Simulate interaction
between energy
balance
(evapotranspiration,
heat transfer) and
hydrological cycle
(water, glacier, and
snow) for relatively
large mountain
catchments

Computes snow cover
dynamics

Endrizzi et al.
(2014)

Hydrologiska Byrins
Vattenbalansavdelning/ semi
-distributed model

Daily rainfall,
temperature, and
potential evaporation

Simulates daily
discharge for
glaciarized as well as
non-glaciarized

Glacier module is
included

Seibert, Vis
(2012)

catchments
Glacier module is
included but
Tracer Aided Catchment Precipitation, Applicable in process- | computation of melt of Uhlenbrook ct
Model, Distributed (TAC temperature, and based runoff debris-covered glaciers al. (2004)
D) /distributed model evapotranspiration generation is treated the same way '
as that of debris-free
glaciers
Daily rainfall data,

Soil and Water Assessment
Tool (SWAT)/semi-
distributed model

maximum and
minimum air
temperature, solar
radiation, relative air
humidity & wind
speed, DEM, and land
use/land cover maps

Simulates different
hydrologic responses
for a river basin or
watershed using
process-based
equations

Computes snow
accumulation and
snowmelt

Douglas-Mankin
et al. (2010)
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Model/Model type Input Application Snow/Glacial melt Source
Designed primarily

University of British Precipitation, for mountainous A separate calculation

Columbia Watershed Model | temperature, and watersheds; calculates | can also be made for Loukas,

(UBC)/semi-distributed
model

elevation bands
information

the total contribution
from both snowmelt
and rainfall runoff

runoff occurring from
glacier-covered areas

Vasiliades (2014)

Hydrologic Engineering
Center - Hydrologic
Modeling System (HEC-
HMS) /semi-distributed
model

DEM, precipitation,
temperature, stream,
and watershed
characteristics

Suitable only for
events not for long-
term hydrological
simulations

Computes Snow Melt

Visweshwaran
(2017)

Mike-SHE /distributed
model

Model extent -
typically as a polygon,
topography,
precipitation,
evapotranspiration, air
temperature, solar
radiation, sub-
catchment
delineation, river
morphology
(geometry + cross-
sections), land use
distribution, soil
distribution,
subsurface geology

Simulates the
complete land phase
of the hydrologic
cycle

Computes snow melt

Soltani et al.
(2017)

Variable Infiltration
Capacity (VIC)/large-scale,
semi-distributed

Daily rainfall, daily
maximum and
minimum
temperatute, soil map,
land cover map,
vegetation properties,
lake and wetland
features, digital
elevation model,
streamflow data

Subgrid variability,
macroscale model;
large-scale effects

Computes snow melt

Liang et al.

(1994)

Spatial Processes in
Hydrology model

Digital Elevation
Model (DEM), land
use type, glacier cover,
reservoirs and soil

Simulate terrestrial
hydrology at flexible
scales, under various

Glacier module is

Terink et al.

(SPHY) /spatially distributed chargq erisuics. land use and climate included (2015)
precipitation, conditions
temperature, and
cvapotranspiration

6.2. Integration of remote sensing and GIS data in modeling

With the advent of various GIS-based hydrological models, remote sensing and GIS-based techniques are

being integrated widely into studies. To understand the variation of glaciers (snow cover, ELA, snout,

GLOPFs, etc.) satellite imagery is being used in the studies. Gardelle et al. (2011) used Landsat Thematic

Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) imagery to compare the evolution of lakes
throughout the HKH and found thatin the wetter, more eastern region, which is influenced by the Indian
summer monsoon (India, Nepal, and Bhutan), glacial lakes are more numerous, larger, and are growing in
size, while in the more western, drier region (Pakistan and Afghanistan), glacial lakes are decreasing in size.
Glacier length is one of the most widely available datasets for the Himalaya (Lesher 2011). This parameter
can be easily reported using remote sensing observations. Uttarakhand has the maximum number of

observations of changes in glacier length. All the glaciers are retreating with an average rate of about 18
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m/year (Singh etal. 20106). Various studies include DEM datasets for snow cover estimation. Surprisingly,
apart from the shrinkage reported by various glaciological studies using remote sensing, a study by
Bahuguna et al. (2014) using the same method suggests that 86.8% of 2018 glaciers mapped in
Karakoram, Himachal Pradesh, Zanskar, Uttarakhand, Nepal, and Sikkim regions of the HKH were stable
not retreating between 2000/2001 and 2010/2011 (Singh et al. 2016). Remote sensing has been used
extensively for mapping changes in the area covered by glaciers and snow in the IHR. Mapping of Chhota
Shigri, Patsio, and Samudra Tapu glaciers in the Chenab basin, Parbati glacier in the Parbati basin, and
Shaune Garang glacier in the Baspa basin, has reported an overall deglaciation of 21% from 1962 to 2001
(Kulkarni et al. 2007). A study from western IHR suggests a loss of glacier area of 19 and 9% from two
neatby river basins (Brahmbhatt et al. 2012). Moteover, various distributed grid-based hydrological models
(VIC, MIKESHE) require DEM datasets, LULC, Soil maps, and glacier area extent. All of these
parameters are computed with the help of remote sensing & GIS techniques. The Soil and Water
Assessment Tool (SWAT) has been widely accepted as a suitable model for hydrological analysis in
Himalayan watersheds (Swain et al. 2022). As a semi-distributed model, SWAT requires elevation-wise area
information for glacierized and non-glacierized regions, which have been derived in previous Himalayan
studies using GIS spatial analysis. These applications highlight the importance of accurate representation

of elevation-dependent land cover and cryospheric processes in mountainous basins.

7. Case studies: hydrological model applications in the Himalayas

Numerous studies worldwide, including in the Himalayas, have focused on quantifying the contributions
of different streamflow components (Alford, Armstrong 2010; Racoviteanu et al. 2013; Brown et al. 2014;
Mimeau et al. 2019b; Kayastha et al. 2020; Kayastha, Kayastha 2020). The relative roles of glacier melt,
snowmelt, rainfall runoff, and baseflow have been assessed across high-altitude catchments (Singh, Jain
2002; Immerzeel et al. 2010, 2012; Racoviteanu et al. 2013; Zhang et al. 2013; Lutz et al. 2014; Nepal et al.
2014; Savéan et al. 2015; Azam et al. 2019). These studies typically employ glacio-hydrological models to
separate and quantify streamflow components. Several physically based distributed models have been
applied in Himalayan catchments. Examples include SPHY (Spatial Processes in Hydrology) (Lutz et al.
2014; 2016), TOPKAPI-ETH (Ragettli et al. 2013; 2016), HBV (Stahl et al. 2008; Jost et al. 2012; Etter et
al. 2017), Variable Infiltration Capacity (VIC) (Zhang et al. 2013; Zhao et al. 2013), the Distributed
Hydrology Soil Vegetation Model DHSVM) (Wigmosta et al. 2002; Naz et al. 2014; Frans et al. 2015,
2016; Mimeau et al. 2019a), and Glacier Evolution Runoff Model (GERM) (Huss etal. 2014). These tools
provide insights into glacier mass balance, runoff partitioning, and the role of snow and ice melt under
changing climate conditions. Hybrid approaches have also been developed. VIC has been integrated with
glacier models to predict runoff (Zhang et al. 2013; Zhao et al. 2013; Ren et al. 2018; Yun et al. 2020).
Temperature-index models are sometimes combined with VIC outputs using area-weighted factors to
simulate glacier melt (Chandel, Ghosh 2021; Zhang et al. 2013). Remote sensing products have also
supported hydrological modeling; for example, MODIS snow cover and TRMM precipitation estimates,

were attributed to enhanced glacier runoff under warming conditions (Immerzeel et al. 2009). However,
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significant uncertainties persistin climate-forcing datasets, particularly for high-altitude hydrometeorology.
Earlier studies in the Indus Basin relied on lumped or temperature-index models, which often oversimplify
glacier-hydrology interactions. Mote recent work has emphasized distributed and process-based
approaches that capture catchment heterogeneity (Bhanja et al. 2023; Dwivedi et al. 2025). Hydrological
modeling has also been extended to non-glacierized basins to assess future scenatios; for example, the
J2000 model applied in the Koshi River basin projected declining snowfall and reduced snow storage

capacity under warming, leading to decreased snowmelt runoff from non-glaciated areas (Nepal 2016).

In glacierized basins, models generally project increasing glacier melt until mid -century, followed by
declining melt contributions as glacier volumes shrink (Nepal 2016). Across Himalayan watersheds,
climate change is expected to intensify both precipitation and glacier melt (Immerzeel et al. 2013; Lutz et
al. 2014). While annual water availability may remain stable in the near term, the frequency of hydrological
extremes such as floods and droughts is projected to increase (IPCC 2007). Representative Concentration
Pathways (RCPs) are standardized greenhouse gas emission scenarios used in climate modeling, defined by
their radiative forcing levels by 2100. Comparative analyses in Nepal and the Andes under RCP 4.5 and
RCP 8.5 suggest consistent glacier retreat, with debris-free glaciers most sensitive, whereas debris-covered
glaciers with stagnant, low-gradient termini exhibit relative stability (Ragettli et al. 2016). At the basin scale,
semi-distributed conceptual models have been applied to quantify streamflow components. In the
Gangotri glacier catchment (central Himalayas), snowmelt contributed 55.5% of total streamflow,
followed by glacier melt (29.7%) and rainfall runoff (14.7%) (Arora et al. 2024). The model, calibrated
with in situ records (2013-2016) and validated for 2016-2019, performed well overall, though performance
declined during months of abrupt precipitation and temperature shifts. In the Chandra-Bhaga Basin,
SPHY was applied for 1950-2022, calibrated against in situ runoff (1973-2006) and MODIS snow cover
(2003-2018), and validated with Chhota Shigri runoff (2010-2015). Modeled mean annual runoff was
60.21 £ 6.17 m3/s, with glacier runoff contributing 39%, snowmelt from non-glacierized areas and
baseflow contributing 25% each, and rainfall runoff contributing 11% (Srivastava et al. 2024). The SWAT
model applied to the Satluj Basin (1986-2005) showed that snowmelt runoff was the dominant
contributor, accounting for 68-71% of mean annual discharge at Rampur. Water yield averaged ~600 mm
annually, ~50% of precipitation, mostly generated during early summer; actual evapotranspiration
accounted for ~14% of precipitation (Shukla et al. 2021). Shared Socioeconomic Pathways (SSPs) are
future climate scenarios that combine socioeconomic development trajectories with greenhouse gas
forcing levels. In the Jhelum sub-basin, future projections indicate substantial glacier area loss

(34.7 £12.1% under the SSP245 scenario and 55.3 £16.1% under the SSP585 scenario by the 2080s),
accompanied by reduced glacier streamflow and declining water availability, with significant implications

for agriculture and hydropower (Abdulla et al. 2025).

Studies across the IHR indicate that as much as 70% of summer flow in the Ganges and 0-60% in other
major rivers originates from glacier melt (Barnett et al. 2005). Although reported values vary (Alford,

Armstrong 2010; Armstrong 2010; Racoviteanu 2011), there is consensus that glacier contribution to
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streamflow increases from east to west across the IHR (Immerzeel et al. 2010). In the Central Himalaya,
modeling at Dokriani Glacier revealed a linear relationship between increases in temperature, precipitation,
and runoff, with higher runoff linked to the glacier’s proximity to the watershed outlet and its relatively

high glacial cover (Singh et al. 2000).
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Fig, 5. Study area map of the Indian Himalayan Region (IHR) showing glacierized zones, elevation distribution, and
locations of selected study points across Ladakh, Jammu & Kashmir, Himachal Pradesh, and Uttarakhand (top
panel), along with a comparative synthesis of reported snow and glacier melt contributions (%) to streamflow for

major Himalayan river basins compiled from previous studies (bottom panel).
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Table 4. Basin-wise estimates of snow and glacier melt contributions to river discharge across major Himalayan

catchments, derived using modelling approaches over different study periods, as reported in the cited literature.

Rivers Study Mele
. . Duration contribution | Contributors Approach/Method | References
(basins) period )
[
. Hydrological .
1987-2005 | Annual 60 Snow and Glacier Melt . Lietal. (2013)
Modelling
. Temperature Index | Kumar et al.
1990-2004 | Annual 35 Snow and Glacier Melt Modelling (2007)
Beas 1993-1997 | Annual 39 Snow and Glacier Melt H}rdrOIlecal Jain et al. (2010)
Modelling
. Temperature Index | Saran Ahluwalia
2010-2011 | (Apr.-Mar.) 52 Snow and Glacier Melt Modelling et al. (2015)
Temperature Index | Khajuria et al.
2015-2018 | Annual 10 to 45 Snow Melt Modelling (2022)
. Hydrological Chandel, Ghosh
1981-1993 | Annual 16.9 Glacier Melt Modelling (2021)
1985-1999 | Annual 68 Snow Melt Temperature Index | Singh, Jain
. Modelling (2003)
Satluj Temperature Index | Singh, Jain
1986-1996 | Annual 59 Snow and Glacier Melt Modelling (2002)
Hydrological Shukla et al.
1986-2005 | Annual 71 Snow Melt Modelling (2021)
Jhelum 1901-2010 | Annual 62 Snow and Glacier Melt ﬁ(ﬂiﬁgre Index Jéeolj‘;‘; etal.
. Temperature Index | Singh, Kumar
Chenab 1982-1992 | Annual 49 Snow and Glacier Melt Modelling (1997)
Chandra- . Hydrological Srivastava et al.
Bhaga 1950-2022 | Annual 39 Glacier Melt Modelling (2024)
. Hydrological Singh, Hasnain
1982-1992 | Annual 28 Snow and Glacier Melt Modelling (1998)
Hydrological .
1992-2005 | Annual 13-20 Snowmelt Modelling Jain et al. (2017)
1994, . Hydrological Thayyen et al.
1998.2000 (May-Oct.) 76-90 Snow and Glacier Melt Modelling (2005)
Ganga 1999-2002,
1983-1984, | (May-Oct.) 77 Snow and Glacier Ml | 1emperature Index | Arora et al.
’ Modelling (2010)
1987
o . Temperature Index | Singh et al.
2000-2003 | (May-Oct.) 97 Snow and Glacier Melt Modilling (20%821)
] . Temperature Index
2004-2006 | (May-Sep.) 97 Snow and Glacier Melt Modelling Kumar (2011)
Bhagirathi .
River/ 2013-2016 | Annual 86 Snow and Glacier Melt | 1ydrological Arora et al.
G . Modelling (2024)
angotti

8. Hydrological processes most impacted by climate change

The Himalayan region contains the largest volume of ice outside the polar zones and serves as a crucial

freshwater source for downstream populations (Immerzeel et al. 2012; Ragettli et al. 2016). Climate change

is altering key hydrological processes in these basins, particularly snow accumulation, snowmelt timing,

glacier melt, and rainfall-runoff dynamics. Variations in forest cover further influence water availability,

sediment load, and seasonal river flows, leading to environmental, socioeconomic, and ecological

vulnerabilities. In such rapidly changing conditions, accurate meteorological forcing data and appropriate

hydrological models are essential for evaluating catchment-scale water budgets. Degree-day or

temperature-index models remain limited because they pootly represent the energy balance that drives

snow and glacier melt (Dahti et al. 2021).
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A significant climate-related concern in the region is the sharp rise in extreme rainfall events, which
enhances the risk of floods, landslides, and other natural hazards (Singh et al. 2016). Combined with
anthropogenic pressures such as land-use change, infrastructure expansion, and encroachment, these
changes degrade ecosystem services and intensify hydrological instability (Wakeel et al. 2005; Sharma et al.
2007; Raman, Punia 2012; Boykoff, Yulsman 2013). To address these challenges, long-term monitoring of
snow, ice, and water is essential, along with improved datasets to understand shifts in water demand and

socioeconomic vulnerability (Pramanik, Bhaduri 2016).

Major uncertainties persistin quantifying the contributions of glacial melt, snow melt, and rainfall to total
river discharge, especially in high-altitude catchments with heterogeneous terrain (Bolch etal. 2012; Cogley
2012). Studies already indicate declining snowfall, increasing melt rates, and shifts in melt season timing,
processes that strongly influence streamflow seasonality and water security. Field measurement remains

difficult due to logistical and accessibility constraints, prompting increased reliance on remote sensing for
snow cover, glacier area, and ice volume mapping (Kiib et al. 2012; Gardelle et al. 2013; Shangguan et al.
2014). However, with climate change rapidly altering these environments, cryospheric measurements are

urgently needed (Rohrer et al. 2013; Ragettli et al. 2015).

Opwerall, climate change is reshaping the hydrological regime of the Indian Himalayan region by affecting
snowfall patterns, melt processes, rainfall extremes, and downstream water availability. Strengthening
observational networks and improving process-based modeling will be critical for understanding and

managing these evolving hydrological risks.

9. Data limitations and gaps in high-altitude hydrology

Various observations made so far have made it clear that assessment of high-altitude hydrology is a
challenging task. Several factors can be responsible, including complex topography, limited availability of in-
situ data, and uncertainties in modeling approaches. It has been observed that due to the scarcity of in-situ
data, modeling studies have been conducted based on modeled data with numerous uncertainties, and hence,
the results obtained from such studies will also have a certain level of ambiguity. High-altitude hydrology
remains pootly understood, along with all the possible changes that will be observed in river flowin the near
future. This lack of understanding can be attributed to high meteorological variability, physical inaccessibility,
and the complex interactions between cryospheric and hydrological processes under the influence of climate
change (Ragettli et al. 20106). Several hydrological studies have been conducted to quantify the impacts of
climate change on the hydrological systems in the Himalaya (Sharma et al. 2000; Singh et al. 2016). The
major constraintin the IHR is the unavailability of climate data, which results in limited meteorological input
for hydrological modeling, The poor availability of in-situ parameters makes it necessary to use modeled data
(e.g., IPCC GCMs) or averaged data from stations within the region or at similar elevations, and therefore,
the direct and indirect effects of climate change in the more remote areas are poorly understood (Lesher
2011). To estimate the contribution of streamflow components (glacier melt, snowmelt, and runoff) to the

total runoff, numerous hydrological model applications have been conducted over various catchments. Few
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studies use models that are data-intensive (Zhao et al. 2013; Ren et al. 2018); that is, they require more input
parameters and thus become difficult to implement on a large spatial scale in a data-limited region such as
the Himalayas. Moreover, most of the hydrological models do not include a glacier module to compute the
glacier melt contribution. Earlier models did not include debris-covered glaciers, and few of the models
include the effects of the topography of glaciers, a proper volume-atea scaling formulation, and the impact
of debris cover (Zhang et al. 2013). The major drawback that has been observed in hydrological modeling
studies over glacierized catchments is that many studies have not included observations about the cryosphere
other than initial glacier outlines (Prasch et al. 2013; Ragettli et al. 2013; Nepal etal. 2014). The use of fewer
response variables in the modeling increases the risk of predictive uncertainty in the results (Beven 2000).
Most of the meteorological stations are situated at lower altitude, i.e., ~3000 m above sea level (m.a.sl); there
are very few stations in alpine zones. As a result, it has been observed that the meteorological data that have
been used in modeling studies are being collected from stations below glacier elevation (Leng et al. 2023).
There is limited consideration of debris thickness impacts on glacier melt in such studies, mainly due to data
scarcity at higher elevations. The correct representation of internal states and process dynamics in glacio-
hydrological models often cannot be verified because of missingin situ measurements (Ragettli et al. 2015).
Retreating glaciers not only affect the environment and hydrological regimes but also have livelihood and
economic impacts on the downstream population. These implications will disturb the traditional knowledge
and beliefs of the local communities (Allison 2015). It has been evident from the few studies carried out for
IHR that difficult terrain and weather conditions also contribute to data scarcity in the region. This has

increased the uncertainties and restricted the understanding of the probable impacts of changing climate in
the region. Therefore, it is important to carry out studies that will help to generate a database and reduce the
uncertainties about the changes observed in the IHR (Singh et al. 2016). A large knowledge gap exists related
to the impact of climate change on water resources. In the present scenario, climate change effects on water

resources and related hazards in the Himalayas and their downstream river basins are poorly understood.

9.1. Uncertainties in modeling climate change impacts

Uncertainties in modeling studies and delicate hydro-meteorological investigations have posed a serious
constraint in assessing the impact of climate change on the hydrometeorology (Dahri et al. 2021).
Numerous studies have attempted to assess and model the hydrological regime of the high-altitude
western Himalayas (Archer 2003; Hasson 2016; Lutz et al. 2016; Hasson et al. 2019), yet there are
significant uncertainties, and our understanding of the basin's hydrological regime remains poor. The
greatest uncertainties are associated with the use of non-representative (mostly underestimated)
precipitation in the higher altitude areas, which receive the bulk of precipitation and make major
contributions to streamflow. In the case of a glacierized basin thatis predominantly a snow and glacier-fed
system, the temperature-index or degree-day based hydrological models may not accurately simulate the
prevailing energy balance, which is the main driving force for streamflow generation from the snow and
glacier systems. Their application is mainly limited to simulation of melt rates at daily or coarser resolution

(Hock 2003; Pellicciotti et al. 2005). Assessment of the future hydrological regime is primarily constrained
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by very high uncertainties in the GCM outputs for the study domain. Specific knowledge of IHR with
respect to climate change indicators is lacking due to both the inaccessibility of the location and the
insufficient theoretical attention given to the complex interactions of spatial scales in weather and climate

phenomena in mountain areas.

The Ministry of Environment & Forest (MoEF) discussion paper reported that over the past 100 years,
the Himalayan glaciers have shown an erratic pattern. A study conducted for Sonapani glacier revealed
that the glacier has retreated by about 500 m during the past 100 years, whereas another study for Kangriz
glaciers has not shown any reasonable retreat in the same period; the glacier has retreated less than an
inch. A study reported that the Siachen glacier increased in length by 700 m from 1862 to 1909, retreated
from 1929 to 1958 (400 m), and for the past 50 years, negligible retreat has been observed. Gangotri
glacier showed a significant and rapid retreat of 20 m per year, but has slowed more recently (National
Research Council 2012). A similar trend has been observed for Bhagirath Kharak and Zemu glaciers.
There are numerous underlying factors, physical features, and a complex interplay of climatic factors that
may be responsible for such contrasting behavior. Besides such statements, there are a few studies that
have reported that one of the major impacts of climate change over the glacierized region has been an
increase in the formation of glacier lakes. The remote nature and lack of meteorological stations and
stream flow data in many high-altitude lakes in the Himalayas limit the availability of data required to
model the water balance of a watershed or lake, and therefore, few lakes in the Himalayas have been
modeled (Lesher 2011). To understand the complex glacier and hydrology interaction, glacio-hydrological
models are considered indispensable tools. This coupled approach makes it easy to understand the
characteristics of a catchment and its response to climate. But this modeling approach also has its fair
share of uncertainty and complications that make the application of such models at high altitudes a
challenging task. They are subject to several factors that include: (1) a lack of representative data to force
the models (Huss et al. 2014; Pellicciott et al. 2014), (2) simplifications in model structure due to
insufficient process understanding and the scarcity of detailed information about glacio-hydrological
processes (Huss et al. 2014), and (3) parametric uncertainty due to insufficient quality or quantity of data

for model calibration and validation (Ragettli et al. 2013; 2015).

Given the multitude of control factors, often acting at relatively fine scales, current projections of global
glacier change models do not adequately constrain the mechanisms undetlying the variations in river flow
from high-altitude catchments. It is therefore uncertain whether such models can correctly capture the
response times and the magnitudes of future changes. (Marzeion et al. 2012; Huss, Hock 2015; Ragettli et
al. 2016). Due to a lack of observed meteorological data and extremely complex orography interacting
with synoptic-scale atmospheric circulation, it can be concluded that significant uncertainties still exist to
hamper precise representation of the basin's hydrometeorological regime (Andermann et al. 2012; Lutz et
al. 2014). The greatest uncertainties in the higher-altitude areas are associated with the spatiotemporal

distribution of precipitation and the dynamics of glacial ice mass. Structural limitations of the climate and
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hydrological modeling frameworks, and lack of reliable and representative observations for bias

corrections and validations also impose limitations.

9.2. Data scarcity: implications for model uncertainties and calibration

Hydrological modeling in data-scarce regions such as the Himalayan river basins is fundamentally
constrained by the limited availability of reliable meteorological observations. Basic variables such as
precipitation, temperature, humidity, and snow parameters are either sparsely measured or completely
absent across high-altitude regions due to harsh terrain, inaccessibility, and logistical challenges (Immerzeel
et al. 2014; Nepal et al. 2017). As a result, modelers often rely on interpolated or gridded meteorological
datasets to drive hydrological models. While these datasets offer spatially continuous coverage, they come
with inherent uncertainties related to coarse resolution, interpolation algorithms, and biases arising from
sparse ground-truth observations (Huffman et al. 2010; Karger et al. 2017). Interpolated gridded
temperature and precipitation products are commonly applied in large-scale hydrological models; however,
their quality is typically evaluated only by cross-validation using the limited station network available
(Freudiger et al. 2016). This limitation raises critical concerns regarding their representativeness in high-
altitude catchments where observation density is extremely low (Freudiger et al. 2016). For example,
precipitation in the Himalayas exhibits considerable spatial variability due to elevation, aspect, and
orographic effects and patterns that are often poorly captured by coarse-resolution datasets. Conventional
gauge-based rainfall estimates may be accurate locally, but interpolations to ungauged regions in complex
terrain often yield approximations that deviate substantially from actual rainfall (Bookhagen, Burbank

2010; Palazzi et al. 2013).

Remote sensing products and global reanalysis datasets have emerged as valuable substitutes in data-sparse
regions such as the Indian Himalayan Region (IHR). Studies increasingly utilize products such as ERA-
Interim, ERAS5, JRA-55, and APHRODITE for hydrological simulations. ERA-Interim and JRA-55
precipitation has been used along with observed datasets. It has been reported that these gridded datasets
overestimate precipitation because of spatial variability, and this effect transfers to streamflow predictions.
JRA-55 produced higher peaks, and ERA-Interim results were comparatively closer to station-driven
simulations. Similar findings have been reported across the Himalayas, where reanalysis datasets frequently
overestimate winter precipitation and underestimate convective summer rainfall, adversely affecting
calibration and validation outcomes (Soncini et al. 2017; Sabin et al. 2020). These biases directly translate
into uncertainties in simulated streamflow, snowmelt contributions, and extreme event estimation.
Consequently, hydrological models such as SWAT, VIC, and HBV require careful bias-correction and
multi-dataset intercomparison to ensure reliable performance in such regions (Ménégoz et al. 2013; Dahri
et al. 2018). The scarcity of observed hydro-meteorological data in the IHR continues to be a major
source of uncertainty in hydrological modeling. Improving station density, integrating multisource
products, and adopting calibration strategies such as regionalization or multi-objective optimization remain

essential for reducing uncertainties and strengthening model reliability.
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9.3. Application of bias-corrected and downscaled climate projections in Himalayan
hydrologic models

The complex spatial climatic characteristics of the Himalayas pose significant challenges for regional
climate models (RCMs), making some form of correction essential before applying RCM simulations for
hydrological assessments. In recent years, simple bias-correction techniques have been complemented or
replaced by more advanced methods. Several studies across the IHR have applied both simple (linear
scaling) and more complex (quantile mapping) bias-correction techniques for temperature and
precipitation. Bias correction substantially improved the wetter and colder RCM estimates, and
hydrological model responses further demonstrated its importance. However, many studies observed no
major difference between the outputs of linear scaling and quantile mapping, because both techniques
exhibit almost identical performance, suggesting that simpler methods may be sufficient in certain
Himalayan applications (Shrestha et al. 2017). SWAT has also been confirmed as a suitable model for
hydrological analysis in Himalayan basins at both monthly and daily time scales (Shrestha et al. 2017;
Swain et al. 2022). Further work projecting future hydrological changes using a multi-GCM, multi-bias
correction method (BCM) and multi-parameter ensembles, identified three major sources of uncertainty:
GCM selection, bias collection methods, and model parameterization. Studies highlight that GCM-related
uncertainty can be substantially reduced through bias correction, indicating that the number of GCMs
used becomes less critical once they are corrected. Although using more GCMs is generally
recommended, it also incurs significant computational cost. Notably, Wang et al. (2020) found that
uncertainty trends remained largely unchanged when more than two GCMs were included. Similar
conclusions were drawn in recent analysis over the western Himalayas, demonstrating that uncertainty

from GCMs, bias-correction techniques, and hydrological model structure collectively influences future

hydrological projections (Mehboob, Kim 2024).

A few studies have applied CMIP6 global climate model outputs in Himalayan regions, where projections
have been statistically downscaled using tools such as SDSM, and bias-corrected with CMhyd to improve
their suitability for hydrological applications IPCC 2021; Alasqgah et al. 2025). Although downscaling
provides a reasonable fit, CMIP6 models still exhibit uncertainty-related biases, particularly in
precipitation, due to strong variability in spatial patterns and emission scenarios. Projections generally
indicate rising temperatures, with potential decreases in rainfall in arid regions and increases in humid
areas, offering useful insights into future water resource conditions. However, studies across the Himalayas
have shown that non-linear bias correction techniques significantly improve precipitation estimates,
especially for extremes, which are often underrepresented in widely used gridded datasets. Overall, while
CMIP5 and CMIP6 projections are valuable for climate and hydrological assessments in the Himalayas,
their effective use requires robust downscaling and bias correction to reduce persistent uncertainty in

complex mountain terrain (Alasqah et al. 2025).
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10. Implications for decision-makers and stakeholders

Hydrological modeling in the Himalayan river basin offers critical support for informed water resource
planning, particularly in regions that are highly sensitive to climatic variability and limited by scarce
observational data. Integrated modeling tools enable the estimation of natural and altered flow conditions,
including dry-season recession flows, and can incorporate locally available observations to improve
simulation accuracy. GIS-based interfaces further streamline catchment delineation and flow assessment,
allowing water managers to quickly generate transparent, reproducible outputs that guide the design and
placement of irrigation systems, hydropower projects, and other water resoutce interventions. Such tools
are also effective for multi-stakeholder dialogues, helping decision-makers communicate the implications

of various water-use scenarios in a clear and accessible manner.

For policymakers, the use of hydrological models enhances understanding of spatial and temporal
variations in water availability, aids drought preparedness, and informs long-term investment in climate-
resilient practices. Although numerous models exist, careful consideration is needed to determine which
modeling approaches and datasets are most appropriate for Himalayan conditions, especially in snow and
glacier-fed catchments. Equally important is assessing how model outputs translate into societal impacts,
such as implications for downstream communities, equity in water distribution, and the capacity of local
institutions to adapt to changing hydrological regimes. Strengthening hydrological modeling and
integrating its insights into planning processes will be crucial for building resilience and supporting

sustainable water management across the IHR.

11. Conclusion — research needs and future directions

Hydrological research in the Himalayas urgently requires improved observational networks, long-term in
situ measurements, and standardized data collection to reduce uncertainties in modeling snow and glacier-
fed catchments. Future studies should prioritize high-resolution climate datasets, process-based
hydrological models, and integrated remote sensing approaches to better capture the complex hydro-
climatic dynamics of the region. Strengthening interdisciplinary collaborations and enhancing monitoring
of snow, ice, and runoff will be essential for developing reliable projections and effective climate-

adaptation strategies for the Himalayan basin.

11.1. Future research opportunities

Climate change is expected to exert significant impacts on snowmelt and glacier runoff across the
Himalayas (Brock et al. 2000; Immerzeel et al. 2014; Ragettli et al. 2016). Minimum temperature, an
important control on precipitation type in mountainous terrain, is among the least studied parameters in
the IHR, with limited long-term observations except for a few studies (Bhutiyani et al. 2007). The rapid
rise in minimum temperature observed, particularly in the western IHR, warrants continued investigation
using extended instrumental records. Future studies should further examine the relationships between
climatic variables, glacier discharge, and basin-scale hydrology, along with improved projections of

streamflow variability (Singh et al. 2016). High-resolution, process-based modeling efforts remain essential
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for capturing the complex hydro-climatic behaviour of high-altitude catchments (Viviroli et al. 2011;
Fernandez, Mark 2016; Ragettli et al. 20106). Strengthening coordination among research organizations is
also necessary to guide climate adaptation, forest conservation, and soil erosion control efforts across the

region (Pramanik, Bhaduri 2016).

Glaciological studies continue to face major challenges from limited accessibility and sparse field data;
hence, most predictive assessments still rely on secondary datasets. Establishing long-term monitoring
stations and standardizing measurement protocols are critical for reducing uncertainties in hydrological
research outcomes (Pramanik, Bhaduri 2016). Despite advances in climate modeling, substantial
uncertainty persists in simulating current and future climate processes in the Himalayas, marking this as an

ongoing research priority (Knutti, Sedlacek 2013; Dahri et al. 2021).

In addition, emerging opportunities lie in applying machine learning (ML) and hybrid physics -ML models
for snow cover mapping, glacier mass balance reconstruction, streamflow forecasting, and gap -filling

sparse hydro-meteorological datasets. ML approaches — when combined with physically based models and
remote sensing inputs — can significantly enhance predictive skill in data-scarce Himalayan basins and help

reduce model uncertainties (Ouyang et al. 2025).

11.2. Recommended models for Himalayan basins

Comparing fully distributed and semi-distributed hydrological models such as SPHY, HBV, and HEC-
HMS provides a robust basis for discharge estimation in Himalayan catchments. Semi-distributed models
like HBV-Light and HEC-HMS often outperform SPHY in data-scatrce regions because their
parameterization requirements are relatively modest, making them more suitable for the limited
observational network available. Future simulations can be further improved by integrating satellite-based
products and reanalysis datasets to supplement sparse in situ observations (Abbaspour et al. 2015; Arora
et al. 2024). With ongoing climatic changes affecting snow and glacier energy balance, the need for
enhanced ground-based measurements and models that can incorporate such observations is increasingly

emphasized (Rohrer et al. 2013; Ragettli et al. 2015).

While semi-distributed glacio-hydrological models have yielded satisfactory results across many Himalayan
basins, the region's high spatial heterogeneity and sensitivity to climate forcing underscore the importance
of adopting coupled approaches. These approaches integrate field observations, physically based
modeling, and advanced Artificial Intelligence (AI), Machine Learning (ML)/Deep Learning (DL), capture
complex, nonlinear processes, and handle diverse, multi-source datasets: capabilities that traditional
models often lack (Maity et al. 2024). Emerging research demonstrates promising applications of
AI/ML/DL in precipitation forecasting, evapotranspiration estimation, groundwater vatiability

assessment, and extreme event prediction (floods or compound events).

Furthermore, the adoption of Explainable AI (XAI) and transfer learning can enhance interpretability,
improve cross-basin adaptability, and support stakeholder trust in these advanced models (Ouyang et al.

2025). Overall, integrating AI/ML/DL with conventional process-based hydrological models represents a
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transformative shift toward more accurate, scalable, and reliable hydrological predictions for the

Himalayan region.
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Abstract

In Antarctica, snowmelt processes determine the volume and mass of ice sheets and ice shelves. The tempo, extent, and duration
of surface snowmelt are increasing under climate change. Thus, investigating snowmelt characteristics is an important way to
better understand the state of ice sheets and ice shelves. However, previous to this study, Vernadsky weather station data had not
been applied to research on snowmelt processes. The most common approaches to determining the amount of snow melting are
the heat balance method, calculation via the melting coefficient, or via the water balance of the snow cover. The application of
such approaches to the conditions of Antarctica has its own specific features, related to the geographical location and the
availability of the necessary observation data. At the Vernadsky weather station, observations of snow cover characteristics and
solar radiation elements have gaps. This article reports the characteristics of snow cover melting based on observations of snow
depth and air temperature (at 2 m height) for the Vernadsky weather station data for the period 1997-2025. During 1997-2025
at the Vernadsky Station, the obsetved snow accumulation season was from March to December, and the snowmelt season lasted
from December to February. The multi-annual mean date of maximum snow depth is October 31 (£6 days), and the multi-annual
mean maximum snow depth is 211 (£9) cm. The duration of snowmelt ranged from 50 to 117 days, with a multi-annual mean
of 78 (£3) days. The amount of snow melting ranged from 108 to 287 c¢m; the multi-annual mean was 162 (£8) cm. The mean

intensity of snowmelt ranged from 0.96 to 3.26 cm/day, in water equivalent approximately 3.45 to 11.7 mm/day, with a multi-

annual mean of 7.68 (£0.36) mm/day.
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1. Introduction

In hydrology, snowmelt processes are investigated as integral to the formation of river runoff (Marks et al.
1998; Vatakhah et al. 2014). In river catchments, snowmelt involves the complex processes of energy and
water transfer between the atmosphere and snow, between different snow layers, and between snow layers
and soil (WMO 2009). The most common approaches to determining snowmelt are the heat-balance
method, the melting-coefficient method, and the water-balance method of the snow cover (Holko et al.
2011; Zhou et al. 2021). Machine learning methods are widely used in modern research (Thapa et al.
2020). All of these approaches are used in mathematical models of runoff formation when calculating
snowmeltin river catchments. The application of such approaches under the conditions in Antarctica has
its own specific features, related to the geographical location and the availability of the necessary
obsetrvation data (Liston, Winther 2005; Zhu et al. 2023).
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In Antarctica, research into snow accumulation and snowmelt processes is important because it

determines the volume and mass of the terrestrial ice sheet and ice shelves. Bell et al. (2018) reported three
modes by which meltwater could impact Antarctic mass balance: increased runoff, meltwater injection to
the bed, and meltwater-induced ice-shelf fracture. Banwell et al. (2021) showed that in 2019-2020, surface
melt on the northern George VI Ice Shelf on the Antarctic Peninsula was a 32-year record-high. Zhu et al.
(2023) reported that both the extent and duration of snowmelt increased in the Antarctic Peninsula from
2015 to 2021 and that snowmelt was significantly more intense on the western side. In general, capturing
more detailed information about snowmelt processes is an important way to better understand the state of

the ice sheet and ice shelves in Antarctica under climate change (Nagler et al. 2016; Luis et al. 2022).

Ukrainian scientists were given the opportunity to catry out glaciological research in Antarctica by the
transfer of the Faraday Station to Ukraine by the United Kingdom in 1996. Now this station is named the
Ukrainian Antarctic Akademik Vernadsky Station (hereinafter the Vernadsky Station). Of great scientific
importance was the creation of a glaciological polygon by the Ukrainian scientist Govorukha (1997a;
1997b) on the Woozle Hill that is situated on Galindez Island (in Ukrainian scientific literature it is named
Domashnii ice cap). Here, 44 snow stakes were installed: 30 main and 14 additional (on the slopes of the
glacier). Snow density was measured with a standard snow gauge (Tymofeyev, Grishchenko 2010). There
are significantly fewer stakes now. Based on mass-balance measurements it was shown that general
evolution of the glacier agrees well with the decadal changes of the mean air temperatures: accumulation
dominated in the 1950s and early 60s in conditions of slight cooling; a near-equilibrium state with first
signs of ablation was observed in the 1970s, when the first indicators of climate warming appeared; then
ablation continued through the 1980s, with further acceleration in the 1990s (Tymofeyev, Grishchenko
2010). The contribution of tropospheric circulation to the mass balance on glaciers is shown, as well as its
importance to the formation of ocean currents and sea-ice transport through the Bransfield Strait across
the coastal zone of Graham Land (Grischenko et al. 2005). Data from the glaciological polygon and data
from two snow stakes at the Vernadsky Station’s meteorological observatory were used (Tymofeyev,
Grishchenko 2010), showing an increase in snow depth and positive mass balance of the glacier under
negative temperature anomalies and ablation and snow cover reduction under positive ones. Results of
further investigations using such data types are reported in (Tymofeyev et al. 2021). Periodical and
irregular components of variations in snow cover thickness at Galindez Island, the Argentine Islands
archipelago, were statistically analyzed (Belokrinitskaya et al. 2006). Mean annual snow cover duration was
estimated (Klok 2016; Shpyg et al. 2024). The dates of snow cover formation and its full melting,
fluctuations in snow cover parameters, moisture content estimates, etc., were described (Grischenko et al.
2005; Klok 2016; Klok, Afteniuk 2017; Klok et al. 2021; Shpyg et al. 2024). The influence of wind,
temperature, and precipitation phases on snow depth was estimated, revealing that wind speed and
direction have crucial roles in changes of snow cover on a daily temporal scale in the location of the
Vernadsky Station (Shpyg et al. 2024). For the case of an intense atmospheric river with a related extreme

warm event and record-high surface melt, which occurred in February 2022 over the Antarctic Peninsula,
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the maximum daily extent of melt was calculated using the accumulated snowmelt (Gorodetskaya et al.
2023). However, research on snowmelt processes using the Vernadsky weather station data was not
conducted. At the same time, many researchers use information from the Vernadsky Station on
meteorological parameters, including snow cover, to study general trends on both the Antarctic Peninsula
and Antarctica (Liston, Winther 2005; Turner et al. 2020; Andres-Martin et al. 2024). Typically, snowmelt
research is conducted using satellite data and reanalysis, which allows for spatial distribution and
overcomes certain limitations of weather station data (Zhu et al. 2023; Ning et al. 2024). However, this
approach overgeneralizes and simplifies the characteristics of snowmelt processes. Note that, as shown by
Barrand etal. (2013) and Ning etal. (2024), regional climate models frequently struggle to resolve localized
surface melt in regions with highly complex terrain. This problem is characteristic of both the Antarctic
Peninsula and Galindez Island, where Vernadsky Station is located. As noted by Kaplan Pastirikova et al.
(2025), the use of reanalysis data may lead to unrealistic results for snow depth compared to ground-based

data. Therefore, ground-based observations are important, reliable sources of information.

The objective of this paper is to determine snow melting characteristics from the Vernadsky weather
station data and to analyze the results. In accordance with it, the following tasks were undertaken.

1. Analysis of observational data for determining snowmelt characteristics.

2. Creating complex graphs to determine the snow cover characteristics.

3. Determining the dates of initial snow accumulation, the maximum snow depth, initial and final snow
melting, and also the snow depth for these dates.

4. Determining near-surface air temperature during the snowmelt period.

5. Calculation of snow melting characteristics.

6. Analysis of the results.

2. Data and methodology
The Vernadsky Station is located off the western coast of the Antarctic Peninsula on Galindez Island,
Argentine Islands Archipelago (Fig. 1). The climate of the Station is marine subantarctic, which is formed

by large-scale circumpolar circulation in the atmosphere and ocean (King, Tuner 1997).

On the Antarctic Peninsula, including the Vernadsky Station, stable trends in surface air temperature

increase are observed (Silva et al 2020; Turner et al. 2020; Khrystiuk et al. 2023).

In this research, we used the series of meteorological observations of near-surface air temperature and
snow cover depth spanning nearly 28 years (1997-2025) from the Vernadsky Station. These data were
obtained from the archive of the State Institution "National Antarctic Scientific Center" of the Ministry of
Education and Science of Ukraine (NASC). These data ate free to access. For 2011-2025, the data ate
posted on the website (http:/ /meteodata.uac.gov.ua/), and for 1997-2010, the data can be obtained upon
request (gorbachova@uhmi.org.ua). Near-surface air temperature (2 m) was recorded by automatic
meteorological stations (AWS): MAWS (Modular Automatic Weather Station), Mobile Meteorological

Complex "Troposphere" (this complex was developed and manufactured in Ukraine), and Vaisala AWS-
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310. The data were collected every three hours at standard times (00, 03, 06, 09, 12, 15, 18, and 21 UTC).
The daily data for snow cover depth is measured by two snow stakes, which are installed on the
meteorological site of the Vernadsky Station. This system of observation better accounts for the snow
cover changes due to the topography of Galindez Island and strong winds. Snow cover depth values are

read from these snow stakes by a meteorologist at 13 UTC every day.
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Fig. 1. Location of the Vernadsky Station (background graphic from Klok, Kornus 2021).

Unfortunately, at Vernadsky Station, snow courses and research on snow characteristics at different
depths are not conducted systematically. The archive of the NASC has this information for 2012-2019
(Table 1). Its analysis shows that digging snow holes did not always occur during the season of snowmelt.
This limits the use of these data, since for this research, data about the density of snow cover is needed
precisely during the snowmelt season. Although it should be noted that the values of snow cover density
during the snow accumulation and the snowmelt seasons do not show significant fluctuations (Table 1).
The exception is snow cover density, which was 0.60 g/cm? as determined by data from November 5,
2018 on the dome of the Woozle Hill glacier. However, this value cannot be considered reliable, since it
indicated that two of the snow layers had densities exceeding 1.0 g/cm3. This is an erroneous value,
because the maximum density of ice is only 0.92 g/cm? Montero de Hijes et al. 2024). The lowest value
of snow cover density was 0.32 g/cm? as determined by data from October 31, 2015. The highest value of

snow cover density was 0.39 g/cm? as determined by data from November 22, 2012.

Determining snowmelt characteristics is possible using solar radiation observation data. This approach is
widely used in various snowmelt models (Bartelt, Lehning 2002; Corona et al. 2015; Chen et al. 2020;

Keenan et al. 2021). Due to the financial and technical difficulties that occurred in Ukraine in the late 20th
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and first two decades of the 21+ century, it took years to replace expensive meteorological equipment
(which had broken down) designed to measure the characteristics of solar radiation and radiation balance.
Only the data series of sunlight duration were and remain continuous. The use of models requires
quantitative values for the solar radiation reaching the Earth's surface. Obtaining that data became
possible only in February 2019, with the installation of the Vaisala AWS-310 automatic meteorological
station at the Vernadsky Station, and the configuration of the corresponding modules in 2020. With these
considerations, simulating snowmelt processes using modern models is impossible for 1997-2025.
Therefore, research on snowmelt processes was carried out by calculating their characteristics based on
daily observation data for the snow depth and near-surface air temperature (2-m height) for 1997-2025.

Characteristics such as the duration, amount, and intensity of snow melting were determined.

Table 1. Results of research on snow and ice holes on Galindez Island in the Antarctic from the Vernadsky Station.

Snow Snow
Location Date depth density* | Note

(cm) (g/ cm’)

Snowmelt
period

The d £ th Snowmelt period was 26.11.2012
20122013 | o c fmgﬁ , € | 22.11.2012 105 0.39 | to 16.02.2013. Snow depth observations
oozle T glacier were discontinued 15.01.2013.

Snowmelt period was from 12.12.2013
2013-2014 -//- 22.11.2013 76 0.35 | to 17.02.2014. Snow depth obsetvations
were discontinued 31.12.2014.

The Vernadsky Snowmelt period was from 09.12.2015

2015-2016 weather station 31.10.2015 142 0.32 to 03.02.2016.
%jojfemgiﬁ;izzer 27.05.2017 32 0.33
-//- 24.06.2017 33 0.35
20172018 4. 25.07.2017 | 37 038 | woadorai
-//- 29.08.2017 40 0.34
-//- 26.10.2017 66 0.37

Snowmelt period was from 09.12.2018
2018-2019 -//- 05.11.2018 85 0.60 | to 03.02.2019. Two of the snow layers
have a density exceeding 1.0 g/cm’!

Note: * — the mean snow cover density from all snow layers in the holes.

The duration of the snowmelt season was defined as the number of days from the beginning of the
snowmelt process to its completion. The amount of snow melting was calculated as the difference in snow
depth at the beginning and end of the melting season. Complex graphs were used to determine initial
snow accumulation dates, as well as the dates of the beginning and end of snowmelt; an example is shown

in Figure 2.
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Fig. 2. Example graph for determining snow cover characteristics (representing 2002-2003 at Vernadsky Station);
07.03.2002 is the initial date of snow accumulation; 18.12.2002 is the initial date of snow melting; 21.02.2003 is the

final date of snow melting.

The beginning of the snowmelt period was determined from the date when there was a stable transition of
the maximum daily air temperature through zero to positive air temperatures. The final date of snowmelt
was taken as the date of complete clearing of the surface from snow cover, or the date when the snowmelt
process stopped, but some snow cover remained. The intensity of snow melting (/, cm/day) was

determined by the formula (Anderson 1968):
I=L/D 1)

where: L is the amount of snow melting (cm); D is the duration of the melting season (day).

Given that data on snow cover density are available only for the period 2012-2019 (Table 1), the
determination of snowmelt intensity in water equivalent for the entire research period was carried out as
follows. Information from Table 1 was used for the seasons of thawing in which measurements were
made in the research snow and ice holes. The data for the snowmelt season 2018-2019 were unreliable,
and thus not used. For the snowmelt season 2017-2018, the snow cover density value determined
according to data from 26.10.2017 was used. For other snowmelt seasons, the mean snow cover density

value for the period 2012-2018 is used, which is 0.36 g/cm?.

The intensity of snowmelt in water equivalent (/w, mm) was calculated by the formula (Anderson 1968):
lw=10-1-P 2)

where Pis the weighted-average snow density (g/cm3).
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The multi-year mean values of snow cover characteristics were calculated as the arithmetic mean of a

seties. The standard error of multi-annual mean value (SEM) was calculated by the formula (Wilks 2020):

SEM= to/\n €)
where o0 is the standard deviation; nis the number of observations.

3. Results

According to complex graphs (example in Fig. 2), the dates of initial snow accumulation, the maximum
snow depth, the snow melting beginning and end (Fig. 3), and the snow depth were determined (Fig. 4).
During the observation period 1997-2025, the mean snow accumulation beginning date is March 29 (+3
days). The eatliest initial snow accumulation occurred on 24.02.2015, and the latest occurred on
01.05.2020. Typically, the increase in snow depth occurred before the beginning of snowmelt. During the
observation period 1997-2025, only in 24% of cases did the new snow cover form on a surface free from
last year’s snow, while in most years new snow accumulation occurred on top of the remnants of snow

cover from the previous season.
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Fig. 3. Dates of initial snow accumulation. (1) the maximum snow depth, (2) the beginning, (3) and end (4) of snow

melting at the Vernadsky Station for 1997-2025.

In particular, at the beginning of April 2022, the remnants of last year's snow cover reached 138 cm
(Fig. 4). The multi-annual mean date of maximum snow depth is October 31 (£6 days), and the multi-
annual mean maximum snow depth is 211 (£9) cm. The greatest snow depth was observed from the
second decade of August to the end of December, and notably on November 20, 2022, it was 350 cm.

The lowest snow depth was 134 cm, observed on 18.10.2009 (Fig. 3, 4).
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Analysis of initial snow accumulation dates shows that the earliest date is 10.11.2004, and the latest is
25.12.2021. The eatliest date of final snow melting is 29.01.2018, and the latest is March 12.03.2000. In
summary, snow melting began between the first half of November and the end of December, continuing
until the end of January to early March (Fig. 3). The multi-annual mean date of initial snowmelt is December
3 (*2 days), and its end is February 19 (£2 days). Initially, snow melting occurred under the influence of
positive air temperatures during the daytime, and later the intensity of melting increased due to the transition

of the mean daily air temperature through 0°C, when melting occurred throughout the day.
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Fig. 4. Snow depth at the Vernadsky Station for 1997-2025 (1- initial accumulation; 2 — maximum value; 3 — initial

melting; 4 — final melting).

113



The results (Figs. 3 and 4) supported calculation of the duration, amount, and mean intensity of snowmelt

for 1997-2025 (Table 2). The mean intensity of snowmelt (cm/day) was calculated by formula (1).

Table 2. Characteristics of snowmelt and near-surface air temperature at the Vernadsky Station for 1997-2025.

Snowmelt Amount Mean intensity of Mean air temperature duting the
Snowmelt |4 of snow snowmelt snowmelt season (°C)
season melting

(day) (cm) cm/day mm/day minimal maximum | mean daily
1997-1998 85 191 2.25 8.09 -0.2 2.2 0.8
1998-1999 70 123 1.76 6.33 -0.4 1.9 0.6
1999-2000 92 156 1.70 6.10 -0.9 1.1 0.0
2000-2001 68 150 2.21 7.94 0.8 3.1 1.8
2001-2002 65 108 1.66 5.98 -1.0 2.1 0.4
2002-2003 65 164 2.52 9.08 0.8 3.3 1.8
2003-2004 63 155 2.46 8.86 0.1 3.1 1.5
2004-2005 94 119 1.27 4.56 -1.5 1.6 -0.1
2005-2006 82 202 2.46 8.86 -0.1 2.6 1.1
2006-2007 72 143 1.99 7.15 0.4 2.9 1.5
2007-2008 76 155 2.04 7.34 -0.7 1.6 0.3
2008-2009 62 144 2.32 8.36 0.1 2.5 1.2
2009-2010 86 120 1.40 5.02 0.3 2.9 1.5
2010-2011 111 238 2.14 7.72 -0.5 2.8 1.0
2011-2012 117 112 0.96 3.45 -1.2 1.6 0.1
2012-2013 82 148 1.80 7.04% -0.2 2.3 0.9
2013-2014 67 128 1.91 6.69* -0.9 1.8 0.3
2014-2015 70 156 2.23 8.02 -0.4 1.6 0.5
2015-2016 85 145 1.71 5.46* -0.9 1.4 0.1
2016-2017 93 217 2.33 8.40 -0.7 2.0 0.6
2017-2018 50 124 2.48 9.18* -0.4 2.0 0.7
2018-2019 78 148 1.90 6.83 -1.3 1.9 0.1
2019-2020 82 226 2.76 9.92 -0.4 2.2 0.8
2020-2021 61 194 3.18 11.4 -0.1 2.3 1.0
2021-2022 57 157 2.75 9.92 -0.7 1.8 0.4
2022-2023 88 287 3.26 11.7 0.2 2.4 1.2
2023-2024 91 175 1.92 6.92 0.2 2.3 1.1
2024-2025 67 161 2.40 8.65 -0.2 2.2 0.9
tf:;‘;fgfj 78 162 2.13 7.68 —0.4 2.2 0.8
SEM 13 18 10.10 +0.36 10.1 10.1 10.1

Note: * — calculated using the snow cover density values from Table 1 for the snowmelt seasons in which

measurements wete made of the snow layers in the research holes.

The multi-annual mean duration of snowmeltis 78 (£3) days. Depending on the air temperature regime
during the snowmelt season, its duration ranged from 50 to 117 days. The amount of snow melting ranged
from 108-287 cm, with a multi-annual mean of 162 (£8) cm. The mean intensity of snowmelt ranged from
0.96 to 3.26 cm/day. The lowest melting intensity (0.96 cm/day) was obsetved in the snowmelt season of

2011-2012, which was characterized by the longest duration (117 days), as well as relatively low air
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temperatures. In addition, during the season of 2011-2012, a temporary slowdown in snowmelt during the
return of cold weather, as well as snowfall, was obsetved. The highest melting intensity (3.26 cm/day) was
observed in the snowmelt season of 2022-2023, which was characterized by the highest snow depth (350
cm) (Fig. 4) and the largest amount of snow melting (287 cm), as well as relatively high air temperatures.

The multi-annual mean of snowmelt intensity is 2.13 (£0.10) cm/day.

For the period 1997-2025, the intensity of snowmelt in water equivalent was calculated by the formula (2)
using data on snow cover density from Table 1. In calculations for the seasons in which snow density was
not measured, the mean snow density for the period 2012-2018 was used. The intensity of snowmelt in

water equivalent ranged from 3.45 to 1.7 mm/day; the multi-annual mean was 7.68 (£0.36) mm/day.

4. Discussion

Based on ground observations over a long period, the amount, duration, and mean intensity of snowmelt
at the Vernadsky Station were determined for the first time, supplying new knowledge of these
characteristics. The approximation of the intensity of snowmelt in water equivalent is also the first reliable
knowledge of this variable. The results allow us to assess the reliability of snowmelt characteristics
obtained using other methods. Luis et al. (2022) used Scatterometer-based backscatter data and showed
that on the Antarctic Peninsula, the mean snowmelt duration was 70 days during 2000-2018. This result is
in good agreement with the calculations given in Table 2 for the Vernadsky Station; specifically, the mean
snowmelt duration was 78 days. Zhu et al. (2023), using SAR images, showed that from 2015 to 2021, the
extent and duration of snowmelt have been increasing in the Antarctic Peninsula. Therefore, the next step
of the research is to determine the trends in snowmelt characteristics, which are given in Table 2, as well

as their comparison with trends obtained by other methods.

We emphasize that separate data about snow density are not sufficient either for understanding its
formation or for use in any modeling of snowmelt processes. The results of this study yield only
approximate knowledge about the processes and values of snowmelt at Vernadsky Station. The situation

can only be improved by organizing systematic observations from snow holes.

5. Conclusions

Typically, in Antarctica, snowmelt studies are conducted using satellite data and reanalysis, which conveys
the spatial distribution of snowmelt characteristics and eliminates certain limitations of ground-based
observations. However, remote approaches still have difficulties in determining snowmelt values in
regions with complex terrain, typical of Galindez Island, where the Vernadsky Station is located. Ground-
based obsetrvations remain an important and reliable source of information. In this article, the
characteristics of snow cover melting were determined based on observations of snow depth and air

temperature (at 2-m height) at the Vernadsky Station for 1997-2025.

The multi-annual mean initial snow accumulation date is March 29 (£3 days). The multi-annual mean date

of maximum snow depth is October 31 (£6 days), and the multi-annual mean maximum snow depth is
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211 (£9) cm. The multi-annual mean date of initial snowmelt is December 3 (2 days), and its end is
February 19 (2 days). The duration of snowmelt ranged from 50 to 117 days; the multi-annual mean was
78 (£3) days. The amount of snow melting ranged from 108-287 cm, with a multi-annual mean of 162
(£8) cm. The mean intensity of snowmelt ranged from 0.96 to 3.26 cm/day, in water equivalent

approximately 3.45 to 11.7 mm/day; the multi-annual mean was 7.68 (£0.36) mm/day.

At Vernadsky Station, observations of snow cover density need to be improved. Further, the results
obtained in this research represent the first knowledge about snowmelt characteristics at the Vernadsky
Station. The approach used in our article, despite its apparent simplicity, ensures the reliability of the
conclusions, as it uses ground-based observation data. These results can be used in other investigations,

for example, for the comparison and generalization of snowmelt processes on the Antarctic Peninsula, etc.
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