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Accurate mapping of reservoir spread areas is essential for watershed management and sustainability. Synthetic
Aperture Radar (SAR) provides cloud-penetrating capability, and enabling a better and more stable temporal
resolution than optical systems. Nevertheless, existing SAR-based water extraction algorithms face critical lim-
itations from time-varying backscatter modulations, e.g., wind, vegetation, soil moisture, topography. Here, we
propose a new Bayesian segmentation method combining SAR and water occurrence data to explore reservoir
dynamics under different weather conditions. Several false alarm cases, such as mountain shadows, breezes,
moist soil, vegetation were corrected using probabilistic integration of complementary SAR and water occur-
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SAR
Water occurrence rence. The proposed method was applied and validated at four large reservoirs in Lesser Himalayan foothills
Sentinel-1 using more than 1000 acquisitions of Sentinel-1 data, optical imagery, in situ measurements, and comparisons of

existing methods. The results showed a 3-10% improvement in segmentation accuracy and a 6-18% increased
temporal density and uniform snapshots of inundation changes. We suggest that this weekly mapping of reservoir
dynamics is complementary to in situ gauges for multiple applications, especially in areas with persistent clouds,

Himalayan foothills

such as the Amazon and Southeast Asia.

1. Introduction

Over the past seven decades, reservoir numbers have surged from ~
5000 to ~ 60,000 (Hjorth and Bengtsson, 2012). This has profoundly
reshaped terrestrial water storage, creating a total capacity of
7000-10,000 kmg, which corresponds to 17% of global river runoff
(Boulange et al., 2021; Dong et al., 2022; Revilla-Romero et al., 2016).
Reservoirs are highly dynamic systems in which inter-annual and sea-
sonal variations are controlled by both human manipulation and climate
(Ahmad et al.,, 2014). Therefore, accurate mapping and detailed
knowledge of reservoir water-spread areas are critical for research and
practical application of water resource allocation, ecosystem and
climate change, and geological hazard mitigation (Shen and Zhang,
2016; Wheeler et al., 2020; Xie et al., 2022; Zhao et al., 2022).

Although inland water body mapping is a well-established applica-
tion in the remote sensing community, the trade-off between spatio-
temporal resolution and cloud coverage impedes the retrieval of dense
and fine reservoir dynamics (Klein et al., 2017; Zhang et al., 2017a).
Interpolation methods based on auxiliary data (e.g., topography) and
sequence inference (e.g., moving windows) are pathways that improve
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temporal resolution. To further reduce the uncertainty in sequence
interpolation/inference, medium-to-coarse optical data (e.g., MODIS at
250 m) with daily global coverage are widely used (Klein et al., 2017,
2021). However, their relatively coarse spatial resolution of hundreds of
meters limits application in small reservoirs and catchments. Another
option is to achieve a finer resolution and free-archived missions (e.g.,
Landsat series and Sentinel-2). Many products based on decision-tree
and thresholding methods can retrieve inland water bodies at 20-90
m resolution (Pekel et al., 2016; Yamazaki et al., 2015), fulfilling the
requirements of inland water mapping tasks (e.g., terrestrial water
budget analysis). Nevertheless, the degradation of temporal resolution
in the raw data handicaps inter-month monitoring because most reser-
voirs are situated in cloudy areas (Zhang et al., 2017b). Furthermore, the
temporal distribution of cloud-free images is unequal and controlled by
the regional climate. Even using composites from the 5-day revisiting
Sentinel-2 satellite (Yang et al., 2020), > 30 years of Landsat collection
(Pekel et al., 2016), or the daily PlanetScope satellites (Valman et al.,
2024), capturing cloud-free images to monitor weekly time series is
difficult (Donchyts et al., 2022), resulting in areas of “no data” in the
vicinity of reservoirs.
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To overcome the unfavorable atmospheric conditions affecting op-
tical sensors, weather-independent synthetic aperture radar (SAR) data
provides an effective tool for the extraction of floods (Panahi et al.,
2022), lakes (Dai et al., 2021), ponds (Perin et al., 2021), river (Yu et al.,
2022), and reservoirs (Vanthof and Kelly, 2019). Threshold-based
methods are popular in SAR water-extent detection (e.g., Dai et al.,
2021; Vanthof and Kelly, 2019) because of the distinct features of
specular reflectance on an open-water surface. Because amplitudes are
manifestations of different factors, various factors in the reservoir area
can affect the backscattering property (e.g., soil moisture, wind,
turbidity, and shadow) (Fig. 1) and result in false-alarm detection.
Therefore, local thresholding methods that use land-type as a prior in-
formation (Liang and Liu, 2020) or adaptative image block separation
(Tan et al., 2023) can achieve more accurate segmentation of bimodal
distributions. However, these approaches suffer from the potential
intersection errors when outputs of multiple-polarizations are involved.
Learning-based methods transferred from optical images, such as con-
volutional neural network (CNN)-based methods, often require SAR
benchmarks for model training and are challenged by the low-texture
information of the microwave spectrum (Shang et al., 2022) and com-
plex imaging conditions (Zhang et al., 2021). To address these chal-
lenges, efforts have paid to enhance the training datasets. For example,
the imbalance of labeling categories can be mitigated by introducing a
weighted focal loss function, which decreases invalid training caused by
the large number of background labels (Zhang et al., 2021). Another
enhancement involves expanding the volume of training samples by
generative adversarial network (GAN), such as pairing unlabeled SAR
images with the optical images via a cycle-consistent GAN (Li et al.,
2021; Saha et al., 2021). Modern transformer-based architecture
combine the CNN and the transformer encoder to create the semantic
relationship between the optical and SAR segmentations (Dong et al.,
2023), which obtains sharper and higher-resolution of water boundaries
using Sentinel-1. Statistics-based methods using contextual information
demonstrate the capability of SAR water segmentation, but unsuper-
vised segmentation typically rules out specific backscattering features
(D’Addabbo et al., 2016; Fjortoft et al., 2003; Goumehei et al., 2019).
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For example, a conditional probability density function with seasonal
backscattering variations is introduced in mapping the flooding water
extension. It considers the temporal change of flooding inundation, but
does not consider the roughness and soil moisture change in the reser-
voir area (Schlaffer et al., 2017). The Wishart distribution with Markov
Random Field (WMRF) can formulate the water and lands with different
back-scattering properties in semi-arid reservoirs. But it may fail to
correctly recognized bare soil due to the similar low back-scattering
feature (Goumehei et al., 2019). Similar empirical model using statis-
tical features measured by gamma functions are adopted to the large-
scale lake segmentation, but a distance-based correction is used to
suppress the false alarms from the land (Zhou et al., 2020). Therefore,
segmentation may be contaminated by similar lakeshore targets, and
additional post-processing steps, such as morphological operations,
clustering, and manual correction, are unavoidable to maintain the
spatial continuity. To further improve the near-lakeshore segmentation,
a Kolmogorov-Smirnov hypothesis test is applied based on the proba-
bility of false alarm, but the different polarization bands cannot be
involved simultaneously (Ferrentino et al., 2020). To sum up, the pri-
mary and recurring problems in the existing SAR-based methods for
reservoir water extraction lie in: 1) misclassification arises from over-
lapping backscatter distributions such as wind-roughened surface Bragg
scattering, riparian soil moisture dynamics, and topographic shadowing;
2) fragmented boundaries due to the noise and artifacts which require
adaptive post-processing such as filtering and morphological operations;
3) The training pipeline encounters inherent limitations due to the
scarcity of high-fidelity SAR-derived annotations specific to reservoir
environments.

To solve the existing limitations, this study proposes a Bayesian
optimization method based on a hidden Markov random field (HMRF)
for reservoir water-spread area segmentation. In contrast to existing
methods, the proposed method can integrate polarization information
(either single- or dual-polarization) and water occurrence, and can be
applied easily because of the accessibility of these two types of inputs. It
also does not need any training samples and post-processing steps to
delineate reservoir boundary through an iterative probability way of
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Fig. 1. Examples of wind-induced Bragg scattering and moist soil near the shoreline: (a) the calm water surface without Bragg scattering in S1 image; (b) the windy
water surface with Bragg scattering outlined by the red polygon in S1 image; (c) the comparison from S2 image; (d) the moister soil near the shoreline in S1 image; (e-
g) the enlarged view of comparisons from S2 image. S1: Sentinel-1, S2: Sentinel-2. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)
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estimation. We validated the proposed method in four reservoirs with
different hydrological and back scattering features in the Himalayan
foothills using Sentinel-1 (S1) data from 2015 to 2021. The results
showed good performance and were validated by two independent
measurements and existing methods. We also demonstrated the pro-
posed method can increase success rate for the reservoir mapping,
supporting a finer temporal resolution of one week.

2. Method

The proposed method aims to enhance the feature presentation of the
gray-level band and correct the false-alarm segmentation owing to water
variations near the shoreline. The workflow of the method contains
three modules (Fig. 2): 1) SAR data preprocessing; 2) Band combination;
3) Bayesian segmentation. To validate the accuracy of proposed method,
we manually delineated optical images (i.e., Landsat-8 and Sentinel-2)
with the same acquisition dates as the SAR data, and collected gauge
data from Central Water Commission (CWC) of India. (See section 3 and
Table S1 for a detailed data description and Section 4.3 for a detailed
comparison).

2.1. SAR preprocessing

We first collected S1 Ground Range Detected (GRD) data according
to boundaries from the Global Reservoir and Dam (GRanD) database
(Lehner et al., 2011). Segmented frames for the target reservoirs were
stitched to increase the number of available observations. We buffered
the region of interest by reservoir size to cover seasonal variations and
reduce the computational burden. We selected the polarizations as
vertical transmit-vertical receive (VV) and vertical transmit-horizontal
receive (VH) as it is the most common imaging mode in the modern
SAR mission such as Sentinel-1 and RadarSat-2. All available GRD scenes
were processed following standard steps and converted to decibels (dB),
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i.e., the sigma naught (¢°), using logarithmic scaling; these steps were
restituted orbit correction, border and thermal noise removal, radio-
metric calibration, and topography correction. We applied a refined Lee
sigma filter with a 3 x 3 window to suppress the speckle noise (Lee et al.,
2009).

2.2. Input band combination

We paired the SAR data with water occurrence data from the Euro-
pean Commission-Joint Research Centre (JRC). We adopted both JRC
monthly frequency data and historical frequency data (i.e., the proba-
bility of water occurrence), which count the surface water occurrence by
Landsat data from March 1984 to December 2021. Each S1 image was
resampled into a grid size of 30 x 30 m to match the monthly frequency
data or historical frequency data (used when monthly data were un-
available mainly due to the dense cloud coverage, e.g., the January and
December in the Pong reservoir).

Therefore, given Y = {y1,..., YN }o.nv3xy iS the observation set for N
pixels at a specific location y;, the input has four possible combinations
based on the SAR and water occurrence data:

{VV;, VH;, WM;}, dual — polar and monthly water occurence
{VV;, VH;, WH;}, dual — polar and historical water occurence
{VV;, WM;}, single — polar and monthly water occurence
{VV;, WH;}, single — polar and historical water occurence

Yi= @

where VV, VH, WM, and WH refer to the VV and VH polarization modes,
and the monthly and historical water occurrence data (e.g., JRC),
respectively.

2.3. Bayesian segmentation

We propose the application of the Bayesian estimator of the HMRF to
integrate SAR and water occurrence data, as these two types of
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Fig. 2. The schematic workflow for the proposed method: (a) SAR preprocessing; (b) Input band combinations for SAR and water occurrence data; (c) Iteration

procedure for the Bayesian segmentation.
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observations are independent and statistically similar to follow the
multivariate Gaussian distribution. The HMRF model considers statis-
tical characteristics in both the features (i.e., backscattering) and
physical space (i.e., spatial correlation) (Zhang et al., 2001).

Different from the existing probabilistic-based SAR backscatter sta-
tistics method (Goumehei et al., 2019; Schlaffer et al., 2017), the
observation matrix Y = {y1, ..., ¥n} 5, ny3.n cOntains both SAR and water
occurrence as represented by Eq. (1). X = {x1,...,Xn};, is the set of
labeled images, that is, the segmentation configuration (e.g., Fig. 3).
Using the maximum a posteriori probability (MAP) criterion under
Bayesian theory for the unsupervised classification, a target solution X, i.
e., an estimate of the true label x, is used to find the optimization as

X = argn}ggc{P(Y\X, ®)P(X)} (2)

where © = {6; € L} is the iterative parameter set of the segmentation.

Jan.

Feb.
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While the proposed method is unsupervised, for our binary segmenta-
tion task of land and water, we predefined the semantic labeling set as
L = {Lignd; Lwater } = {0, 1}.

According to the Hammersley-Clifford theorem, the prior proba-
bility P(X) is subject to the Gibbs distribution (Geman and Geman,
1984), and can be derived as

P(X) =~ exp( - U(X)) 3

where Z is a normalized constant equal to the summation of multipli-
cation of the energy function U(X), and U(X) = >" ., Vc(X) is determined
by potential V.(X) with a given clique ¢ in a four-connected neigh-
bouring pixel system. For the conditional independent pair (x;,y;), the
likelihood distribution P(Y|X, ®) can leverage both SAR backscattering
observations and water occurrence priors, as

Mar.

Has obs.: False

32.05

T

L)

31.90

32.05

31.90

32.05

Ll

31.90

32.05

T

31.90

L)

o

Has obs.: False

76.0 76.2 76.0

76.2 76.0 76.2

Fig. 3. Example of JRC monthly frequency data on the Pong reservoir. It shows a data vacancy in January and December, and the monthly data will be substituted by

historical data for the inputs as shown in Eq. (1).
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P(Y|X) = H POilx) 4)

Accordingly, the MAP estimation in (2) can be represented by energy
minimization as

X = argmin{U(Y|X, ®) + U(X)} ®)

where the likelihood energy U(Y|X, ®) to quantify the optimal water-
land classification is

= ZiUO'i\Xiﬁi)
= Z 'ux‘) + log(oy,)

U(Y|X, ©)
(6)

in which y and o are the mean and standard deviation for the labeled
pixels, respectively. Here, we use the expectation—maximization (EM)
method to iteratively estimate the parameter set ® (Zhang et al., 2001),
i.e., the maximization of the total posterior distribution. To obtain a
good initial inference, we first allocate the initial labels and estimate the
initial parameter set ®° according to the GRanD, i.e., the mean and
standard deviation for the in-polygon pixels. The E-step for the condition
expectation E( e ) at the t-th iteration is

E(©]6) =
=2 ex

We maximize the conditional expectation E(©|@") to obtain the next

iteration of the parameter estimate set ©*! in the M—step. The labeling
1

E[logP(X, Y|0©)|Y,0']

P(X]Y, ©)logP(X, Y|O) @

configuration is updated X;—x;"" until convergence of the energy
function (5) or predefined iteration number is achieved. Once the MAP
or expected solution is reached (e.g., the energy descent is less than 1%
for each iteration), the posterior distribution labels for all given pixels
are updated to obtain the optimized inundated segmentation.

2.4. Iterative process

In the proposed method, the numbers of iteration need to be deter-
mined to achieve a convergent solution, while balancing the trade-off
between the computation burden and optimization performance.
Using the total energy as an indicator (e.g., Fig. 4), we terminate the
iteration when the descent gradient AT less than 1% from the last round
of iteration,

AT = [U(Y X, @) + U(X™) ] — [U(Y'X, 0') + U(X")] )
in which t indicates the i-th iteration, and other notations are the same as
in Eq. (5). In practice, we set up the 20 iterations for the burn-in period
to remove the initial unstable solution and feature the model parame-
ters. We examine all 1430 observations, and 1407 (98.4%) images
converged in fewer than 100 iterations. The remaining 23 observations
(1.6%) met the threshold for energy gradient descent within 200 itera-
tions. In addition, comparing with the manually delineate boundaries,
the estimated total energy U(Y|X,®) +U(X) also indicates the achieve-
ment of convergence with an average difference of 1.3%.

This iterative segmentation process explicitly addresses the unfa-
vorable conditions under which the ideal bimodal backscattering dis-
tribution between water and land does not hold. First, wind-roughened
Bragg scattering primarily affects the co-polarized band and leads to
severe overlap between water and land backscattering distributions. For
example, the VV band exhibits two dominant peaks at approximately
—10.0 dB and —14.9 dB (Fig. 5a), where wind-enhanced backscattering
shifts part of the water pixels toward higher amplitudes, weakening the
separability of the water peak. In contrast, the VH band remains less
sensitive to wind-induced surface roughness and shows a stable and
dominant peak around —26.1 dB corresponding to open water (Fig. 5¢
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and d). By iteratively fusing dual-polarization information over 100 it-
erations, the VV-band water peak converges from the wind-
contaminated —10 dB toward —15.7 dB (Fig. 5b), while the segmenta-
tion in VH-band peak remains stable at —26.1 dB. This convergence
effectively suppresses wind-related misclassification raised from the VV
band.

Second, soil-moisture variability along lakeshore introduces an
additional backscattering mode that violates the ideal bimodal
assumption. In the VH band, moist soils near the lakeshore and river
outflow produce reduced backscattering, forming a third peak near
—23.2dB (Fig. 5¢), which partially overlaps with the water distribution.
To explicitly characterize this effect, we incorporated the Normalized
Multi-band Drought Index (NMDI) (Wang and Qu, 2007), which pro-
vides enhanced sensitivity to soil moisture variations compared with
SAR observations. The NMDI distributions (Fig. 5g and h) indicate
elevated moisture levels (0.58-0.65) along the lakeshore (Area h1) and
the outflow river corridor (Area h2). These areas are subsequently
excluded during iterative refinement because they exhibit low water-
occurrence probability and consistently high backscattering in the VV
band.

Third, speckle noise and SAR-specific artifacts typically require ad-
hoc filtering or morphological post-processing, which can fragment
water boundaries. In this study, such post-processing is largely avoided
by incorporating long-term water occurrence probability, as the spatial
smoothness prior, derived from the JRC dataset. As shown in Fig. 5e and
f, pixels with low water-occurrence probability (<95%) are sparsely and
uniformly distributed, enabling the iterative segmentation to naturally
suppress noise-induced false positives by the MRF spatial regularization
without introducing artificial boundary smoothing.

Overall, the proposed iterative segmentation framework resolves
wind-induced backscatter overlaps, soil-moisture-related ambiguity,
and speckle-driven fragmentation through physically informed multi-
source constraints rather than empirical thresholding or heavy post-
processing.

3. Study area and datasets

In this study, we used four reservoirs located in the Lesser Himalayan
foothills (Fig. 6) with different hydrological and topographical features
and complex SAR backscattering properties due to the significant sea-
sonal water variability for the demonstration, from west to east, they
are: (1) Mangla Reservoir lies between 33.22° N and 73.68° E in
Pakistan. It was created by one of world’s largest embankment dams,
built up in 1965. It across the Jhelum River and Poonch River that affect
both north Pakistan and Indus Basin (Adams and Ahmed, 1969). Inter-
mittently cultivated areas along reservoir shorelines during low-water
seasons exhibit variable soil moisture content, leading to the reduced
SAR backscattering and subsequent false positive water detection. (2)
Ranjit Sagar Reservoir situated in 32.46° N and 75.74° E in India. It built
up in 2001, and greatly contributes to the irrigation and hydroelectricity
for the Ravi River (Thakur et al., 2021). The dynamic water surface area
(40-80 km?) exposes mixed sediments and shoreline vegetation through
frequent water level fluctuations, introducing spectral complexity in
SAR imagery segmentation. (3) Pong Reservoir located at 32.00° N and
76.04° E on the Beas River in India. It was constructed in 1974 and also
serves for the irrigation and hydropower needs (Adeloye et al., 2016). In
this reservoir, wind-induced Bragg scattering during winter months
significantly alters SAR backscatter patterns from calm water surface.
(4) Bhakra Reservoir at 31.42° N and 76.46° E on Sutlej River, India. It
was built up in 1963 and serves as one of the highest gravity dams in the
world (Dau and Adeloye, 2021). Steep topographic gradients (slope
degree of 26-39° near the lakeshore) generate geometric shadows that
impede accurate water body delineation. Despite the features in SAR
backscattering, the hydrological properties of these four reservoir are
also closely related to the Indus River system and Himalayan fault sys-
tem (Gupta and Rajendran, 1986; Mukhopadhyay and Khan, 2014; Xie
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et al., 2021a). They are fed by major tributaries of the Indus River, and
in-between the Himalayan mountainous area and lower Indus Basin. The
river discharge is controlled by rainfall and snowmelt, and 50-80% of
annual rainfall is received during the Indian summer monsoon (June to
September) (Bookhagen and Burbank, 2010). Therefore, the minimum
and maximum capacities of these reservoirs are at the onset of the snow-
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melting season (e.g., March-April) and end of the monsoon season (e.g.,
September—October), respectively. However, the intra-month variations
of water-spread area, especially during the monsoon season, remain
unclear owing to dense clouds.

To better evaluate the natural (e.g., vegetations, soil moisture) and
anthropogenic variabilities (e.g., reservoir operations) in different
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Fig. 4. The process of iteration for water segmentation. (a-d) The examples of posterior probability estimates P(Y|X), the dashed red box indicates the geographical
region of enlarged view; (e) the enlarged view of posterior probability estimates; (f) The changes of total energy during the 1-150th iterations (the green dots indicate
every five steps); The total energy for the exemplified manual delineation boundary is 3.75 x 10%. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)



L. Xie et al.

Pixel distribution

Journal of Hydrology 674 (2026) 135498

Probability density function

80000 0.20 -
a) VV Band b) VV Band i3 9 10th
60000 [ 0.15F
2
[
3 40000 - w 0.10[
TJ o
X
& 20000 0.05F
N 0.00 =
0 1 1 1
-26.1
80000
60000 -
2
C
3 40000 w
E o
X
& 20000
0 -
Amplitude [dB] Amplitude [dB]
120000 -¢) JRC Band i f) JRC Band
100000 - Bor
5 50000} i
£ 80000 : 0.6
3 ; w
O 60000 | [a)
s 1| =oaf
Z 40000 3
20000} ’ QT
1 i
R PPV TR oY Y| 0ok | DTy T |
1 1 1 1 1 L 1 1 1 1 1 1
0 20 40 60 80 100 0 20 40 60 80 100
Probability [%] Probability [%]
150000 — - —
g) Soil moisture 25 I"h) Soil moisture i
125000 , 1 o
r=1ht 40 I
© 100000 r=—1h i
2 | w137 t
S 75000 NMDI & ——4 o g:
[ 03 09 10 g2 L
£ 50000 - R ig \
: . 1
25000 - moist soil f 5 { ; \
0.58-0.65—! 5 kmye S y
0kl T T £/ eI 1 Oy 1 I 1 | ]
00 02 04 06 08 1.0 00 02 04 06 08 1.0
NMDI [0-1] NMDI [0-1]
[— Original =—- 5th ——- 10th 20th 30th ——- 60th ——— 100th]

Fig. 5. Distributions of the iterative water segmentation process. (a-b) VV band; (c-d) VH band; (e-f) JRC; (g-h) NMDI. The solid blue curves represent the dis-
tributions of the original data, while the colored dashed curves indicate the pixels identified as water at different iteration steps. The black arrows indicate areas of
moist soil. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)



L. Xie et al.

340 F

32°

O Reservoirs
O Asc. tracks
[J Desc. tracks
O Major cities
— Rivers

30°

Journal of Hydrology 674 (2026) 135498

Fig. 6. Study area and data coverage. (a) Target reservoirs and Sentinel-1 footprints. The ascending and descending tracks are depicted in green and red rectangles,
respectively. (b—e) Enlarged views of the selected reservoirs. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)

seasons, we select all available Sentinel-1 images in five tracks during excluding contaminated scenes with radio frequency interference
2015-2021 in the study area. From west to east, the selected reservoirs (please note that several scenes cover multiple reservoirs, see Table S1
had 306, 334, 465, and 325 valid observations, respectively, after for the detail acquisition date). In the early stage of the S1 mission
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Fig. 7. The results of extracted water areas at low-water and high-water seasons in Mangla reservoir and Ranjit Sagar reservoir.
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(2015), S1A only provided single-polarization data (VV) with a revisit
period of 12-24 days. Starting in late 2016, most reservoirs were
imaged by at least two tracks in dual-polarization mode (VV and VH)
over 12 days by both S1A and S1B. In the Pong Reservoir, three over-
lapping orbital paths (i.e., T27, T34, and T136) improved the temporal
resolution to better than six days.

To validate our method, in the Mangla Reservoir, we manually
delineated the water area using optical imagery acquired on the same
date as the S1 collection. Forty-five images from Sentinel-2 and Landsat-
8 were selected for the quantitative evaluation (Table S1). For Ranjit
Sagar, Pong and Bhakra Reservoirs, we collected the in situ gauge
measurement from Central Water Commission of India, to conduct a
cross-validation between water spread area and water level.

4. Results and discussion
4.1. Extracted water areas
The proposed method was validated across four hydrologically

diverse reservoirs exhibiting distinct scattering regimes (Figs. 7 and 8).
At Mangla reservoir's seasonal drawdown phase (33.31° N, 73.69° E;
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dependent attenuation: VV (—16.1 + 1.7 dB) to VH (—26.3 + 2.2 dB),
contrasting with permanent water bodies (—28.1 £+ 1.5 dB in average).
The proposed method fused the multi-feature of VV, VH, and JRC,
achieving 71.9 km? water mapping, effectively decoupling soil moisture
variations from different sensitivities of soil moisture to polarizations
(Panahi et al., 2022). Second, at Ranjit Sagar reservoir, the proposed
method can capture dynamic water surface area fluctuations (e.g.,
43.4-78.3 km? in Fig. 7), under the condition of heterogeneously
distributed Bragg scattering area on water surface with changing
turbidity (Inserra et al., 2023). It demonstrates the optical-derived water
occurrence data, taking as an independent observation, provides wave-
invariant surface references. Similar, at Pong reservoir in which a
stronger windy regime covering 91% of water area (Fig. 8), the proposed
method successfully extracted the water area of 232.9 km? Semi-
permanent inundation zone exhibits decreased cross-polarized (VH)
scattering of —7.2 dB from emergent vegetation, while co-polarized (VV)
and optical data maintained stable signatures. Fourth, steep terrain
(slope > 35°) near Bhakra reservoir induces radar shadows, but multi-
feature fusion reduces terrain-related errors. As demonstrated, the
dual-polarization SAR and optical-derived water occurrence data en-
hances hydrological feature extraction through three synergistic mech-

Fig. 7), transitional agro-floodplain zone exhibits polarization- anisms: 1) VV-polarization demonstrates stability against volume
Optical background VV band VH band JRC data
Pong reservoir (20210410)
321} ’hg -
320F 2 -
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I ) ! 35 ,0
rvoir (20211007)
32.1
32.0
31.9 ~
1 -35 ,0 1 -35 ,0 0 100 |
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Fig. 8. Similar to Fig. 7 but for Pong reservoir and Bhakra reservoir.
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scattering perturbations from soil moisture dynamics and seasonally
inundated vegetative interference; 2) VH-polarization effectively sup-
presses Bragg scattering, and maintains stable aquatic signatures,
enabling robust water detection under wind-roughened surfaces; 3)
optical-based water occurrence maps provide speckle-free reference
surfaces, overcoming coherent noise limitations inherent to single-
polarization SAR data. Therefore, the proposed Bayesian probabilistic
method optimally weights these complementary features through vari-
ational inference with Markov Random Fields regularization, and iter-
atively minimizing the energy function for multi-source likelihood to
solve a continuity water-land boundary.

4.2. Extracted water time series

The estimated water time series indicates that the annual budget of
the reservoir water-spread area ranged from 388 km? in mid-March to
730 km? in mid-September (Fig. 9e). This pattern was consistent with
the upstream inflow charged by precipitation and meltwater. However,
the annual periodicities of these four reservoirs varied in both amplitude
and phase because of the water regulation strategy for irrigation and
electricity. The Mangla and Ranjit Sagar reservoirs reached full capacity
in August to mid-September. The Pong and Bhakra reservoirs were
typically filled between mid-September and early October. The water
levels decreased to a minimum in March-April, February-March,
June-July, and April-June for Mangla, Ranjit Sagar, Pong, and Bhakra,
respectively. In 2019, abnormal water variations may be attributed to

| (a) Water time series (Mangla)l
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the strong and delayed Indian summer monsoon (Xie et al., 2021); the
delay of the onset of the monsoon season to July gave rise to abnormal
low-water standing in the Mangla (140 kmz), Ranjit Sagar (60 kmz), and
Pong (186 krnz) reservoirs (Fig. 9). Successive intense rainfall events in
August exerted abrupt impoundments in August and early September (e.
g., Fig. 10d) at Mangla Reservoir).

4.3. Validations

We first validated our estimation using two independent measure-
ments, i.e., manual delineation and in situ gauges. In the Mangla
Reservoir, forty-five manual delineated water boundaries were selected
for our quantitative evaluation in Mangla Reservoir. The results were in
good agreement, with R? = 0.995 (Fig. 13a). The RMSE of water area
was 4.85 km?, accounting for 2.5% of the difference in gross areas
(Table 1). In addition, the dual-polarization can decrease ~ 2.1% of
difference of manual delineation contours comparing with single-
polarization inputs, especially for near-shore area as shown in Mangla
Reservoir (Fig. 11). Comparing the optical and SAR data, we found that
the moister soil near the shoreline, wind-induced Bragg scattering, and
mountain shadows could be corrected automatically (Fig. 10). However,
the proposed segmentation still exhibits underestimation, when
detecting narrow canals or thin stream branches (e.g., Fig. 11, under-
estimation by dual-band is 3.0 kmz, and VV band is 10.2 kmz). In these
cases, the underestimation occurs because the dominant backscatters at
the end tips of the stream channels may be the neighboring land, rather

’ (b) Water time series (Ranjit sagar) ‘
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Fig. 9. Water time series and validation. (a) Manual delineated area vs. estimated water area; (b-d) In situ water level vs. estimated water area; (e) Total water

area variations.
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Table 1

Performance comparison between different methods in Mangla Reservoir.

Methods RMSE (km?) Difference % Correlation R?
GMLC 11.92 6.1 0.932
RF + Wishart 11.24 5.8 0.941
Thresholding 24.92 12.8 0.835
Our Method (Single polar) 8.95 4.6 0.962
Our Method (Dual polar) 4.85 2.5 0.995

than the narrow open water (Fig. 11b and c). In addition to underesti-
mation, boundary overestimation may also occur in mixed shoreline
pixels, where spatial regularization and prior integration promote
boundary continuity (e.g., Fig. 11, overestimation by dual-band is 1.9
km?, and VV band is 1.4 km?). Boundary expansion or retreat responds
systematically to input ambiguities and reflects an intrinsic trade-off
between observation uncertainty and model regularization (see Sec-
tion 4.4.2).
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We further compared our method with other water classification
methods in the Mangla reservoir as: 1) statistical-based method using
Gaussian Maximum Likelihood Classification (GMLC) model; 2)
learning-based method using Random Forest (RF) model with Wishart
classifier and manual labels, in which we randomly selected 1000
samples of water and 1000 samples of land to estimate the cluster center;
3) threshold-based method by maximum between-class variance
following an additional 5 x 5 median filter. The results show that the
proposed method has a better RMSE of 4.85-8.95 km? comparing to the
existing threshold method (24.92 kmz), RF + Wishart method (11.24
km?), and GMLC method (11.92 km?). It achieves less than 5% differ-
ence with either single-polarization or dual-polarization. This
improvement of precision demonstrates that the proposed method
benefits from the contextual enhancement from water occurrence and
the Bayesian-based iterative model. In addition, conventional methods
exhibited temporal instability (> |3¢| variation across 10-image se-
quences, see statistic results in Section 4.4.1). In seasonal agricultural
zones (33.31° N, 73.69° E), threshold-based and GMLC outputs has false
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Fig. 11. Comparison of segmentation results between the inputs of polar-band and dual-band in Mangla Reservoir.

positives of 18.8 km? and 6.2 km?, respectively, attributed to ~ 10 dB
VH backscatter reduction from elevated soil moisture (Fig. 12b and d).
Conversely, Bragg scattering phenomena in open-water regions were
misclassified at areas of 70.5 km? and 30.4 km? using thresholding and
RF + Wishart methods, respectively (Fig. 12f and c). Topographic
shadows with local slope angle larger than 15 * induce false water-land
transitions in southwest of reservoir (33.23° N, 73.50° E), particularly
affecting GMLC outputs (Fig. 12h). Residual speckle noise generated
spatially clustered commission errors near the shorelines (Fig. 12g and
h), accounting for tens of square kilometers in the lakeshore.

We also used the daily in situ gauge from CWC of India, as an inde-
pendent validation data, at the other three reservoir sites to evaluate the
estimation performance. We conducted the correlation analysis between

the gauged water level and water areas estimated from proposed
method. The correlation coefficients R?> for Ranjit Sagar, Pong, and
Bhakra reservoirs are 0.98, 0.99, and 0.99, respectively (Fig. 13). We
also quantified the RMSE by applying local polynomial and linear re-
gressions from 1,000 bootstrap iterations. Similar to the results of
manual delineation, the RMSEs between the fitted water area from area-
level curve and the estimated water area accounts for the 3.9% of water
area in Ranjit Sagar, 4.5% in Pong, and 2.1% in Bhakra.

4.4. Discussion

4.4.1. Enhancement of the weekly monitoring
In this paper, we proposed a new Bayesian-based method that in-

RF+Wishart

G

736 736 73.8

Fig. 12. Comparison of segmentation results between different methods. First row: example of low-water standing period (20200430); second row: example of high-

water standing period (20171008). The polarization data can refer to the Fig. 7.
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corporates the water occurrence and dual-polarization SAR data. As
demonstrated in experiments, this method improves segmentation pre-
cision against the scattering change due to the wind and soil moisture,
and avoid post-processing steps in boundary delineation. Here, we
further discuss the effectiveness of proposed method in enhancing the
temporal resolution for the reservoir water spread monitoring. We
quantify: 1) publicly available datasets with high spatial resolutions
(Fig. 14): SAR (S1) vs. optical (Sentinel-2 and Landsat-8); 2) anomalies
were identified using the moving temporal window analysis (i.e., water
area variations > |3¢| in the temporal window with a step of 10 acqui-
sitions will be marked as the outliers).

For the Himalayan foothills, the S1 mission provides a revisit period
of 6-12 days in most basin areas. Landsat-8 has a temporal resolution of
16 days. Since late 2015, Sentinel-2 has provided a temporal resolution
of 5 days or better. However, the average number of cloud-free and
partially cloudy images over these four reservoirs was ~ 225 during
2015-2021, equivalent to ~ 11 days per acquisition. Sentinel-1 data
provide a denser coverage of ~ 7 days per acquisition. Despite the low
temporal resolution of optical images, as expected, the main limitation
of optical data is the lack of observations during the rainy season. During
the monsoon season, the average number of analysis-ready optical im-
ages for July, August, and September were 0.7, 0.8, and 1.9 per month,
respectively. Unfortunately, this means that the lowest monitoring fre-
quency corresponds to the period with most rapid reservoir expansion.
This challenge can be mitigated, to some extent, by using more optical
satellites. However, as the water gain of a reservoir is accompanied by
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heavy rainfall, clouds are unavoidable above the reservoirs during the
wet season (Gao, 2015; Shin et al., 2020). In contrast, radiation from a
microwave sensor can penetrate clouds and is effective under all
weather conditions. Despite several acquisitions being contaminated by
radio frequency interference, almost all acquisitions are analysis ready,
bringing routine and effective monitoring, with 4.1, 4.5, and 4.7 images
in July, August, and September, respectively.

Second, comparative analysis with conventional methods: 1)
Thresholding, 2) RF-Wishart, and 3) GMLC, revealed failure rates of
16.6% (238 cases), 7.6% (109 cases), and 6.1% (87 cases) respectively,
across the acquisition dataset (Fig. 14). As detailed in Section 4.3,
principal failure mechanisms included dynamic backscattering modu-
lations at water-land interfaces and persistent speckle noise residuals.
The proposed method demonstrated a 6.4%-18.0% improvement in
effective temporal resolution, achieving 7.3 days compared to conven-
tional approaches: 8.9 days (Thresholding), 7.9 days (RF-Wishart), and
7.8 days (GMLC).

4.4.2. Sensitivity of the water occurrence data

To quantify the sensitivity of proposed method towards input water
occurrence data, a synthetic water occurrence dataset with systematic
probability gradients (10%-90%) was generated from the original JRC
data (Fig. 15). Two 3.3 x 3.3 km lakeshore regions were selected for
experiments: 1) Transitional zone (Area 1): An agro-aquatic interface
exhibiting pronounced seasonal inundation patterns and dynamic soil
moisture variations (e.g., Fig. 15e and f, —16 dB to —26 dB from VV to
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VH band). 2) Open water (Area 2): An area mixed with permanent water
body and frequently exposed sediments, which is more likely to
encounter the Bragg scattering characteristics (e.g., VV-VH > 5 dB
during the high-wind condition). The results revealed < 5.5% and <
9.7% relative area deviations under 30% probability reduction/increase
scenarios respectively, demonstrating method robustness against input
inaccuracies of water occurrence (Fig. 15c and d). These discrepancies
are mainly raised from the limited separability between agricultural
(—26.3 £+ 1.2 dB) and aquatic (—28.1 + 0.8 dB) in VH polarization
(Fig. 15f). In other words, as Bayesian segmentation weights polariza-
tion signatures against water occurrence probabilities, it can achieve a
better performance with inter-class backscatter separability (Fig. 15g),
and vice versa. This demonstrates the method's tolerance threshold for
water occurrence inaccuracies (20-30%) while maintaining fidelity
across validation sites. However, when water occurrence errors exceed
40%, inherent Bayesian weighting limitations emerge as prior proba-
bility distributions become statistically dominant (Fig. 15h), necessi-
tating complementary uncertainty quantification measures.

In addition, the synthetic experiments reveal a systematic boundary
response to input data and model’s MRF-based spatial regularization.
Positive perturbations lead to boundary expansion in transitional
shoreline zones as mixed shoreline pixel, whereas negative perturba-
tions result in boundary retreat, particularly in regions dominated by
narrow tips. This behavior indicates that boundary overestimation and
underestimation are not random artifacts, but rather reflect how the
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Bayesian inference framework balances polarization-based likelihoods
against probabilistic priors during iterative MAP optimization.

4.4.3. Computational efficiency

For the potential large-scale application, we further tested the
computation burden of the proposed method. All algorithms were run on
the Intel Xeon (R) W-2255 @ 3.70 GHz with the input image size of 1087
x 1296 (Table 2). A total 200 images were tested to better evaluate the
variations of computational time. The result shows that the thresholding
method is fastest with its simple maximize of inter-class histogram
procedure for segmentation. The speeds for GMLC and RF + Wishart are
comparable, with each segmentation run taking mostly less than 10 s.
However, our method has drawbacks 5x-20x slower than other methods
because of: 1) the high-dimensional of input data; 2) 100-200 times of
iterations including the burn-in and estimation periods. Consequently, it
takes 30-80 s for each image depending on the numbers of polarization
that has been fed into the model.

4.4.4. Future perspectives

First, although the selected medium-to-large reservoirs (~50-150
km?) already exhibit diverse shoreline geometries, strong hydrological
variability, and challenging SAR scattering conditions, systematic
extension to small reservoir scales (<5 km?) remains an important next
step. In particular, low-albedo surfaces, vegetated water, and pro-
nounced shoreline fragmentation in small open reservoirs call for scale-
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Table 2

Computational speed for different methods.

Methods Image size Time of single run (s) Total time (s)
GMLC 6.2-8.5 1,642

RF + Wishart 1087 x 1296 x 1 4.5-6.4 1,102
Thresholding 1.5-2.2 344

Our Method (Single) 1087 x 1296 x 2 37.8-52.2 8,440
Our Method (Dual) 1087 x 1296 x 3 55.1-80.7 12,840

aware adaptations of the proposed framework, including higher-
resolution SAR data, enhanced polarimetric or texture-based features,
and adaptive spatial regularization strategies (Chen et al., 2024).
Second, this study focuses on ice-free reservoir conditions. Water
bodies affected by seasonal ice cover or freeze-thaw processes represent
a fundamentally different SAR scattering regime, where frozen surfaces
may exhibit stronger and fragmented back-scattering signals. The radi-
ative transfer model (Murfitt et al., 2023) which determines the ice-
water interface roughness, and multi-polarization index (Dai et al.,
2022) which increases the texture feature of the ice/snow target can be
integrated to the current Bayesian framework to improve adaptations.
Third, by improving the spatial resolution and robustness of reser-
voir boundary delineation to a weekly basis, this study provides a
practical pathway to reliably map reservoir in optical-denied environ-
ment, such as South Asia and other humid tropical regions. Furthermore,
it can combine with reconstructed global bathymetric or hypsometric
information (Huang et al., 2025) and gap-free precipitation fields (J.
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Wang et al., 2025) to support hydrological applications, including water
storage assessment, drought and flood monitoring, and model calibra-
tion in data-scarce regions.

5. Conclusion

In this study, we propose a Bayesian segmentation method to
delineate the water-spread area of reservoirs. Integrating SAR intensity
images and water occurrence data improves reservoir water monitoring
to one-week temporal resolution. Our experiments show good agree-
ment when compared with manual delineation (RMSE = 4.85km? and
R2 = 0.995), in situ measurements (RMSE = 1.27 —7.84km? and R?

0.98), and other three methods (RMSE = 11.24 —24.92km® and R? =
0.84 —0.94). The proposed method enhances temporal monitoring ca-
pacity by 6-18% and 34% compared to conventional SAR methods and
optical method, achieving a 7.3-day effective observation frequency. We
found that four large reservoirs in the Himalayan foothills modulate a
water expansion of ~ 342 km?. While these four reservoirs have similar
climates and are controlled by the Indian summer monsoon, the exact
phases and amplitudes of each reservoir are different. With an increased
number of available SAR missions in the near future, the wide and dense
coverage of SAR-based water monitoring can shed more lights on
reservoir dynamics on a weekly basis, especially in humid areas such as
southeast Asia and the Amazon.
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