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Abstract

Accurate mapping of Inland Excess Water (IEW), en-
compassing waterlogging and water retention areas, is es-
sential for advancing sustainable land management and
large-scale water conservation efforts. Existing remote
sensing methods often focus on Binary water-nonwater seg-
mentations, struggle in wet-dry transitional zones, and face
challenges from cloud-related data gaps. To address these
limitations, we propose a novel approach that combines
what we refer to as SplitClass segmentation with a tempo-
ral Gap-Filling framework. SplitClass segmentation is an
adaptive approach that assigns either a single class or a
pair of top-2 class labels to each pixel, depending on pre-
diction confidence. Meanwhile, the framework fuses tem-
poral optical (Sentinel-2) and radar (Sentinel-1) data, en-
suring improved temporal consistency and mitigating cloud
occlusions. To support this research, we present IEW-
Seg, a new dataset comprising fine-grained waterlogging
classes, multi-source satellite inputs, and field-validated
ground truth. Quantitative evaluation demonstrates that
our method significantly enhances IEW detection accu-
racy. The official website and more detailed information
are available https://waterdetection.github.
io/water _detection/

1. Introduction

Climate change-induced intensification of extreme weather
events presents two primary hydrological challenges: in-
creased waterlogging, which affects soil health, crop pro-
ductivity, and infrastructure stability [31, 47]; and a de-
cline in landscape water storage capacity, exacerbating wa-
ter scarcity and impacting both agricultural and natural wet-
land ecosystems. To address these issues, precise spatial
delineation of waterlogged areas offers dual benefits: mit-
igating the impacts of waterlogging while promoting sus-
tainable land management [23, 49]. Additionally, it enables
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Figure 1. Overview of the [IEW-Seg dataset: input channels, inland
excess water (IEW) map with class IDs and colors.

the identification of natural water retention zones, which are
crucial for large-scale conservation and climate adaptation.
Incorporating historical water retention patterns into land
management strategies enhances sustainability and aligns
with EU frameworks for climate resilience and water re-
source governance [12, 56, 57].

Remote sensing (RS) technologies, including Artificial
Intelligence (AI) powered optical and radar satellite im-
agery, have proven to be powerful tools for detecting water
bodies in diverse landscapes [21, 62]. While existing meth-
ods effectively map open water bodies [4, 26], they struggle
to accurately capture the varying degrees of water impact on
soil and vegetation—critical for understanding Inland Ex-
cess Water (IEW) dynamics [53], particularly in transitional
zones.

The 100-square-meter pixel size of optical satellite
data makes it challenging to capture subtle hydrological
changes. Gradual transitions from wet to dry conditions,
passing through various degrees of severity, are difficult to
map accurately. In addition, persistent cloud cover presents
a significant challenge, substantially limiting the availabil-
ity of high-resolution optical imagery. Although radar


https://waterdetection.github.io/water_detection/
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can partially overcome this bottleneck, C-band sensors like
Sentinel-1 remain ineffective in detecting the subtle varia-
tions in moisture content across soil and vegetation, limiting
its ability to provide a comprehensive assessment of IEW.

Traditional single-class segmentation methods are lim-
ited by their rigid classifications, which often fail to accu-
rately represent areas with mixed or ambiguous character-
istics. To address this limitation, we propose a dynamic
soft segmentation strategy, which we term SplitClass Seg-
mentation, offering a practical alternative to full soft-label
segmentation, designed to better represent ambiguous or
mixed-class regions in large-scale geospatial data. Instead
of assigning full probability distributions, our method as-
signs either a single class in confident areas or a combina-
tion of the top-2 most likely classes in uncertain regions.
These two-class assignments are treated as newly defined
composite classes — each representing a unique pairwise
combination of base classes — and are visually represented
in the segmentation map using blended colors, typically
created by mixing RGB values of the two original classes
in equal proportions. This approach provides a more in-
tuitive and user-friendly interpretation, especially in high-
resolution maps. We use a knowledge distillation frame-
work, where a student model learns from the soft outputs
of a teacher to estimate class probabilities. However, in-
stead of storing and visualizing full soft maps, SplitClass
Segmentation offers a scalable and interpretable compro-
mise by dynamically switching between single and dual-
class outputs based on prediction confidence.

Furthermore, we propose a temporal gap-filling ap-
proach that improves temporal consistency and integrates
cross-modal data. In this framework, gaps in Sentinel-2
(S2) data caused by cloud cover are filled using Sentinel-
1 (S1) radar-based water detection. Additionally, observa-
tions from cloud-free S2 images before and after the miss-
ing data period are leveraged to maintain consistency, en-
suring a more reliable and temporally stable representation
of waterlogging patterns.

To validate our approach, we introduce IEW-Seg a pub-
licly available dataset specifically designed for the detection
of IEW. This dataset integrates multi-source input data, in-
cluding S2 optical imagery and S1 radar data. [IEW-Seg pro-
vides a detailed segmentation map that categorizes distinct
classes: water bodies, vegetation affected by water, and
soil affected by varying degrees of waterlogging severity.
The dataset is derived from two national park lands, with
training and validation data temporally separated across the
2020-2024 period, ensuring its ability to generalize to un-
seen waterlogging conditions and capture their dynamic
evolution over time. The dataset provides field data col-
lected in 2024, where experts classified parts of the studied
lands on specific testing dates. These ground-truth observa-
tions were synchronized with remote sensing imagery to as-
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Figure 2. Overview of Output Segmentation Representations:
(a) single-class prediction, (b) soft label probabilities, and (c)
our SplitClass method blending two classes under low confidence
(threshold indicated by a dashed red line).

sess the accuracy of the proposed strategy, thereby demon-
strating its practical applicability.

Fig. 1 illustrates our dataset samples, with labeled seg-
mentation classes and assigned IDs. While Fig. 2 illustrates
three different representations of the output segmentation:
(a) the single-class segmentation, where the teacher model
is trained to predict the most probable class; (b) the soft la-
bels, where we show the segmentation image by blending
class colors based on their respective probabilities. In most
cases, the dominant first class typically appears prominently
due to its high probabilities; and (c) SplitClass segmenta-
tion, where a single class is assigned when the model’s con-
fidence is high. When the prediction is uncertain, a blended
representation of two plausible classes, each contributing
equally, is used for visualization.

The key contributions of this work are as follows:
SplitClass segmentation for large-scale imagery: We pro-
pose a segmentation strategy using top-2 class predictions
in low-confidence areas to boost reliability on large-scale
satellite data.

Temporal gap-filling: We integrate the segmentation
strategy into a temporal gap-filling framework to address
missing optical data.

A Novel Dataset for Waterlogging Detection: We in-
troduce IEW-Seg, a specialized dataset that character-
izes waterlogged areas with fine-grained classes, enabling
more precise segmentation.

2. Related Work
2.1. Water Segmentation Datasets and Methods

The detection of surface water using remote sensing im-
agery has been extensively researched, leading to the de-
velopment of numerous datasets and methodologies. These
approaches primarily rely on data from S1 Synthetic Aper-
ture Radar (SAR), S2 optical imagery, or a fusion of both
modalities.

SAR imagery is particularly valuable due to its ability to
penetrate cloud cover and adverse weather conditions [42],
making it widely used in the literature for water body detec-
tion. Notable Senl1Floods11 [7] detects flooded open areas



at 11 flood events, MM-Flood [34] supports multi-modal
flood mapping. The UrbanSARFloods dataset [70] captures
18 global flood events, while UW-Bench [50] addresses
diverse urban flood scenarios. Additionally, RAPID-NRT
[63] enhances near-real-time flood detection by integrating
topography and historical water occurrence data. Optical
datasets based on S2 imagery have also been widely ex-
plored. SpaceNet 8 [20] offers high-resolution optical data
for identifying flooded buildings and roads. FloodNet [41]
provides airborne optical imagery tailored for urban flood
scenarios, while studies such as [13] focus on leak detec-
tion in urban areas. The GloLakes dataset [19] enables his-
torical and near-real-time monitoring of global lake water
storage. Recent datasets using both S1 and S2 imagery in-
clude OptiSAR-POM [29], which applies an object-based
method to detect small ponds, and S1S2-Water [60], offer-
ing reference data for surface water mapping.

Traditional water detection methods often rely on thresh-
olding applied to spectral indices such as the Normalized
Difference Water Index (NDWI) [15], Modified NDWI
(MNDWI) [1], Water in Wetlands Index (WIW) [25], Aug-
mented NDWI (ANDWI) [40], and Normalized Differ-
ence Photovoltaic Index (NDPI) [43]. However, these ap-
proaches are sensitive to environmental conditions, which
can result in inconsistent outputs. To enhance robustness,
probabilistic models like Fusion Markov Random Fields
(f-MRF) [48, 52] have been explored, incorporating spa-
tial and temporal dependencies. Yet, these methods require
manually defined energy functions and are computation-
ally intensive. With the rise of machine learning, classifiers
such as Support Vector Machines (SVM) [24] and Random
Forests (RF) [16] have been applied. Although these mod-
els generalize better, they still rely on handcrafted features
and often struggle in complex scenes. Recent advances in
deep learning have significantly improved surface water de-
tection and segmentation. A shallow Convolutional Neural
Network (CNN) architecture followed by fully connected
layers is utilized for binary lake classification [13], while
a VGG19-based fully convolutional network with transfer
learning is applied for similar tasks [61]. Several state-of-
the-art CNNs have also been evaluated for water segmenta-
tion tasks [70]. Other studies tackle data scarcity by using
proxy-based label collection methods [35].

Recent methods have demonstrated strong performance,
yet they often struggle to accurately segment transitional or
mixed-class pixels, an inherent challenge in remote sens-
ing caused by coarse spatial resolution. To address this,
soft segmentation approaches that produce class probabil-
ity distributions have gained popularity. Such methods have
shown promise in both medical imaging [30] and remote
sensing applications [55, 59]. These methods are consid-
ered fuzzy because they allow each pixel to belong partially
to multiple classes, making them useful for representing
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continuous landscapes where discrete class boundaries are
unclear [14]. Nevertheless, most existing works in water de-
tection remain focused on binary water classification (i.e.,
water vs. non-water) and are ill-suited for detecting IEW
or assessing the severity of waterlogging. To bridge this
gap, we introduce IEW-Seg, a novel dataset designed for
detailed classification of waterlogging severity over time,
along with a segmentation output representation that aligns
with its fine-grained labeling scheme. This representation
is well-suited for large-scale remote sensing imagery and
provides an effective means of capturing uncertainty and
gradual transitions in waterlogged areas.

2.2. Knowledge Distillation in Remote Sensing

Knowledge Distillation (KD) was originally proposed in
[18] as a technique for transferring knowledge from a large,
complex teacher model to a smaller, more efficient student
model. KD methods are commonly classified into three cat-
egories. Probability-based KD [18] transfers softened out-
put probabilities from the teacher to the student. Feature-
based KD [44] aligns intermediate feature representations.
Relation-based KD preserves structural relationships be-
tween data samples, such as pairwise similarities [39]. KD
has gained significant traction in remote sensing as an ef-
fective approach to compress models while preserving high
performance [17]. It has been successfully applied to var-
ious tasks, including scene classification [22] and change
detection [58], by combining prototypical contrastive learn-
ing with channel-spatial normalization. For semantic seg-
mentation, KD techniques employ graph attention guid-
ance [71] and cross-model distillation between CNN and
transformer-based architectures to leverage their comple-
mentary strengths [11]. Additionally, self-supervised KD
frameworks have been developed to address few-shot learn-
ing scenarios [68].

In the domain of water segmentation, KD has been effec-
tively employed to enhance both model accuracy and com-
putational efficiency. KD is leveraged to improve water seg-
mentation performance through a multimodal fusion frame-
work [66]. Similarly, KD is applied within a CNN-based
approach for sea ice segmentation [64]. While most KD
methods focus on improving student model efficiency and
real-time performance by imitating the teacher’s soft labels,
we explore an adaptation of the teacher-student framework
that leverages these soft labels to enable a SplitClass repre-
sentation. By capturing the top-2 predicted classes, this ap-
proach preserves richer decision information and enhances
robustness in complex remote sensing scenarios such as
mixed land-water areas.



3. IEW Monitoring Pipeline

3.1. Dataset Construction and Annotation

Effective water management is crucial in Hungary, where
over 70% of the country has experienced droughts in the
past decade, while up to 15% of arable land has periodic
flooding, and the areas affected by both phenomena over-
lap significantly [6]. This dual challenge is present in the
areas we specifically studied: the Heves Steppes (located in
the Biikk National Park, referred to as BNPI) and the sodic
lakes area in the Upper-Kiskunsag (located in the Kiskunsag
National Park, referred to as KNPI).

3.1.1. Dataset Composition and Experimental Design

The dataset comprises multi-temporal satellite imagery col-
lected from both S2 and S1 missions. From S2, we utilize
11 out of the 13 available spectral bands, excluding bands
B9 and B10 due to their limited relevance for our analysis.
S1 contributes Sigma nought (Sigma-0) backscatter coeffi-
cients (VV, VH, and their ratio), calculated using the Hun-
garian Earth Observation Information System [33]. These
radar-based measurements are particularly effective for dis-
tinguishing water surfaces from land [5] and have been
widely used in hydrological studies [3, 32]. Due to differ-
ences in revisit cycles, S1 and S2 images were not acquired
on the exact same dates; however, the temporal difference
typically did not exceed +2 days. For both studied regions,
the dataset includes multi-year, multi-season observations
covering consistent geographical areas, enabling the model
to capture diverse water conditions and seasonal variation.
The dataset is split into training and testing sets for model
evaluation. Training sets for BNPI and KNPI each include
7 samples. Testing sets consist of 4 samples for BNPI and
5 samples for KNPI, with ground truth data for quantita-
tive performance assessment. For the KNPI dataset, data
before 2023 was used for training, with subsequent samples
reserved for testing to ensure temporal separation. In con-
trast, for the BNPI dataset, the test set includes earlier dates
to assess the model’s generalization capability across dif-
ferent time periods (Acquisition dates and data details are
in the Supplementary Material).

3.1.2. Inland Excess Water (IEW) Map Generation

The generation of IEW ground truth maps (see Fig. 1) is
a critical step for developing supervised models and eval-
uating their performance. These maps offer a detailed
representation of waterlogging dynamics, enabling precise
segmentation. This process involved a multi-step, expert-
supervised process using an improved version of a previ-

ously developed methodology [36]:

e Initial IEW Map Creation: S2 Level-2A (L2A) im-
ages, which provide atmospherically corrected surface
reflectance (Bottom-of-Atmosphere, BOA), were ana-
lyzed. Visual interpretation and expert-defined, per-
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image thresholding were applied to Short Wave In-
frared band (SWIRI1) along with three spectral in-
dices: the Normalized Difference Vegetation Index
(NDVI) [46], and the Normalized Difference Moisture In-
dex (NDMI) [8], and a custom index defined as (SWIR1—
RED)/(SWIR1 + RED) applied operationally within the
Lechner Knowledge Center, SWIR1 and RED are sensi-
tive to soil moisture and useful for mapping bare soil wa-
ter status [65]. This step identified six thematic classes:
open water, soils with varying water impact (seriously,
moderately, and slightly), vegetation affected by water,
and unaffected areas.

* Masking Built-up and Forested Areas: Built-up and
forested areas were masked using the Hungarian high-
resolution land cover layer, further refining the initial
IEW maps.

* Cloud and Shadow Mapping: Clouds and shadows were
mapped using S2 scene classification maps, with manual
corrections applied to improve accuracy.

* Final IEW Map Integration: The cloud and shadow layers
were integrated into the refined maps, resulting in the final
IEW maps.

3.1.3. Field Data Collection

To validate the remote sensing-based IEW detection, we ex-
tended the testing dataset with field observations collected
throughout 2024. These observations span different sea-
sons and locations across the study areas, ensuring compre-
hensive coverage of diverse hydrological conditions. Field
data collection was conducted using the QField applica-
tion [38], where experts documented various parameters
for each sample point, including the date of collection, a
unique ID, GPS coordinates (x-coordinate, y-coordinate),
and the assigned class for IEW status. Additionally, wa-
ter depth, wet area, vegetation cover, and vegetation height
were measured to provide comprehensive on-site data. To
further enhance the dataset, a photo was taken at each sam-
ple point from a single direction, with the camera’s ori-
entation recorded. This directional information is critical
for aligning field observations with satellite imagery, as the
GPS coordinates and camera orientation are synchronized
with the satellite images to ensure accurate spatial match-
ing, enabling reliable comparison between ground-based
and satellite data.

For BNPI, data was collected over 9 days throughout the
year, resulting in 422 samples. For KNPI, data was col-
lected over 12 days, totaling 694 samples. Fig. 3 displays
the spatial distribution of samples in KNPI, with arrows in
different colors representing samples collected on the same
day. This visualization highlights the temporal and spa-
tial diversity of the field data, which is essential for robust
model evaluation.
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Figure 3. Field data For KNPI land, with each arrow color repre-
senting samples collected on the same day in 2024, the background
color highlights the land for clarity.

3.2. Proposed Method

The objective of the proposed method is to develop an au-
tomated, adaptive method for detecting and differentiat-
ing waterlogged soil and vegetation to support decision-
making. We propose a dual-model strategy to address the
challenges posed by varying cloud conditions in satellite
imagery. For cloud-free scenarios, we utilize S2 input data
based on a teacher-student framework, where the teacher
model is trained directly on the hard ground truth labels,
with the aim of producing soft, informative predictions that
capture richer inter-class relationships and underlying un-
certainties. Since manually generating such soft labels is
impractical, we use the teacher’s probabilistic outputs to
supervise the training of the student model (referred to as
S2_Model). This guidance enables the student to learn
more nuanced feature representations and enhances its gen-
eralization capabilities. We employ a self-distillation ap-
proach in which both the teacher and student models share
the same architecture.

Under cloudy conditions, we employ a radar-based
model Radar_Model trained on S1 channels to detect wa-
terlogged areas, leveraging radar’s ability to penetrate cloud
cover. During training, regions labeled as clouds or shad-
ows in the ground truth required special handling. These
labels were derived from optical S2 imagery, which can-
not observe surface conditions beneath cloud cover or shad-
ows—leaving the water status in such areas unknown. As
these regions lack reliable supervision, they were excluded
from the loss computation by preventing gradient backprop-
agation, effectively omitting them from the learning process
to avoid introducing uncertainty into the model. Further-
more, radar backscatter depends on surface properties such
as roughness and moisture, causing waterlogged soil and
vegetation to have similar values. To minimize the chance
of misclassification, a binary classification approach was
adopted, where all water-affected classes were consolidated
into a single *water’ class, simplifying the model to catego-
rize regions as either water or non-water.

Both models share an identical architecture, differing
only in the number of input channels, which are adjusted
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to match the specific input data. Each scenario introduces
distinct challenges, which are addressed through a combi-
nation of KD, SplitClass segmentation, and a temporal gap-
filling framework.

3.2.1. SplitClass Segmentation

In cloud-free regions, ambiguous situations often oc-
cur—particularly in areas with mixed land cover or where
transitions happen at the edges of water bodies. To address
such cases during inference, we propose a SplitClass seg-
mentation approach. In our method, if the model is con-
fident in its prediction, we present only the most probable
(Top-1) class for each pixel. However, when the probability
of the top predicted class falls below a predefined threshold,
we retain and present the two most probable classes (Top-
2) instead of forcing a single decision. This method is de-
signed to provide a clearer representation of uncertainty, es-
pecially in high-resolution remote sensing imagery, where
visualizing the top two classes can help end-users better in-
terpret transitional or ambiguous areas. Details of the im-
plementation are provided in Algorithm 1. This dual-class
assignment introduces a new composite class that repre-
sents the coexistence or ambiguity between two base cat-
egories. Importantly, the number of these additional com-
posite classes remains limited and computationally manage-
able: for n base classes, the number of possible Top-2 com-
binations is given by the binomial coefficient C'(n,2). In
our case, with 6 base classes (water-related classes), this
produces only 15 additional composite classes.

Algorithm 1 SplitClass Segmentation

1: for each pixel x; do

2 Ciop-1 < arg maxy, P(z;, Cy)

3 if P(x;, Ciop-1) > threshold then

4 Ti < Ctop—l

5 else

6: Cmp_z < arg MaXg£C,p. P(xi, Ck-)

7 x; < (Ciop-1, Crop-2) > Assign both classes
8 end if

9: end for

3.2.2. Temporal Gap-Filling Approach

During the testing phase, the S2_Model is initially applied
to predict water presence and severity in cloud-free obser-
vations while simultaneously identifying cloud-covered re-
gions. In the presence of clouds, the Radar_Model is used
to detect waterlogged areas, as optical imagery is unavail-
able. However, due to its binary nature, this model may lack
the granularity needed for reliable segmentation. To address
this limitation, we incorporate information from the previ-
ous and next cloud-free observations of the S2 Model to
support interpretation in the cloudy region. Specifically, if a
given area is classified as waterlogged in both the preceding



and subsequent cloud-free observations, it is inferred to be
waterlogged during the cloudy period as well. Furthermore,
to capture gradual changes in water severity, we apply an
adapted SplitClass segmentation strategy: the top predicted
class from the previous cloud-free observation and the top
predicted class from the next one are both assigned to the
corresponding pixel in the region under analysis. Details
are provided in Algorithm 2.

Algorithm 2 Temporal Gap-Filling approach

Require: s2_prev: Previous S2 result, s2_next: Next
S2 result, s2_day: S2 result of the studied day,
radar_mask: Radar water detection of the studied day.
“Water” refers to Open Surface Water (class 2).

1: mask < (s2_day = missing)
. s2_day[mask A (radar_mask = water)| < water
Update s2_day based on time series:

. if s2_prev = s2_next then

s2_day < s2_prev

. else if Either s2_prev or s2_next is missing then
s2_day < available scan

else
s2_day < (s2_prev, s2_next)

classes

: end if

. return s2_day

AN

> Assign both

4. Experiments and Results

4.1. Implementation details:

The imagery resolution varies across the studied areas, with
(5400 x 3600) pixels for BNPI, and (4800 x 2400) pixels
for KNPL. In the training setup, we used an image size of
64 x 64 pixels, with a batch size of 32, trained over 100
epochs, and a learning rate of 10~* to optimize the model’s
performance.The experiments were carried out on a per-
sonal computer featuring an AMD Ryzen 9 5900X 12-Core
Processor, 32 GB of RAM, and an NVIDIA GeForce RTX
3060 Ti GPU.

4.2. Evaluation of DNN-Based Models

The objective of this experiment is to identify the most
effective teacher model for training student models. To
this end, we performed our experiments within the frame-
work of top-1 class segmentation. We conducted a per-
formance analysis of state-of-the-art segmentation mod-
els U-Net [45], U-Net++ [72], FPN [27], PSPNet [69],
DeepLabv3 [10], MANet [2], Attention UNet [37], Resid-
ualAttentionUNet [37], TransUNet [9] and RUPNet [54].
Training was performed on S2 imagery using a combina-
tion of Weighted Focal Loss (WFL) [28] and Generalized
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Dice Loss (GDL) [51], where class weights were deter-
mined based on the frequency of each class in the training
data to address class imbalance.

The models’ performance was evaluated using key clas-
sification metrics as in [13]: Precision (Pr), Recall (Rc), and
F1 Score (F1), for the five key classes: open surface wa-
ter, soil (seriously, moderately, and slightly affected by wa-
terlogging), and vegetation affected by water. The results
presented in Tab. | show the performance of each model.
RUPNet [54] achieved the highest F1 score, demonstrat-
ing a strong balance between precision and recall across all
models. This highlights its capability to accurately segment
small to medium-sized regions, making it particularly well-
suited for remote sensing-based detection of waterlogged
areas. As aresult, we decided to proceed with this model in
the next experiments.

Model Pr (%)T Rc (%)t F1(%)1T
U-Net [45] 78.58 80.20 79.38
U-Net++ [72] 77.61 80.87 79.10
FPN [27] 73.31 72.55 72.93
PSPNet [69] 69.79 69.13 69.46
DeepLabv3+ [10] 72.29 73.72 73.00
MANet [2] 77.80 80.91 79.32
AttentionUNet [37] 78.40. 77.06 71.77
Residual AttentionUNet [37] 77.67 78.27 77.97
TransUNet [9] 75.89 77.86 76.86
RUPNet [54] 76.35 86.70 81.19

Table 1. Model Performance Comparison on the [IEW-Net Dataset:
Evaluation of DNNs for Water-Related Classes (Classes 2—6).

4.3. Evaluation of SplitClass Segmentation

RUPNet [54] was selected as the teacher model for knowl-
edge distillation. A student model with the same architec-
ture was trained using a combination of GDL loss, WFL
loss, and Kullback-Leibler (KL) divergence loss to align
the student’s output distribution with that of the pre-trained
teacher. After training, we applied the Splitclass segmenta-
tion as a post-processing step on the student model’s output.

Table 2 presents a quantitative evaluation of the teacher,
student as top class segmentation, as well as with the
proposed SplitClass approach for each class and overall,
weighted by the number of pixels per class, where a predic-
tion was considered a true positive if either of the SplitClass
predicted classes matched the ground truth. The results are
compared against standard (hard) segmentation on the test-
ing dataset using precision, recall, and F1-score.

The student model slightly outperforms the teacher.
This observation supports the idea that students trained
with distillation objectives can generalize better than their
teachers, as previously demonstrated in [67], where self-
distillation led to improved performance despite no archi-
tectural changes. Furthermore, applying SplitClass segmen-



tation to the student’s predictions further enhances the re-
sults. We present the results using a threshold of § = 0.98,
as this setting provides a balanced trade-off between im-
proving accuracy for underrepresented classes and the pro-
portion of pixels assigned dual-class (SplitClass) labeling.
Additional threshold analyses are provided in the supple-
mentary material. Under this threshold, SplitClass segmen-
tation affects a relatively small percentage of pixels overall
(6.33%), yet it yields improvements in F1-score for under-
represented classes (3—6), which are often difficult to distin-
guish due to overlapping spectral characteristics. These un-
derrepresented classes are often difficult to distinguish due
to overlapping spectral characteristics. A small fraction of
pixels (0.13%) involve the merging of opposite classes (wa-
ter bodies and unaffected areas), primarily in highly am-
biguous boundary regions. This minor mismatching reflects
inherent challenges in remote sensing and does not dimin-
ish the overall performance of the proposed method. A
more notable observation is the significant overlap between
the “vegetation affected by water” and “non-affected areas”
classes (2.33%). This can be attributed to the challenge of
accurately segmenting wet vegetation that is not fully sub-
merged, as it often shares visual characteristics with non-
waterlogged vegetation regions.

D Teacher Topl Student Top1l SplitClass 7 = 0.98

Prt Ret F11 Pr? Ret F11 Prt Ret FI17
2 098 099 098 098 099 099 099 1.00 @ 1.00
3 0.70 060 0.65 0.72 062 067 091 0.90 = 0.90
4 0.59 057 058 0.61 055 058 090 0.84 @ 0.87
5 053 076 063 057 0.67 0.62 091 090 0.90
6 056 084 0.67 076 0.77 077 093 094 094
7 099 097 098 099 098 099 1.00 1.00 = 1.00
All 098 096 097 098 097 098 099 0.99 = 0.99

Table 2. Performance Comparison of hard Segmentation for

Teacher and Student model, and SplitClass Segmentation for Wa-
terlogging Detection, by class. for the best, for the
second best.

4.4. Temporal Gap-Filling Analysis

To enhance IEW detection, we integrate S2 and S1. The
S2_Model processes cloud-free S2 data. In cloudy areas,
we employ the Radar_Model, incorporating temporal in-
formation from nearby cloud-free S2 observations to im-
prove reliability. This multimodal and temporal approach
is illustrated in Fig. 4. The figure shows: the first row
shows S2 (RGB channels) for three consecutive scans, the
second row shows S2_Model predictions with the associ-
ated colors defined in Fig. 1, highlighting cloud cover lim-
itations, the third row shows S1 input data for the stud-
ied day, the Radar Model result, and the final combined
output, demonstrating the integrating of Radar Model re-
sult and temporal coherence from S2_Model (High-res in

Suppl. Fig. S6). Open surface water areas, undetected by
radar alone, were identified using the proposed methodol-
ogy. This was possible due to the fact that they are water
bodies in both previous and subsequent non-cloudy scans,
even with varying intervals between scans. We observed
that the spatial extent of waterlogged areas changed only
slightly between the available scans before and after the
study day, while the severity of waterlogging varied. This
highlights the presence of mixed classes on that day. The
method aims to generate results for cloud-covered regions;
however, cloud cover prevents the reliable generation of
ground truth data for quantitative analysis. Therefore, we
rely on field data to evaluate the accuracy of the approach.

2881

S2 previous result

Final result

Radar results

Radar studied day

Figure 4. Multimodal and Temporal Analysis for Waterlogging
Detection: Sentinel-2 RGB Images (Row 1), Model Predictions
on S2 Data (Row 2), Radar Image, Radar Result, and Combined
Temporal 2 Class Predictions and Radar Result (Row 3).

4.5. Real-World Validation

The performance of the proposed methodology, enhanced
by Temporal Gap-Filling processing, is evaluated by com-
paring its results with field data collected by experts. Ta-
ble 3 presents the accuracy percentages of different pre-
diction approaches, including single-day model predictions
— where the S2_Model is applied on cloud-free days and
the Radar_Model is used in cloudy regions— and the re-
sults improved by Temporal Gap-Filling technology, for the
KNPI and BNPI datasets. Here, accuracy refers to the pro-
portion of correctly predicted field data points relative to the
total number of collected samples. Results are presented for
all samples excluding areas identified as “water under veg-
etation” and those smaller than 100 m2. This filtering re-
duced the BNPI sample size to 321 and the KNPI sample
size to 439.



Single-day predictions exhibited low accuracy, primarily
due to cloudy conditions during field data collection. Under
such conditions, predictions relied only on the binary wa-
ter classification Radar _Model results. Accuracy gains
are observed with Temporal Gap-Filling predictions, as in-
corporating past and future water status helps capture the
temporal dynamics of water-affected areas. This approach
enhances prediction quality and could be further improved
by integrating additional factors such as weather and rain-
fall data in future work.

Method BNPI (%) KNPI (%)
Single-Day 58.25 59.45
With Temporal Gap-Filling 72.27 69.24

Table 3. Accuracy comparison of various prediction methods
against field data and for KNPI and BNPI.

Fig. 5, first row, presents a side-by-side visualization: on
the left is the RGB image of the studied area, and on the
right is the corresponding model output (High-res in Suppl.
Fig. S7). In both images, arrows indicate sample locations,
each annotated with a unique ID and the expert-assigned
class from field visits. The background in the right image
is color-coded according to the model’s predicted classes,
following the color scheme and class IDs defined in Fig. 1.
The second row presents field photographs illustrating ac-
tual land conditions, each linked to its corresponding ID and
class. The results demonstrate that the method effectively
identifies open water bodies and captures transitions from
waterlogged to drier soil regions. However, some confu-
sion is observed in detecting class 6 (vegetation affected by
water), particularly when water is obscured beneath dense
vegetation, which remains a challenging case.

Background: Model Output; Arrows:
Expert GT Classes & Field Photo IDs

Input (RGB)

Soil seriously aff. ~ Open Surf. Water Not affected areas Vegetation affected
ID 2134, Class 3@ ID 2135,Class2 e ID 2136, Class 70 ID 2139, Class 6 0

Figure 5. Field photograph showing land conditions at BNPI on
March 10, 2024, with our model’s predictions displayed in the
background.
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4.6. Cross-site Evaluation and Generalization

To demonstrate the generalizability of our method beyond
the studied areas, we applied our pretrained model to a dis-
tinct and ecologically different site: the Doflana National
Park in Spain. This region has been analyzed using the
WIW methodology [25], providing a valuable reference for
comparative evaluation. Figure 6 illustrates the input data
presented in RGB color composite for the date of June 1st,
2019. The figure showcases the segmentation results pro-
duced by the WIW method, our model’s Top-1 class seg-
mentation, and the proposed SplitClass segmentation ap-
proach (High-res in Suppl. Fig. S8). Our results show
that the model generalizes well to new regions. In Dofiana,
rice fields were accurately detected as vegetation affected
by water, while parts were correctly classified as open wa-
ter. Notably, several areas identified by our method as vege-
tation affected by water were considered non-water regions
in the WIW results. The road between fields, barely visible
in WIW, was clearly segmented, with some sections plausi-
bly labeled as waterlogged soil.

Input (RGB) WIW [25] Ours Top 1 Ours SplitClass

Figure 6. Waterlogging Detection in Unseen Rice Field near
Doifiana, Spain (June 1, 2019): Comparison of WIW Method [25],
Ours Top-1 Prediction, and Ours SplitClass Segmentation.

Open Surf. Water o , Vegetation affected o , SplitClass Water&
Vegetation e

5. Conclusion

This study has addressed critical limitations in inland ex-
cess water (IEW) monitoring by introducing a novel multi-
source remote sensing data fusion approach. This method
effectively mitigates challenges such as low identification
accuracy in transitional zones and cloud-induced data gaps,
achieving significant improvements in waterlogging detec-
tion through the integration of SplitClass segmentation and
a Temporal Gap-filling framework. The efficacy of the
method was further supported by the creation and validation
of the IEW-Seg dataset. Quantitative evaluations, demon-
strating an increase in accuracy improvement, confirm the
efficacy of our approach. This study offers a robust and
scalable solution for IEW monitoring, supporting climate-
adaptive land management and sustainable water resource
planning.
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