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Abstract.

Distributed glacio-hydrological models are essential for simulating runoff processes in glacier-fed Himalayan basins, yet their
application is often constrained by extensive data requirements, high computational costs, and reliance on manual, trial-and-
error calibration. Recent auto-calibration approaches using stochastic optimization or machine learning have shown promise,
but they frequently suffer from limited physical interpretability, high computational demand, or the absence of physically con-
sistent routing formulations, restricting their applicability to spatially distributed models. In this study, we present an end-to-
end differentiable, gradient-based auto-calibration framework for the PCRaster-based PyGDM glacio-hydrological model. The
framework integrates a physically consistent, mass-conserving routing scheme based on an eight-direction flow network, im-
plemented in TensorFlow and optimized using Accelerated Linear Algebra (XLA). This formulation enables gradient propa-
gation through all hydrological processes, including surface runoff generation, subsurface flow, and river routing, allowing
simultaneous calibration of spatially and temporally varying parameters directly from discharge observations. Spatially distrib-
uted subsurface parameters and monthly varying surface and cryospheric parameters are optimized using automatic differenti-
ation and constrained within physically meaningful ranges through sigmoid-based reparameterization. To address the lack of
spatial discharge observations, a flow-accumulation-based pseudo-observed discharge field is constructed to support spatially
distributed calibration. The framework is evaluated in the glacier-fed Bheri Basin, Nepal, and benchmarked against a manually
calibrated PyGDM simulation. Results demonstrate that the proposed approach outperforms manual calibration, achieving
higher predictive skill during both calibration (NSE = 0.85; VD = —6.56) and validation (NSE = 0.86; VD = —0.06) periods,
while requiring substantially reduced human intervention. The learned parameters exhibit coherent spatial, elevation-depend-
ent, land-use-specific, and seasonal patterns that remain physically interpretable and consistent with hydrological understanding
of Himalayan catchments. The study demonstrates that fully differentiable, physically constrained routing is critical for robust
end-to-end calibration of distributed hydrological models. The proposed framework offers a scalable, computationally efficient,
and physically interpretable solution for auto-calibration in data-limited, glacier-fed basins, with broad applicability to high-
resolution hydrological modeling and climate impact assessments.

Introduction WRF-derived precipitation (Li et al., 2019), VIC-glacier
and VIC-GM2 (Wang et al., 2021; Chandel and Ghosh,

Different glacio-hydrological modelling approaches have 2021), and ANN models (Buch et al., 1993) illustrate these

been developed in the Himalayan region to support large- efforts.

scale studies, but the extensive data requirements and high

computational costs limit their wider application. Various To advance the above objective, the distributed framework

studies using empirical and process-based approaches, of the PCRaster-based PyGDM implementation (Shrestha

such as energy-balance glacier models (Shrestha et al., et al., 2024), built upon the parsimonious structure of the

2015), distributed hydrological models (Garee et al., 2017; Glacio-Hydrological Degree-Day Model (GDM; Kayastha

Shukla et al., 2021; Wulf et al., 2016), WASMOD with et al., 2020), provides a balanced modelling strategy suita-
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ble for data-limited, glacier-fed Himalayan basins. The dis-
tributed and flexible nature of PyGDM also allows the in-
tegration of spatially heterogeneous and monthly-varying
auto-calibrated parameters, which is feasible for the study.

A recent study on auto-calibration (Feng et al., 2025)
demonstrates improvements in both accuracy and compu-
tational efficiency compared to the traditional trial-and-er-
ror method. Meanwhile, advances in computational re-
sources have facilitated the mainstream adoption of auto-
calibration approaches (Shahed Behrouz et al., 2020). The
uncertainty and reliance on user expertise inherent in the
trial-and-error method (Ma et al., 2022) further underscore
the importance of developing auto-calibration strategies.

The three broad auto-calibration strategies in hydrological
modeling are: (i) near-random sampling, (ii) nature-in-
spired optimization, and (iii) artificial neural networks
(ANN). While these methods have been successfully ap-
plied for hydrological parameter calibration, the exclusive
use of any single approach has limitations, including high
computational cost, stochastic convergence, large data re-
quirements, and challenges with spatially heterogeneous
parameters.

For example, near-random sampling methods, such as
Monte Carlo Simulation (MCS) and Latin Hypercube Sam-
pling (LHS), identify optimal parameters by exploring dif-
ferent combinations across the entire range of possible val-
ues (Schneider & Hogue, 2022; Zhang et al., 2022b; Sun et
al., 2020; Barco et al., 2008). This approach is computa-
tionally expensive and becomes impractical for spatially
heterogeneous parameters because the number of parame-
ter combinations increases astronomically.

Nature-inspired optimization methods, on the other hand,
mimic processes observed in nature to search for optimal
model parameters. These include algorithms such as bee or
ant colony methods, evolutionary algorithms (Sun et al.,
2021; Leta et al., 2017; Kang & Lee, 2014), genetic algo-
rithms (Zhong et al., 2022), and particle swarm optimiza-
tion (Wang et al., 2019; Jafari et al., 2018; Xue et al., 2020).
Unlike near-random sampling, these methods iteratively
update parameters toward convergence using mechanisms
inspired by natural processes. Despite their advantages,
they are computationally expensive and may suffer from
poor stochastic convergence.

Finally, artificial neural networks (ANNSs) use gradient-
based optimization to adjust model parameters and learn
the relationships between input and output variables. Li et
al. (2024) applied an LSTM-based ANN, while Feng et al.
(2024) employed a back-propagation (BP) ANN, with both
studies demonstrating successful auto-calibration of hydro-
logical models. Beyond calibration, ANNSs can also facili-
tate parameter screening; for instance, Wu et al. (2021)
used a binary-classification ANN to efficiently identify
sensitive SWMM parameters, achieving over 96% accu-
racy in parameter prediction. Despite these advantages,
ANN-based approaches generally require large training da-
tasets to ensure reliable calibration performance (Cai et al.,
2021) and are often criticized for their limited physical in-
terpretability.

To overcome the limitations of purely gradient-based
learning, coupling hydrological processes with gradient-
based models has gained increasing attention. Broadly, two
coupling strategies exist: one-way coupling and two-way
coupling. In a one-way coupled approach, there is no feed-
back from the gradient-based component to the physical
model. For example, Joshi et al. (2024) trained recurrent
neural networks on the residual errors of a process-based
glacier hydrological model, while Xu et al. (2022) used
simulated snowmelt from a distributed physical snow
model to train a ConvLSTM for streamflow prediction. In
both cases, the routing process remains effectively a black
box because the gradient-based component does not influ-
ence the physical simulation.

Two-way coupling can alleviate this issue by integrating
physical knowledge directly into the gradient-based com-
ponent, enabling the joint optimization of physical param-
eters and yielding more physically interpretable results.
However, the main challenge lies in constructing a physi-
cally consistent, differentiable routing process. Several
studies have made progress in embedding physical
knowledge into machine learning to combine the strengths
of both approaches (M. Chen et al., 2023; Kraft et al., 2022;
Hdge et al., 2022), as initially advocated by Reichstein et
al. (2019). For instance, Jiang et al. (2020) and Feng et al.
(2022) embedded the conceptual models EXP-HYDRO
and Hydrologiska Byrans Vattenbalansavdelning (HBV),
respectively, within deep-learning architectures to improve
runoff simulation. However, due to the absence of a phys-
ically consistent gradient-based routing formulation, these
hybrid models remain spatially lumped. They therefore



cannot represent internal watershed heterogeneity or ex-
plicitly simulate river routing, and instead rely on lumped
parameters to predict discharge only at the basin outlet.
Bindas et al. (2024) and Sun et al. (2022) explored deep-
learning-based approaches for distributed routing, but im-
portant limitations remain. Bindas et al. combined LSTMs
for sub-basin runoff generation with a physics-based neural
network for river routing; however, the two components
were trained separately, preventing true end-to-end optimi-
zation. Sun et al. applied Graph Neural Networks (GNNS)
to represent river topology and support flow routing, yet
GNNs still face challenges in generalizing across basins
with differing hydroclimatic characteristics and do not in-
herently conserve water unless physical constraints are ex-
plicitly enforced. Collectively, these studies show promis-
ing progress but also highlight that a unified, physically
consistent, end-to-end differentiable hydrological model-
ing framework is still lacking.

To address the aforementioned limitations, Wang et al.
(2024) proposed HydroPy-DL, an end-to-end differentia-
ble framework; however, the spatially distributed parame-
ters are estimated through a learned attribute-to-parameter
mapping rather than being directly auto-calibrated from
discharge, which may limit true physical parameter identi-
fication and the sensitivity of parameters to model outputs.

The present study aims to auto-calibrate spatially and tem-
porally varying parameters from PyGDM using an end-to-
end differentiable framework. We employ an XLA (Accel-
erated Linear Algebra)-optimized differentiable routing
function, which leverages eight-directional topological or-
dering to compute river routing efficiently and physically
consistently, enabling the joint auto-calibration of multiple
parameters directly from discharge through gradient prop-
agation across the routing process.

Methodology

The model architecture is built on TensorFlow to leverage
the automatic differentiation feature to calculate the exact
analytical gradient of parameters with respect to the loss
function with machine-level precision. Automatic differen-
tiation breaks the function into elementary operations, ap-
plies the chain rule programmatically, and accumulates de-
rivatives.

The physical backbone of the model is based on the
PyGDM framework and is implemented in TensorFlow
(Fig. 1). All hydrological processes are computed in a dis-
tributed manner across the spatial grid. Precipitation is
classified as either rain or snow based on a threshold tem-
perature (Eq. 1), where T represents the grid-wise air tem-
perature and Ty is the threshold temperature, both expressed
in degrees Celsius. Snowmelt and ice melt, M (mm d),
are calculated using degree-day factors for snow, bare ice,
and debris-covered ice (Eq. 2), where T is air temperature
(°C), Ks is the degree-day factor for snow (mm °C™ d™),
Kb is the degree-day factor for bare ice (mm °C! d™'), and
Kd is the degree-day factor for debris-covered ice (mm
°Ctdh).

rain,if T =T, (1)

precipitation = {snow, if T<T,

M_{KdorKsoer*T, if,T>0 )
N 0, if, T<O,

Potential evapotranspiration (PET) is estimated using the
Hargreaves method based on temperature data. The Har-
greaves method computes PET using Eq. (3), where PET
is potential evapotranspiration (mm d'), Tmean IS the aver-
age daily temperature (°C), Tmax is the maximum daily tem-
perature (°C), Tmin is the minimum daily temperature (°C),
and R, is extraterrestrial radiation (MJ m? d!), which is
calculated as a function of location, date, and time using
established formulations. Interception is estimated using a
simple interception model with predefined monthly thresh-
old values (I, mm d?).

PET = 0.0023 (Tpean + 17.8) Ry 0.0408 \/Trax — Tonin,  (3)

Surface runoff generated from rainfall, snowmelt, and ice
melt is computed using land-use-specific runoff coeffi-
cients (Rc), while the remaining water contributes to
baseflow. Baseflow is simulated using the two-reservoir
modeling approach adopted in SWAT (Luo et al., 2012).
The key processes considered in baseflow simulation in-
clude percolation of surface water (Wseep), the delay time
for percolation in the shallow aquifer due to overlying ge-
ological formations (dsh), the recession constant of the
shallow aquifer (ash), the seepage constant governing per-
colation to the deep aquifer (Bdp), the delay time for deep
aquifer percolation (8dp), and the recession constant of the
deep aquifer (adp). The rainfall, snowmelt, and ice-melt-



driven surface flow components are temporally routed us-
ing a routing coefficient (kx), which controls the relative
contribution of current and previous timestep flows. Total
discharge is obtained as the sum of baseflow and all sur-
face flow components.
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Figure 1. Schematic workflow of the study showing the
sequence of steps from meteorological and spatial data in-
puts, through PyGDM hydrological model implementa-
tion and end-to-end differentiable auto-calibration.

Differentiable Routing Framework

We used a differentiable flow routing scheme imple-
mented in TensorFlow and conceptually based on the
PCRaster local drain direction (LDD) framework. The
scheme follows an eight-direction (D8) flow network and
performs flux accumulation using a topological ordering
of grid cells, ensuring mass-conserving upstream-to-
downstream routing. All routing computations are fully
differentiable, allowing gradients to propagate through the
flow network and enabling end-to-end, gradient-based
model calibration. The routing kernel is compiled using
TensorFlow’s XLA compiler to enhance computational
efficiency and scalability.

Model Optimization and Training

To calibrate the spatially distributed process-based model,
we define mean squared error based loss functions that
measure the mismatch between simulated and spatially in-
ferred observed discharge. Because direct spatial observa-
tions are unavailable, we construct a spatial pseudo-ob-
served discharge field based on outlet observations and
model flow accumulation. Eq. (4) represents spatial

pseudo-observed discharge where W (x,y) is a normal-
ized flow-accumulation-based weighting factor that in-
creases downstream, and ¢ is a small constant added for
numerical stability. Q,,s and Q2% are observed and simu-
lated discharge at the outlet respectively.

Qops — g#rﬁ (4)
Q¥ + ¢

stm

steudo(x' Y) = Qsim(x' Y) [1 + W(x, }’)

1 5
L= N Z(Qsim - steudo)z ©)

Eq. (5) represents loss responsible for calibrating the pa-
rameters. Where, Qg;,, IS spatially distributed simulated
discharge and Qpseyaqo is spatially distributed pseudo ob-
served discharge.

Table 1. Physical ranges and units of the model parameters
used in the PyGDM setup.

Parameter Physical ~ Unit
Range
Kp 6-9 mm °C d!
Kq 15-3 mm °C d?
Ks 2-55 mm °C d*
Ssh 10-30 days
Sep 10-300 days
Olsh 0-1 /
Odp 0-1 /
Bap 0-1 /
Forest 02-07 /
Agriculture 04-08 /
Grassland 05-08 /
Barren land 03-0.7 /
Water bodies 09-1 /
Re Built-up area 09-1 /
Debris-covered 095-1 /
glacier
Clean/bare glacier 095-1 /
Kx 0-1 /
Forest 12-57  mmd?
Agriculture 0.6-2.3 mm d*
Grassland 0.3-1.2 mm d*
| Debris-covered glacier  0-0.5 mm d*
Clean/bare glacier 0-0.5 mmd*

Gradients of the monthly loss with respect to all trainable
parameters are computed at each daily timestep using Ten-
sorFlow’s GradientTape, which applies reverse-mode au-
tomatic differentiation. Gradients are accumulated over all
days within the month, averaged, and used to update pa-
rameters for that month. Model parameters are optimized



using the Adam optimizer and a uniform learning rate of
0.01 was applied to all trainable parameters. To maintain
physical realism, each parameter is initialized as a raw var-
iable and transformed using a sigmoid-based scaling func-
tion within predefined physical ranges (Table 1).

Parameters that exhibit strong spatial dependence, such as
subsurface delay times (8sh, ddp), recession constants (ash,
adp) and baseflow partition coefficient (Bdp) are trained as
grid-level tensors. Parameters with seasonal variation (e.g.,
Kb, Kd, Rc) are trained as monthly variables, with land-
use-specific parameterizations where the sigmoid scaling
is applied separately for each land-cover type. The snow-
melt factor (Ks) is trained only over the snow-covered do-
main with monthly variation, and the routing coefficient
(kx) is trained with monthly variation.

The model operates at daily timesteps, with monthly accu-
mulation of gradients and parameter updates. Training con-
tinues until convergence of the loss function toward a
global minimum. Overall, the workflow is implemented in
TensorFlow, enabling end-to-end differentiable hydrologi-
cal simulation from meteorological forcing inputs to dis-
charge prediction within a single computational graph.

Input data

The PyGDM hydrological model utilizes satellite-derived
topographic and land-surface datasets. Land use and land
cover (LULC) (Fig. 2) information was obtained from the
ESRI global land cover product derived from Sentinel-2
imagery (10 m resolution) (Karra et al., 2021; last accessed
November 2025). The original ten LULC classes were re-
classified into eight hydrologically relevant categories; for-
est, grassland, agriculture, barren land, water bodies, built-
up areas, debris-covered glaciers, and clean/bare glaciers
based on similar surface characteristics and runoff re-
sponses. Topographic data were represented using the
SRTM 1-arcsecond global DEM (=30 m resolution) ac-
quired from the USGS EarthExplorer (last accessed No-
vember 2025). Glacier extent was incorporated using out-
lines from the Randolph Glacier Inventory (RGI v6.0) (Ar-
endt et al., 2017), which also supported land cover reclas-
sification.

Meteorological forcing data, including daily precipitation
and maximum and minimum air temperature, were otained
from the Department of Hydrology and Meteorology

(DHM), Nepal, from eight stations located at different ele-
vations within the Bheri basin. Both DEM and LULC were
resampled to 180 m grid to prepare meteorological data and
to execute hydrological simulation. Precipitation was spa-
tially interpolated using the inverse distance weighting
(IDW) method, while temperature was distributed using an
elevation-based lapse rate. Daily discharge observations
from the Samaijighat hydrological station (=500 m a.s.l.)
were used for model calibration and validation (Table 2).

Landuse / Landcover
Il Forest

Agriculture
Grassland
Bareland
Wl Waterbodies
B Builtup area
I Debris covered glaciers
0 25 50 km _ Clean glaciers

[ [ Nepal boundary

Figure 2. Land use and land cover (LULC) of Bheri River
basin.

Results and Discussion
Model Calibration Performance

To benchmark the proposed end-to-end auto-calibration
framework, we reproduced the manually calibrated
PyGDM simulation for the Bheri Basin reported by Rakesh
et al. (2024). To ensure a controlled and equitable compar-
ison, we adopted the same calibration (2004-2010) and
validation (2011-2017) periods (Fig. 3), identical spatial
resolution of input datasets, and the same evaluation met-
rics: Nash-Sutcliffe Efficiency (NSE) and Volume Differ-
ence (VD).

During the calibration period, the proposed gradient-based
framework achieved an NSE of 0.85 and a VD of -6.56,
improving upon the manually calibrated results of NSE =
0.82 and VD = 4.5 reported by Rakesh et al. (2024). More
notably, during the independent validation period, our
model maintained strong predictive skill with an NSE of
0.86 and a VD of —0.06,



whereas the reference study showed a marked degradation
in performance (NSE = 0.71; VD =—5.3). In contrast to the
manual calibration process, which required extensive trial-
and-error and expert intervention over prolonged periods,
the gradient-based framework fully automated parameter
optimization, achieving improved performance with mini-
mal human effort and substantially reduced time. The con-
sistent improvement across both calibration and validation
phases indicates enhanced generalization and reduced pa-
rameter overfitting relative to manual calibration. These re-
sults provide strong evidence that gradient-based, end-to-
end auto-calibration is not only computationally viable but
also methodologically robust for distributed, physically
based glacio-hydrological models provided that the routing
scheme is fully differentiable and strictly mass-conversing.
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Figure 3. Comparison of observed and simulated daily dis-
charge (m* s!) for the period 2005-2007.

Surface-Flow and Baseflow Parameter Learning

The calibrated snow and ice melt parameters exhibit clear
seasonal variability while remaining within physically
plausible ranges (Table 3), reflecting temperature-con-
trolled cryospheric processes in the basin. The snowmelt
degree-day factor (Ks) is lowest during winter, increases
through the pre-monsoon and monsoon periods, and peaks
in August, indicating enhanced snowmelt contributions to

streamflow during warmer months, before declining again
in the post-monsoon with decreasing temperatures, with
mid-monsoon moderation reflecting persistent snow cover
and energy limitations. The ice melt coefficient (Kb) fol-
lows a similar seasonal pattern, with lower values in spring
and early summer and higher values in late summer and
early autumn, corresponding to maximum glacier melt un-
der peak seasonal temperatures. In contrast, the debris-cov-
ered ice melt factor (Kd) remains lower during pre-mon-
soon due to insulating debris and residual snow cover, but
increases during late summer and post-monsoon as ele-
vated temperatures and reduced snow cover enhance en-
ergy transfer to debris-covered ice. Collectively, these sea-
sonal responses are consistent with the climatology of
Himalayan catchments and reflect realistic cryospheric
melt dynamics. The surface routing coefficient (Kx) exhib-
its a clear seasonal pattern and remains within our prede-
fined physical range (Table 3). It peaks in May when cur-
rent-timestep runoff is low, so most flow is carried over
from previous timesteps, producing a delayed and
smoothed hydrograph. During the monsoon, moderate val-
ues allow the hydrograph to respond promptly to high run-
off while retaining some temporal smoothing. Post-mon-
soon and early winter show the lowest values, reflecting
minimal flow persistence and rapid event-driven runoff
through a fully established surface drainage network. Win-
ter months maintain intermediate values, consistent with
gradual snowmelt inputs and moderate temporal persis-
tence of surface flow. The trained surface runoff and inter-
ception parameters exhibit clear monthly seasonal patterns
and remain within predefined physically plausible ranges
(Table 4 and 5). Across all land-use classes, runoff coeffi-
cients are lower during dry months and higher during the
monsoon, while interception capacity shows the opposite
behavior, with higher values in dry periods and reduced ca-
pacity during the monsoon. Bareland, water bodies, and
built-up areas are assigned zero interception capacity in ac-
cordance with their predefined physical ranges.

Table 2. List of the climatological and hydrological stations in the study area.

Basin Station (m a.s.l.), type Hydrological Year
station
Bheri River Dunai (2098), precipitation; Mainagau (1913), precipitation; Samaijighat 2004-2017

Rukumkot (1568), precipitation; Musikot (1412), climatology;
Jagarkot (1240), climatology; Chaurjhar (863), climatology;

Surkhet (720), synoptic




Table 3. Monthly calibrated degree-day factors for snow
(Ks), bare ice (Kb), and debris-covered ice (Kd) (mm °C™"
d™), and the surface routing coefficient (Kx).

Month Ks | Kb | Kd | Kx
Jan 2 75 |22 |0.82
Feb 2 6.6 |18 | 091
Mar 2 6 15 | 084
Apr 2 6 15 | 0.88
May 39 | 6 15 | 097
Jun 2 6 1.5 | 0.95
Jul 2 6 15 | 081
Aug 55 19 3 0.91
Sep 21 19 3 0.83
Oct 29 |19 3 0.56
Nov 2 6 15 091
Dec 2 75 |22 |0.83

These contrasting seasonal responses are consistent with
expected canopy storage dynamics and reflect realistic hy-
drological behavior. The seasonal variability in intercep-
tion represents an effective storage response under prevail-
ing hydro-meteorological conditions rather than a change
in static canopy structure.

The optimized baseflow parameters remain within the pre-
defined physically plausible ranges (Fig 4). Table 6 shows
clear and physically consistent elevation-dependent pat-
terns across the basin of the learned baseflow parameters.
The deep percolation partitioning parameter (f_dp) in-
creases systematically from low-elevation foothills (0.29 +
0.35) to high mountain regions (0.98 + 0.08), indicating an
increasing contribution of deep subsurface flow with ele-
vation, likely associated with steeper terrain, thinner soils,
and enhanced vertical drainage pathways. Correspond-
ingly, the deep aquifer recession constant (o._dp) decreases
with elevation, suggesting progressively longer groundwa-
ter residence times and delayed baseflow response in high-
elevation zones. The deep percolation delay (6_dp) shows
a monotonic increase from lowlands to high mountains,
consistent with increasing subsurface flow path lengths and
storage depth at higher elevations.

Shallow aquifer parameters display comparatively weaker
elevation sensitivity. The shallow recession constant
(a_sh) remains low across most elevation bands, reflecting
generally slow shallow groundwater drainage, while the
shallow percolation delay (5_sh) is relatively stable (~25

days) in mid-elevation zones and slightly reduced at both
low and high elevations, indicating limited topographic
control on shallow storage timescales.

In contrast, all baseflow parameters in the highest elevation
band (6300-7424 m) converge toward the midpoint of their
predefined physical ranges with negligible spatial variabil-
ity. This limited variability reflects the dominance of snow
and ice melt processes in these regions, where degree-day
melt parameters primarily control runoff generation,
thereby reducing the sensitivity of outlet discharge to sub-
surface flow parameters and limiting their identifiability
through discharge-based calibration.

Within each elevation band, the mean value of both shal-
low and deep subsurface parameters exhibit systematic
variation across land use and land cover (LULC) classes.
The parameter o._sh consistently attains its lowest values in
vegetated classes (forest, agriculture, and grassland),
whereas bareland, waterbodies, and built-up areas exhibit
markedly higher values. In high-elevation zones, glacier-
related land uses (debris-covered and clean glaciers) show
substantially elevated o_sh, approaching upper-bound val-
ues, suggesting a rapid shallow flow response in cry-
ospheric terrains.

Across elevation bands, &_sh is consistently highest in
bareland, followed by forest, agriculture, and grassland,
while waterbodies and built-up areas show systematically
lower values. At higher elevations, glacier-covered classes
(debris-covered and clean glaciers) exhibit the lowest and
nearly constant §_sh values (~20-21), and overall land-use
contrasts diminish, indicating reduced sensitivity of 3_sh
to surface characteristics in cryospheric zones.

The parameter 5_dp shows lowest values in vegetated clas-
ses (forest and agriculture), with progressively higher val-
ues in grassland and bareland. Waterbodies and built-up ar-
eas consistently exhibit high 5_dp. At higher elevations,
glacier-influenced classes (debris-covered and clean glaci-
ers) display among the highest 5_dp values, comparable to
or exceeding those of non-vegetated surfaces.

The parameter o_dp attains its highest values in forest and
agricultural areas, with intermediate values in grassland
and bareland, while waterbodies and built-up areas consist-



ently show low values. At higher elevations, glacier-influ-
enced classes (debris-covered and clean glaciers) display
minimal o,_dp.
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Figure 5. Evolution of the mean squared error (MSE) dur-
ing parameter training, indicating stable convergence of the
optimization process.

The parameter B dp exhibits lowest values in forest and
agricultural areas at lower elevations, with intermediate to
high values in grassland and bareland. Waterbodies and
built-up areas consistently exhibit high §_dp, and at higher

elevations, glacier-influenced classes (debris-covered and
clean glaciers) display the highest values, often exceeding
those of non-vegetated surfaces. Overall, comparison
across parameters indicates that p_dp and o._sh are the most
sensitive to LULC, followed by 8 dp and 8 _sh, while a_dp
shows comparatively weaker but consistent dependence.
The complete set of parameter values supporting these
findings is provided in the supplementary material (Table
S1). The gradient-based optimization exhibited stable con-
vergence behavior across training epochs, characterized by
a smooth and monotonic reduction in the loss function with
no evidence of oscillatory or divergent updates (Fig. 5). Pa-
rameter trajectories remained within predefined physical
bounds throughout training, indicating that the reparame-
terization strategy effectively constrained the optimization
while preserving gradient flow. Convergence was achieved
without manual tuning or restart, highlighting the robust-
ness of the optimization procedure.

Despite its end-to-end differentiable formulation, the pro-
posed framework remained computationally tractable for
basin-scale application, converging within 36 epochs (= 12
hours of wall-clock time on a personal laptop using a 4 GB
RAM CPU and using a learning rate of 0.01).

Table 4. Monthly surface runoff parameter by land-use classes. Values are constrained within the physically defined, class-

specific ranges used during model training.

Land-use class Jan Feb | Mar | Apr | May | Jun Jul Aug | Sep Oct | Nov | Dec
Forest 02 | 02 | 02 |024] 02 | 07 | 07 | 07 | 07 | 07 | 02 | 02
Agriculture 04 | 08 | 04 | 04 | 04 | 08 | 08 | 08 | 08 | 08 | 04 | 04
Grassland 05 | 05 | 05 | 05 | 05 | 07 | 05 | 08 | 08 | 076 | 05 | 05
Bareland 03 | 07 | 03 | 032 ] 03 | 03 |031 | 07 | 07 | 07 | 03 | 03
Waterbodies 09 | 099 | 09 | 09 | 09 | 099 | 099 | 099 | 0.99 | 0.99 | 0.90 | 0.90
Builtup areas 09 | 099 | 0.90 | 0.90 | 0.90 | 0.99 | 0.99 | 0.99 | 0.99 | 0.99 | 0.90 | 0.90
Debg;;'c‘;g‘r’:red 098 | 096 | 095 | 0.95 | 095 | 0.95 | 0.96 | 0.99 | 0.99 | 099 | 0.95 | 0.98
Clean glaciers | 0.98 | 0.96 | 0.95 | 0.95 | 0.95 | 095 | 0.97 | 0.99 | 099 | 0.99 | 0.95 | 0.98

The model formulation is inherently GPU-compatible, and
substantially reduced training times are expected under
GPU acceleration, while enabling fully automated spatial
parameter learning without manual intervention. A higher
learning rate of 0.1 substantially reduced training time and
the number of epochs required for convergence, with only
minor non-monotonic variations near the final stages.

Despite the high dimensionality of the parameter space, the
learned parameters exhibit structured spatial and seasonal
patterns rather than arbitrary compensation, suggesting
partial mitigation of equifinality through joint optimization
of all processes. Nevertheless, reduced parameter variabil-
ity and convergence toward mid-range values in the highest
elevation band indicate limited identifiability of subsurface
parameters in cryosphere-dominated regions,



Table 5. Monthly trained interception parameters (mm/day) for different land-use classes. Values are constrained within the
physically defined, class-specific ranges used during model training.

Land-use class | Jan Feb Mar | Apr | May | Jun Jul Aug Sep Oct Nov Dec
Forest 560 | 569 | 568 | 566 | 569 | 486 | 565 | 1.2 12 | 121 | 569 | 5.69
Agriculture | 229 | 06 | 229 | 229 | 229 | 064 | 224 | 06 | 06 06 | 229 | 2.29
Grassland 119 | 119 | 129 | 119 | 119 | 119 | 119 | 03 | 03 03 | 119 | 1.19
Bareland 00 | 00 [ 00 [ 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00
Waterbodies | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00
Builtupareas | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00 | 00
Debris-cov- | 55 | 042 | 048 | 049 | 050 | 050 | 050 | 00 | 00 | 00 | 036 | 025
ered glaciers
Clean glaciers | 025 | 037 | 041 | 049 | 050 | 050 | 049 | 00 | 00 | 00 | 031 | 025

where discharge sensitivity is governed primarily by melt
processes. Together, these results demonstrate that physi-
cally constrained, gradient-based calibration can simulta-
neously improve predictive skill and yield interpretable pa-
rameter fields in complex glacio-hydrological systems.

a) Seepage to
deep aquifer
(Bdp, -)

[ ]
10.4 293
(8sh, days)
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deep aquifer o

(&dp, days) (ash, -)
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Figure 4. Spatial distribution of calibrated baseflow param-
eters (B_dp, a_sh, & sh, o_dp, 6 _dp) and the digital eleva-
tion model (DEM) across the study basin.

Effectiveness of Differentiable Routing
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The effectiveness of the proposed gradient-based calibra-
tion framework critically depends on the use of a fully dif-
ferentiable and strictly mass-conserving routing scheme.
By enabling gradient propagation through upstream—
downstream flow accumulation over the D8 flow network,
the routing formulation allows hydrological parameters
across the basin to be optimized directly with respect to
outlet discharge. The smooth and monotonic reduction of
the loss function during training, together with the absence
of oscillatory or divergent updates, indicates that routing-
related gradients remained numerically stable throughout
optimization.

The mass-conserving nature of the routing scheme ensures
that gradient propagation does not introduce artificial gains
or losses of water, preserving physical consistency during
parameter learning. This is reflected in the physically co-
herent spatial and seasonal patterns of the optimized pa-
rameters and in the improved validation performance rela-
tive to manual calibration. In contrast to conventional hy-
drological workflows where routing is fixed and non-dif-
ferentiable, the proposed formulation enables runoff gen-
eration, subsurface flow, and streamflow routing to be op-
timized jointly in a unified end-to-end framework. These
results confirm that differentiable routing is not merely
computationally feasible, but essential for achieving ro-
bust, interpretable, and generalizable calibration in distrib-
uted glacio-hydrological models.

Future Extensions and Limitations

While the current framework demonstrates robust perfor-
mance using outlet-based calibration, its flexibility allows



Table 6. Mean and standard deviation of calibrated baseflow parameters across elevation bands in the Bheri Basin.

Elevation Description/ | p_dp (Mean | o_sh (Mean | é_sh (Mean | o_dp (Mean | é_dp (Mean

Band (m) Zone +SD) +SD) *= SD) + SD) + SD)

268 — 1500 Lowlands / 0.285+0.346 | 0.029 +0.059 | 19.798 +6.87 | 0.763 £ 0.104 | 77.119 + 30.8
Foothills 5 27

1500 —2700 | Mid-eleva- 0.664 £ 0.350 | 0.021 +0.036 | 25.056 +3.04 | 0.696 + 0.215 | 110.264 + 61.
tion Hills 2 070

2700 -3900 | Lower Moun- | 0.769 £ 0.313 | 0.017 £ 0.019 | 25.184 +0.79 | 0.673 £ 0.164 | 132.520 * 44.
tain 6 075

3900-5100 | Mid-Moun- 0.927 +0.168 | 0.028 +0.022 | 25.166 + 0.98 | 0.511 + 0.307 | 162.639 * 65.
tain 2 386

5100-6300 | High Moun- | 0.978 £0.083 | 0.143 £0.169 | 22.180 +1.39 | 0.037 £ 0.112 | 210.387 + 18.
tain 1 654

6300 — 7424 | High Himala- | 0.500 + 0.000 | 0.500 + 0.000 | 20.000 + 0.00 | 0.500 + 0.000 | 155.000+ 0.0
yan Peaks 0 00

extension to multi-gauge or spatially distributed calibra-
tion. In principle, additional gauge records can be incorpo-
rated into the pseudo-observed discharge field (Q_pseudo)
by applying the same flow accumulation—based weighting
approach, enabling simultaneous optimization against mul-
tiple spatial observations. Future work could explore multi-
objective loss formulations that balance performance
across gauges, further improving the spatial realism of pa-
rameter fields and streamflow predictions.

Conclusion

This study presents an end-to-end differentiable, gradient-
based auto-calibration framework for a distributed glacio-
hydrological model (PyGDM) in a Himalayan glacier-fed
basin. By leveraging TensorFlow’s automatic differentia-
tion and an XLA-optimized routing scheme, the framework
enables fully automated calibration of spatially and tempo-
rally varying parameters directly from discharge, substan-
tially reducing human effort and computational cost com-
pared to traditional trial-and-error approaches.

The proposed method consistently outperformed manual
calibration, achieving higher predictive skill during cali-
bration (NSE = 0.85; VD = -6.56) and validation (NSE
=0.86; VD = —0.06), while maintaining physically inter-
pretable parameter fields. Spatial and seasonal patterns of
snowmelt, ice melt, surface runoff, and baseflow parame-
ters captured realistic hydrological and cryospheric dynam-
ics across land-use, elevation, and glacier classes. The
smooth, monotonic convergence of the loss function
demonstrated the robustness of gradient propagation
through a fully differentiable, mass-conserving routing
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process, ensuring stable and physically consistent optimi-
zation. These results highlight that gradient-based, end-to-
end differentiable calibration can simultaneously improve
predictive accuracy and parameter interpretability, over-
coming limitations of stochastic, heuristic, or lumped auto-
calibration approaches.

Future work should explore multi-gauge calibration, multi-
objective loss functions, GPU-accelerated training, and in-
tegration with climate or land-use change scenarios to ex-
tend applicability to larger basins and diverse hydrocli-
matic conditions. This framework provides a scalable,
physically consistent, and computationally efficient ap-
proach for high-resolution hydrological modeling in data-
limited mountainous regions, offering a robust tool for wa-
ter resource assessment, hazard prediction, and climate im-
pact studies in the Himalaya and comparable glacier-fed
systems worldwide.

Code Availability

The source code for the differentiable PyGDM auto-cali-
bration framework is publicly available at:
https://github.com/DineshJoshi2
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