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Highlights

What are the main findings?

* A novel hybrid network called HWBENet is introduced, and it is specifically designed
for water extraction in complex rural landscapes, achieving an excellent balance between
accuracy and efficiency.

* The CIMM and ERM modules are proposed to improve the network’s segmentation
accuracy of fragmented water bodies and water body boundaries.

What are the implications of the main findings?

* The introduction of HWBENet resolves the long-standing contradiction between accu-
racy and efficiency in the field of water body extraction from remote sensing images.

* As an efficient and accurate solution, HWBENet offers significant practical value for
large-scale water ripple mapping in complex rural landscapes, meaning it can provide
more reliable and timely water information for environmental monitoring.

Abstract

The accurate and timely extraction of water bodies from high-resolution remote sensing
imagery is vital for environmental monitoring, yet segmenting small, scattered, and irreg-
ularly shaped water bodies in complex rural landscapes remains a persistent challenge.
While state-of-the-art deep learning models have advanced segmentation accuracy, they
often achieve this at the cost of substantial computational overhead, limiting their practical
application for large-scale monitoring. To address this trade-off between precision and
efficiency, this paper introduces HWBENet, a novel hybrid network for water body extrac-
tion. HWBENet is built upon a lightweight MobileNetV3 encoder to ensure computational
efficiency while preserving strong feature extraction capabilities. Its core innovation lies
in two specifically designed modules. First, the Contextual Information Mining Module
(CIMM) is proposed to enhance the network’s ability to learn and fuse both global scene-
level context and fine-grained local details, which is crucial for identifying fragmented
water bodies. Second, an Edge Refinement Module (ERM) is integrated into the decoder,
which uniquely leverages transformer mechanisms to sharpen boundary details by effec-
tively fusing prior feature information with up-sampled features. Extensive experiments
on challenging rural water body datasets demonstrate that HWBENet strikes a superior
balance between accuracy and computational cost. The experimental results validate the
finding that HWBENet is an efficient, accurate, and scalable solution, offering significant
practical value for large-scale hydrological mapping in complex rural environments.
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1. Introduction

Water bodies play a critical role in ecological and hydrological balance, serving as
essential resources for agriculture, drinking water, and habitat maintenance [1]. The timely
and accurate segmentation of surface water in high-resolution imagery supports various
tasks, such as hydrological monitoring. Segmenting small and scattered water bodies in
rural areas remains challenging due to heterogeneous surroundings and complex land
cover types [2]. The spectral similarity between water and other land cover types, including
vegetation, impervious surfaces, and bare soil, poses a major challenge and highlights the
necessity of robust automated extraction methods.

Conventional approaches such as the index-based methods, the Normalized Difference
Water Index (NDWI) [3], and its variations, like the Modified NDWI (MNDWI) [4], rely
heavily on spectral differences between water and non-water features. While effective
in many cases, these approaches often struggle in scenarios with mixed pixels, shadows,
or similar spectral features, especially in rural landscapes. Recent developments in deep
learning, particularly convolutional neural networks (CNNs), have shown great promise in
improving segmentation accuracy by learning complex hierarchical features directly from
raw image input. Widely adopted models like FCN [5], UNet [6], and DeepLabV3+ [7]
have shown consistent segmentation accuracy across diverse applications. Transformer-
based segmentation architectures are increasingly adopted due to their ability to capture
long-distance dependencies and global scene semantics in visual data. Vision Transformer
(ViT) [8] and its derivatives, such as SegFormer [9] and Swin Transformer [10], have shown
remarkable improvements in semantic segmentation. Through self-attention mechanisms,
these architectures learn long-range feature dependencies, enabling them to model global
interactions across an entire scene. However, this global modeling capability comes at the
cost of quadratic computational complexity, posing challenges for high-resolution remote
sensing imagery. Seeking to overcome this limitation, recently proposed State Space Models
(SSMs) like Mamba [11] offer a promising alternative by capturing long-range dependencies
with linear complexity.

Despite this rapid architectural evolution, a critical challenge remains for segment-
ing water bodies in complex rural regions. First, existing general-purpose backbones,
from CNNSs to transformers and the latest SSMs, are not inherently optimized for the spe-
cific characteristics of rural water bodies, which are often small, scattered, and irregularly
shaped. Accurately segmenting them demands a model that can synergistically integrate
scene-level global contexts with fine-grained boundary details. Second, achieving this
precision often results in computationally intensive models, which may not be suitable for
large-scale or real-time applications. While emerging models like Mamba aim to improve
efficiency, a pressing need still exists for a lightweight and targeted solution that explicitly
balances precision with computational costs for this specific downstream task. This cre-
ates a clear demand for a solution designed to be both accurate and efficient in scenarios
involving large-area, high-resolution remote sensing images.

To address these two challenges, we propose HWBENet, a hybrid water body extrac-
tion network specifically designed for complex rural environments. HWBENet adopts a
lightweight MobileNetV3 [12] as the encoder, offering a balance between efficiency and
feature extraction capability while incorporating novel context mining and boundary re-
finement modules to capture both global information and fine-grained details. Unlike prior
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models that often trade efficiency for precision, HWBENet addresses rural water segmen-
tation by balancing accuracy and efficiency, delivering scalable results in high-resolution
imagery. The key contributions of this work are as follows:

(1) To improve the model’s ability to capture both global context and fine-grained
spatial details, a Contextual Information Mining Module (CIMM) is proposed. This module
enhances the network’s ability to learn and fuse both global and local information, which
is crucial for accurately segmenting fragmented and diverse rural water bodies.

(2) An Edge Refinement Module (ERM) is designed, and it leverages transformer
mechanisms to enhance edge detection. By fusing prior feature information with up-
sampled features, the network focuses on water boundaries, providing more accurate
segmentation of water bodies, especially in complex backgrounds and small regions.

(3) Through extensive experiments and rigorous statistical analysis, we demonstrate
that HWBENet achieves a favorable balance between segmentation accuracy and computa-
tional efficiency.

The structure of the paper is outlined as follows. Section 2 reviews related work
on water body extraction methods. Section 3 describes the architecture of the proposed
network in detail. Section 4 presents the datasets, implementation details, and evaluation
metrics used in our study. Section 5 reports the experimental results, along with a detailed
analysis, and Section 6 concludes the paper and outlines future research directions.

2. Related Work
2.1. Conventional Methods for Water Body Extraction

Water body extraction from remote sensing imagery has been an active area of research,
driven by the need for accurate and efficient segmentation techniques in environmental
monitoring. Traditional methods for water body extraction often involve thresholding
techniques or shallow classifiers applied to remote sensing imagery. Thresholding tech-
niques primarily utilize the distinct spectral characteristics of water bodies across various
spectral bands to develop models and water indices for extraction. One of the most widely
used indices is the Normalized Difference Water Index (NDWTI) [3], which enhances water
features by exploiting the reflectance differences in the green and near-infrared (NIR) bands.
The calculation method of NDW1I is described in Equation (1).

GREEN — NIR

NPWI= GREEN + NIR @
where GREEN represents the reflectance value in the green spectral band, and NIR de-
notes the reflectance value in the near-infrared spectral band. Inspired by the NDWI,
some researchers have proposed other types of index models such as [13,14]. Never-
theless, threshold-based segmentation methods are challenged by feature selection and
parameter settings, as they are sensitive to mixed water and background pixels, making it
difficult to determine an appropriate threshold for segmentation. particularly in complex
rural landscapes.

Shallow classifiers primarily integrate spectral, shape, structural, and textural features
from remote sensing images for water body extraction [15,16]. For example, Wu et al. [17]
proposed a water body extraction method based on support vector machines, which
employs a mathematical model designed to mitigate the impact of background noise by
analyzing its characteristics. Approaches based on shallow classifiers mainly stem from
traditional machine learning techniques, showing promise in specific scenarios. Yet, they
often demand intricate manual classifier designs, making them challenging to generalize
across diverse scenarios. Traditional methods predominantly leverage shallow features
such as color, shape, spectrum, and texture for water body extraction, thus limiting accuracy
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and adaptability to complex backgrounds and varied scales of water body distribution due
to the inability to harness deep features.

2.2. Deep Learning Methods for Water Body Extraction

In recent years, deep learning technology has significantly advanced, bringing new
opportunities for addressing the challenges of water body extraction in rural areas. The ap-
plication of deep learning to semantic segmentation tasks, particularly convolutional neural
networks (CNNs), has led to substantial progress in extracting water bodies from remote
sensing images. These advancements have shown promising results, although challenges
such as over-segmentation and the need for multi-scale contextual understanding remain.
Below, we review recent developments and notable methods used in deep learning-based
water body extraction.

The introduction of fully convolutional networks (FCNs) by Long et al. [5] marked
a significant breakthrough in pixel-level semantic segmentation, including water body
extraction. FCNs replaced fully connected layers with convolutional layers to enable end-
to-end processing, producing pixel-wise predictions essential for extracting water bodies
from remote sensing imagery. Building on this foundation, various CNN-based models,
such as Unet [6], have been widely adopted, leveraging hierarchical feature learning to
achieve accurate segmentation [18,19]. However, a key challenge that quickly emerged
was the need for a multi-scale contextual understanding. This is particularly critical for
remote sensing tasks like water body segmentation, where the model must simultaneously
perceive the scene at multiple scales: it needs a large receptive field to understand the
global context and maintain the continuity of large rivers or lakes while also needing
to process fine-grained, high-resolution details to accurately delineate the boundaries of
small, fragmented water bodies. To address this, seminal works introduced powerful
multi-scale feature extraction modules. For instance, PSPNet [20] proposed the Pyramid
Pooling Module to aggregate context from different regions, while the DeepLab series [7,21]
introduced Atrous Spatial Pyramid Pooling (ASPP) to capture multi-scale information using
parallel atrous convolutions. Inspired by these ideas, many subsequent water extraction
networks have incorporated similar multi-scale designs. For instance, Kang et al. [22]
introduced MSCEnet, which combines Res2Net [23] with dilated convolutions to extract
multi-scale global features. Luo et al. [24] employed the ASPP module to enhance multi-
scale information capture, while Nie et al. [25] proposed SE-BiSeNet to extract spatial
and contextual information in urban water extraction. These methods, while effective in
enhancing global feature representation, often struggle with precise boundary localization.

Attention mechanisms have been widely applied to refine boundary segmentation.
For example, Miao et al. [26] designed a boundary-weighted loss function to emphasize
edge features, and models like FWE-net [27] and MEC-net [28] applied channel attention to
focus on water body boundaries. While these methods improve segmentation accuracy,
challenges persist in adapting to the complex and fragmented nature of rural water bodies,
characterized by varying scales and diverse vegetation. The advent of transformer [29]
architectures has provided new opportunities to overcome these challenges. Transformers
excel in modeling long-range dependencies, making them highly effective for capturing
global contextual information. Dosovitskiy et al. [8] introduced the Vision Transformer
(ViT), demonstrating its ability to achieve remarkable results in image classification by
processing images as sequences of patches. Building on this, Chen et al. [30] proposed
Transunet, which integrates a transformer for feature encoding and a CNN for decoding,
achieving notable success in medical image segmentation. In remote sensing, transformer-
based approaches have shown promise [31,32]. For instance, Xu et al. [33] developed
an adaptive fusion module for a multi-scale feature integration, while Zhong et al. [34]
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proposed a multi-level transformer module to capture lake-boundary relationships effec-
tively. Qi et al. [35] ingeniously integrated the geodesic active contour model with the ViT
architecture to achieve a more precise extraction of lake water bodies.

2.3. Mamba for Remote Sensing

In image processing tasks, effectively capturing both global and local information
while reducing computational complexity has long been a critical research challenge.
With the advancement of deep learning technologies, Mamba [11], originally designed
based on the state space model (SSM) for natural language processing tasks, has emerged
as an effective approach to address this issue. Its introduction to image processing with
Vim [36] and VMamba [37] demonstrated remarkable performance, sparking widespread
interest in related fields. The Mamba mechanism has recently gained recognition as a
promising solution for enhancing efficiency and accuracy in semantic segmentation tasks,
particularly for handling high-dimensional and complex input data such as remote sensing
imagery. This section reviews the application and evolution of the Mamba mechanism in
semantic segmentation, with a special focus on its utility in remote sensing.

Rs-mamba [38] enhances the global connectivity of remote sensing images by in-
troducing a scanning mechanism that captures spatial features with large spatial scales
and multiple directions, particularly in ultra-high-resolution imagery. By incorporating
a selective state space mechanism, RS-Mamba effectively addresses the intricate details
of high-resolution satellite images. CM-Unet [39] integrates the Mamba mechanism into
a UNet architecture, utilizing selective state modeling to capture both contextual and
local information and resulting in superior performance in semantic segmentation tasks.
RS3Mamba [40] establishes a visual spatial state model that maintains linear computational
complexity while modeling long-range dependencies, enabling richer global information
acquisition in remote sensing image segmentation. ChangeMamba [41] extends the Mamba
mechanism by incorporating spatio-temporal state spaces, allowing the model to detect
subtle environmental changes over time and making it highly suitable for scenarios involv-
ing gradual environmental alterations. PyramidMamba [42] introduces a Mamba-based
decoder for the semantic segmentation of remote sensing images, addressing semantic
homogeneity issues in multi-scale feature fusion by employing a dense spatial pyramid
module and a pyramid fusion Mamba module.

Collectively, these adaptations demonstrate the versatility and scalability of the Mamba
mechanism across diverse domains and tasks, underscoring its effectiveness in improving
segmentation accuracy and efficiency, particularly in the context of complex and high-
resolution remote sensing data.

3. Methods

The architecture of our proposed water body extraction network is designed to balance
precision and efficiency in detecting water bodies from high-resolution remote sensing
images, particularly in rural regions. This network follows a typical encoder—decoder
architecture, in which the encoder, based on MobileNetV3, extracts multi-scale features
from the input images, and the decoder refines these features iteratively to output a pixel-
wise segmentation map. However, the network’s core innovations include two specialized
modules: the CIMM module and the ERM module, which together enhance the model’s
ability to segment water bodies with high precision while maintaining efficiency.

As shown in Figure 1, the structure of the proposed network is detailed. Mo-
bileNetV3 is utilized as the encoder to extract semantic features from the input images.
Let the input image be presented as X € RE*H*W where C denotes the number of
channels, H the height, and W the width of the image. After processing through dif-
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ferent stages of the encoder, we derive multi-level feature representations as follows:
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Figure 1. Overview of our proposed architecture. (a) Network structure. (b) CIMM. (c) ERM.

To strengthen the network’s ability to capture water body boundary features, the ERM
is introduced. As formulated in Equations (2) and (3), ERM integrates preceding features
with the current feature map, adaptively adjusting the weight assigned to edge features.
This adaptive weighting mechanism enables the network to focus more effectively on water
body boundaries, thereby improving segmentation accuracy along the edges.

Fusiony = ERM(Xcur, Respre) (2)

Xnext = Upsample(Fusiony) (3)

where Fusiony represents the feature map generated via ERM, X, represents the current
feature map, Resy refers to the feature map at the corresponding scale during downsam-
pling in the encoder, and X,.r; indicates the feature map after upsampling.

Before the network outputs the predicted image, a SegHeader module is utilized to
enhance the model’s accuracy. SegHeader employs a dynamic parameter strategy to assign
weights to pixels in the low-level feature maps, thereby facilitating the effective aggregation
of shallow semantic information. The algorithmic process of SegHeader is represented
in Algorithm 1. Finally, the aggregated low-level features are upsampled to generate the
network’s predictions.
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Algorithm 1: SegHeader process

Input: Ft, Figp /* Original and skip feature. */
Output: AggFeat /* Feature map after process. */
1 Init parameter tensors: A, B
2 for epoch in epochs do
3 Fteqr < Concat(Ft, Ftskl-p)
/* Concatenation for shallow aggregation. */
4 Ftipper +— A COﬂV(Ftcat) +B® Ftskip
/* Deeper aggregation by assigning weights. */
5 AggFeat < ResBlock(Ftjper)

/* Weights refinement. */

6 | Update A, B
7 end
8 return AggFeat

3.1. Mamba-Based Contextual Information Mining Module

To comprehensively capture contextual information within deep features, we de-
signed the CIMM module. Unlike models such as VMamba, which utilize Mamba as a
general-purpose backbone, the core innovation of CIMM lies in its factorized information
enhancement pipeline. This pipeline decomposes the complex task of contextual modeling
into two sequential, well-defined stages: first, inter-channel semantic relationship enhance-
ment, followed by inter-pixel spatial structure modeling. This design allows us to address
the semantic ambiguity and spatial complexity in water body segmentation in a highly
efficient and targeted manner.

The first stage aims to resolve the challenge of semantic ambiguity. In the deeper
layers of the network, each channel of the input feature map represents different high-level
semantic features. To distinguish between visually similar ground objects, such as water
bodies and shadows, the model must understand the complex dependencies between
these abstract feature channels. To this end, we first employ the Mamba-C module to
enhance inter-channel interactions. The second stage is designed to tackle the challenge of
spatial complexity, namely the precise segmentation of irregularly shaped and fragmented
water bodies. In this stage, we use the Mamba-P module to model the spatial structural
relationships between pixels. Figure 2 clearly illustrates the processing flow of Mamba-C
and Mamba-P, and the procedure of CIMM is illustrated in Figure 1b.

Forward

| Convld y

Forward
—>X Convld

Residual

(C,H,W)

|
|
|
|
|
|
THXW
|
|
|
|
|
|
|

}
Norm

' Mamba-P

Figure 2. Details about Mamba-C and Mamba-P. The residual of Mamba-P is an external input.
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Xseq = Flatten(Xfmal) (4)
fnamba = ‘T<MambaC<Xseq)) OX+X (5)
Xeomtext — Mambap{Cono(X,pa) Conv(Xseq) } (6)

In detail, CIMM begins by taking the final feature map from the encoder, denoted
as Xfina, and applying a Flatten operation to convert it into a sequence format, Xy, as
shown in Equation (4). After it is transformed into sequence data, a cascaded contextual
information extraction mechanism is applied. Initially, the channel dimension is treated as
the primary dimension, converting the sequence data into the form (C, HxW). The resulting
sequence is subsequently passed into Mamba-C to facilitate the fusion of inter-channel
information. As illustrated in Equation (5), to enhance feature integration, element-wise
multiplication and addition operations are employed. Element-wise multiplication applies
weights to corresponding feature information, thereby amplifying significant features.
The addition operation enhances the expression of the fused information while mitigating

the risk of gradient explosion.

¢
mamba

pixel-level information fusion would significantly increase computational complexity.

Given the excessive number of channels in X and Xfjy,, directly performing
Therefore, a Conv operation is applied to downsample these two feature maps along
the channel dimension before pixel fusion. In the Mamba-P process, the channel-fused
feature sequence is treated as the primary feature, while the original feature sequence

serves as a residual sequence, supplementing the primary sequence. Thus, as shown in

context
mamba

is obtained. Algorithm 2 illustrates the execution process of CIMM.

Equation (6), the feature X' containing both inter-channel and inter-pixel information,

Algorithm 2: Contextual information mining module
Input: X € RE*HXW
Output: Xcoprext € REHXW

1 Ty « Flatten(X)

/* Convert to sequence mode */
2 M, + Mamba.(Ty)
/* Applying Mamba in channel dimension */
3 X&, < 0(Rsp(M,)) © X+ X
/* Information fusion across channel */
4 Xsq, X5 ¢ Conv(X), Conv(Xg,)
/* Squeeze the number of channel */
5 Xcontext = Mambap(X¢,, Xsq)
/* Conduct Mamba-P operation */
6 return X o,text

It is important to note that the scanning mechanism in Mamba-C differs from that in
Mamba-P. In the channel fusion Mamba block, the forward-backward scanning mechanism,
originally employed in the VisionMamba network, is adopted to capture comprehensive
inter-channel information. However, in the pixel fusion Mamba block, the backward
scanning mechanism is replaced with the random scanning mechanism to enhance the
generalization capability of the network and accommodate the distribution characteristics
of pixels. We have also empirically validated the superiority of this hybrid scanning design
in our ablation study in Section 5.2.2.
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3.2. Edge Refinement Module

Boundary information plays a crucial role in image processing, particularly in tasks
related to water body analysis. It not only includes the noticeable visual differences be-
tween water bodies and surrounding land, such as color and texture transitions, but also
involves several intricate details, such as the precise shape of the boundary and the spatial
relationship with the surrounding environment. To address this, we designed the Edge
Refinement Module (ERM) to perform a sophisticated fusion and refinement of features
from the encoder and decoder paths. The design of ERM is motivated by the fundamental
limitations of existing attention-based fusion mechanisms. Existing approaches can be
broadly categorized as performing feature selection or re-weighting. For instance, mech-
anisms like channel and spatial attention learn to emphasize salient channels or spatial
regions based on feature statistics. However, these methods often overlook the complex
relationships between features, which are particularly important for accurately delineating
water body boundaries.

To address this challenge, ERM is designed to refine edge features by fusing down-
sampled features, which carry semantic information, with upsampled features, which
contain spatial details. The upsampled features generated via the decoder layer are en-
riched with spatial details, playing a crucial role in accurately delineating water boundaries.
As the upsampling process progresses, these features are progressively restored to the
resolution of the input image, clearly presenting the approximate contours and local de-
tails of the water boundaries. In contrast, the downsampled features extracted via the
encoder layer are focused on capturing the semantic information of the image, allowing
the relationships between water bodies and their surrounding environments to be under-
stood. Subsequently, connections between features at different positions are established
using the self-attention mechanism of the transformer, enabling the capture of long-range
dependencies among features.

The details of ERM are shown in Figure 1c. Initially, the upsampled feature map
(denoted as X;p) and the corresponding downsampled feature map (denoted as X,,) are
converted into vector forms through the Flatten operation. The Flatten operation is defined
in Equations (7) and (8). Subsequently, the resulting Vec,, and Vecg, are input into the
ComputeCorres (as shown in Algorithm 3) processor to compute the correlation coefficients
between features.

Within ComputeCorres, LayerNorm is applied to normalize the input distributions for
standardization. The features are then processed via the multi-head attention mechanism
(MHA), as defined in Equation (9).

Vecyy = F(Xup) (7)
Vecg, = F(Xan) 8)
XmuA = MHA(Vecyy,, Vecgy) &)

where F represents the Flatten operation, and MHA denotes the multi-head attention
mechanism. In MHA, the upsampled feature Vec,,, which contains abundant spatial
details, is utilized as the Query, as these details are critical for capturing subtle variations in
water body boundaries. Meanwhile, Vec,,, which contains high-level semantic information,
serves as the Key and Value to support the determination of boundary relationships
with the surrounding environment. To prevent gradient vanishing and accelerate model
convergence, residual connections and normalization operations are applied after the MHA.
Finally, the correlation coefficient Corres is computed as shown in Equation (10).

Corres = (Vecyp + Xpua) + MLP(Vecyp + Xmma) (10)
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After the computation of correlation coefficients between features is completed, the pri-
mary feature Vecy,, is multiplied element-wise by Corres to obtain a feature map weighted
by the correlation coefficients. Subsequently, an element-wise addition operation is applied
to enhance the spatial representation of edge information, as shown in Equation (11).

Xpag = Corres © Vecyp + Vecyy (11)

where © indicates element-wise multiplication. Finally, a reshape operation is performed
to restore the refined feature map to its original shape.

Algorithm 3: ComputeCorres processor

Input: Vec,,, Vecy,
Output: Xcorres
1 Vecyp = LayerNorm(Vecyy)
2 Vecy, = LayerNorm(Vecy,)
/* Normalization using LayerNorm */
3 let Vec,p as Q; let Vecy, as Kand V
/* Setting Query, Key, Value */
4 XMHA = MHA(Q,K, V)
/* Applying Mamba in channel dimension */
5 Xympa = LayerNorm(Xppa)
/* Normalization using LayerNorm */
6 Xskip = Vecup + Xpmua
/* Residual connection */
7 Xmlp = MLP(Xskip)
/* Processing through MLP */
8 Xcorres = Xskip + Xmlp
9 return X orres

4. Materials and Experiments

In this section, we present the materials and experimental setup of our proposed water body
segmentation network. We first introduce the datasets used in our experiments, followed by the
details of the experimental setup, including training configuration, network implementation,
and hardware specifications. Lastly, we describe the metrics used for performance evaluation.

4.1. Dataset Introduction

For the evaluation of our water body segmentation network, we use publicly available
remote sensing datasets that feature high-resolution remote sensing imagery with detailed
annotations for water body segmentation. The datasets particularly focus on rural regions,
where water bodies are often irregular, and their boundaries are difficult to detect due to
complex land—-water interfaces. Both datasets are split into training, validation, and testing
sets. The training set consists of 70% of the total data, the validation set comprises 15%,
and the testing set contains the remaining 15%. Detailed information about the two datasets
is illustrated in Table 1.

Table 1. Detailed information about LoveDA and GLH-water datasets.

Dataset DataSource GSD Resolution Amount Train Eval Test

LoveDA Google Earth 0.3 m 1024 x 1024 5987 1262 158 158
GLH-water ~ Google Earth  0.3m 12,800 x 12,800 250 1584 198 198
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4.1.1. LoveDA Dataset

The LoveDA dataset [43] is a high-resolution land-cover dataset, originally designed
for land-cover classification tasks. It contains images acquired from a variety of rural
and urban areas, and it includes precise annotations for water bodies in the context of
segmentation. Although primarily used for land-cover classification, the dataset’s rich
spectral and spatial features make it highly suitable for water-body segmentation tasks. We
utilize the water body annotations from this dataset for the training and evaluation of our
network, which provides a challenging environment for the detection of water bodies in
complex rural regions.

4.1.2. GLH-Water Dataset

The GLH-Water dataset [44] is another important dataset in remote sensing, and it
is specifically designed for water body segmentation in high-resolution satellite imagery.
The dataset includes both rural and urban water bodies, with corresponding ground-truth
annotations marking the water areas. This dataset is particularly useful for testing the
robustness of segmentation networks in rural and semi-urban environments, where water
bodies may involve intricate shapes and challenging boundaries. We employ this dataset
to further evaluate the performance of our proposed model in detecting water bodies with
high spatial and spectral variance.

4.2. Experimental Setup

The network is trained end to end with the objective of minimizing pixel-wise segmen-
tation loss, using a combination of cross-entropy loss and Dice loss. The training process is
conducted on all three datasets mentioned above, ensuring generalizability across different
environmental conditions.

The Python 3.10.13 environment and the PyTorch 2.1.1 framework are used to imple-
ment our network. The training is conducted on an Intel i9-11900K 3.50-GHz CPU (64 GB
of RAM) with an NVIDIA GeForce RTX 3090 workstation featuring 24 GB of memory.
During training, the SGD optimizer with a weight decay of 0.0005 and a momentum of
0.9 was employed to expedite model convergence. The BCE_Dice loss was adopted as the
loss function to assess model performance and enhance its stability. The formulation of the
BCE_Dice loss is defined below:

BCE_Diceloss = Ay - BCEloss 4+ A, - Diceloss (12)
BCEloss = —(ylog(y) + (1 — y)log(1 —¥)) (13)
2yg+1

Diceloss =1 — (14)

y+y+1
where A; and A, are the weights for each loss component. Following a common and
empirically robust practice in the remote sensing segmentation literature [2,18], we set both
A1 and A to 1. Here, image labels are represented as y, while the model’s predictions are
represented as 7.

To dynamically control the speed and extent of learning rate decay during model
training, the ‘Poly’ learning rate updating strategy was employed with an exponent of
0.9 and an initial learning rate of 0.0001. Our network underwent training for 300 epochs
on the LoveDA and GLH-water datasets. Additionally, the batch size was set to 4 due to
GPU limitations.

Evaluation metrics of segmentation are used to assess the performance of our proposed
model in water body segmentation tasks. The metrics include the intersection over union
(IoU), the F1-score (F1), precision, recall, and pixel accuracy (PA). These metrics provide
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comprehensive insights into the model’s ability to accurately segment and classify water
bodies. The calculation formulas for these metrics are as follows:

TP
U= 70 ep v EN (15)
2.TP
F1_2'TP+FP—I—FN (16)
oA TP+ TN a7

TP+ TN +FP+FN
where TP (true positive) is the number of correctly predicted pixels belonging to the water
class. TN (true negative) represents the number of correctly predicted as non-water pixels.
FP (false positive) is the number of pixels incorrectly predicted as water when they are not.
FN (false negative) is the number of pixels incorrectly predicted as non-water when they
actually belong to the water class.

These metrics collectively offer a robust evaluation framework, covering different as-
pects of model performance. The IoU and the F1-score provide a comprehensive evaluation
by accounting for both over-segmentation (false positives) and under-segmentation (false
negatives). Pixel accuracy provides an overall accuracy assessment, making it a reliable
measure for general performance comparisons.

By utilizing this set of metrics, we can effectively compare the performance of our
proposed model against baseline methods, offering insights into its strengths and areas for
improvement in accurately segmenting water bodies from remote sensing images.

Furthermore, to ensure a rigorous comparison, we assess the statistical significance
of the performance differences between our proposed HWBENet and other methods. We
employ the Wilcoxon signed-rank test for this purpose. As a non-parametric and paired
test, it is ideally suited for comparing the distributions of per-image scores from two models
on the same test set without assuming normality. For all tests, we adopt a significance level
of p < 0.05 to determine whether the observed improvements are statistically significant
and not due to random chance.

5. Results and Discussion
5.1. Methods Comparison

To verify the effectiveness of the model that we proposed, we selected a series
of advanced network models for extensive comparisons. These networks include the
current mainstream semantic segmentation network models and water extraction meth-
ods. The mainstream semantic segmentation models include the following: (1) CNN-
based semantic segmentation networks—UNet [6], U2Net [45], PSPNet [20], HRNet [46],
BANet [47], DeeplabV3+ [7], ABCNet [48]; (2) transformer-based semantic segmentation
networks—SegFormer [9], SwinUperNet [10], Unetformer [49], and Segmenter [50]; and
(8) Mamba-based semantic segmentation networks—PyrimidMamba [42], RS3Mamba [40],
Swin-UMamba [51], and Mamba-Unet [52]. The network architectures designed for wa-
ter extraction are as follows: WatNet [24], SR-Segnet [53], MEC-net [28], and DeepWa-
terMapV2 [54].

Firstly, to compare the training phase of different models concisely and with-
out monotony, we selected the best-performing models based on CNN, transformer,
and Mamba architectures with the LoveDA dataset for comparison. Figure 3 presents
the training loss curves for some comparison methods and the combined training and
evaluation loss curves for the proposed network in the LoveDA dataset, respectively.
The analysis of these figures provides a comprehensive understanding of the model’s learn-
ing behavior and optimization performance. As Figure 3 shows, the training loss of our
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model exhibits a steady and smooth decline, indicating effective optimization throughout
the training process. In comparison with the training loss curves of other network models,
our network achieved the lowest loss value. Although PyrimidMamba also reached a
similarly low loss value, our network converged faster. As an observation of Figure 3
reveals, the gap between training loss and evaluation loss remains minimal throughout
the training process. This indicates that our model is not overfitting and maintains strong
generalization capabilities.

== Train Loss Val Loss

=== SR-Segnet
Ours

104 === PyrimidMamba 08
f===HRNet
0.8 4 -SwinUper

0.6

Loss

0.4

0.4

0.2 4

0.2

MRS 0.0

0.0 T T T T T T T
0 50 100 150 200 250 300

T T T T T
50 100 150 200 250 300

o4

Epochs Epochs

Figure 3. Loss curves of representative networks (left); the train and evaluation loss curves of our
network (right).

Secondly, in order to more clearly compare the effects of different models, we respec-
tively compare from two aspects of quantification and visualization. From Table 2, we show
the results of all comparison networks in various evaluation indicators. As can be seen
from the table, whether it is CNN-based, transformer-based, or Mamba-based network
architecture, the network model that we proposed has achieved the best results on the
LoveDA dataset. On the GLH-water dataset, although our network did not achieve the best
performance, we achieved an excellent balance in computational complexity and important
evaluation metrics. In order to show the contents of the table more intuitively, as compared
with the above training process, we selected the best model of different architectures for
visualization. As can be seen from Figure 4, the networks we proposed on the LoveDA
dataset have obviously achieved the best indicators.

Moreover, to provide a qualitative assessment of the segmentation performance,
Figure 5 presents a visual comparison of our HWBENet against other leading methods on
several challenging samples. While our model performs competitively across all exam-
ples, its advantages are most pronounced in scenes with extremely fine-grained features
or complex boundaries. To this end, we provide zoomed-in insets for two particularly
representative examples. It can be clearly observed from Col 1, Col 3, Col 7, and Col 10 in
Figure 5 that, when faced with a complex rural geographical environment, our network can
achieve better results in mining global information. Therefore, our network can well pre-
serve the continuity and integrity of the water in space during the water extraction process.
As can be seen from Col 2, Col 4, Col 8, and Col 9 in Figure 5, our network can segment the
water boundary more accurately when the water boundary is close to or mixed with other
ground objects. From the visualized results of all comparison methods, it is evident that our
network maintains continuity and integrity, particularly in large or elongated water bodies.
This is crucial for the accurate mapping and monitoring of extensive water areas, for which
maintaining the shape and structure of the water body is essential for a reliable analysis.
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Table 2. The comparison results of model performance between different network architectures on
the LoveDA and GLH-water datasets.

ToU (%) F1 (%) PA (%)
Methods
D1 D2 D1 D2 D1 D2
Unet [6] 6290 7673 7263 8441 9277 9474
U2Net [45] 5803 7675 6629 8449 9224 9465
ABCNet [48] 6405 5531 7378 6598 9401  88.65
CNN-based BANet [47] 6246 7558 7198 8363 9267 9450
DeeplabV3+ [7] 5075 6743 6072 7691 8860 9178
PSPNet [20] 6712 7881 7700 8651 9515  95.18
HRNet [46] 6746 7842 7689 8560 9393 9451
SegFormer [9] 5468 5245 6541 5531  89.65 8812
Iransformer-based SwinUperNet [10] 6349 4522 7366 5502 9358 8375
Unetformer [49] 62.86 7715 7343 8510  92.64 9475
Segmenter [50] 5771 5334 6785 6632 9126  89.74
PyrimidMamba [42] 7086* 8053  7948* 8749 9546 9543
Mambabased Swin-UMamba [51] 5539 7256 6652 8014 8996 9410
Mamba-unet [52] 4250 7365 5343 8197 8218 9405
RS3Mamba [40] 6503 5830 7532 6957 9433 8339
WatNet [24] 6075 7283 7142 8187  91.08 9393
. SR-Segnet [53] 6632 7165 7626 8047 9475 9358
Water Extraction methods /-7 og 5868 7899 6781 8644 9199 9529
DeepWaterMapV2 [54] 5285  69.12 6342 7827 8927  92.84
Ours 7221 7967* 8071 8700 9573 9545

Bold indicates the best performance, and underline indicates the second-best. An asterisk [*] indicates that

the difference between the best and second-best performance is statistically significant (Wilcoxon signed-rank

test, p < 0.05). This analysis was applied to the IoU and F1 metrics only. The absence of a symbol indicates no

statistically significant difference.

Percent(%)
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Figure 4. Histogram of results compared with representative networks.

In complex environments or when dealing with small water bodies, our network

demonstrates superior boundary delineation compared to other methods. This capability
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is particularly important in rural regions where water bodies are often fragmented and
surrounded by diverse land cover types. The enhanced edge detection ensures that even
small and irregularly shaped water bodies are accurately segmented, providing a more
detailed and precise representation.

S e
| N[ e 54%.%
WAV < <7/
| /T | P Vs
AV W

1 TP A
M /7 =\ Tl

Col 1 Col 2 Col 3 Col 4 Col 5 Col 6 Col 7 Col8 Col9 Coll10

P,‘

f

'

‘r —.‘

Figure 5. Visualization of segmentation results from different models. Col (1-4) concern the GLH-
water dataset, and Col (7-10) concern the LoveDA dataset. Col (5, 6) represents a zoomed-in view.
(a) Images; (b) masks; (c) PyrimidMamba; (d) SwinUperNet; (e) HRNet; (f) SR-Segnet; (g) Ours. The
rectangular colored boxes are used to highlight critical regions where the performance differences
between models are most apparent.

The novelty of our approach lies in the integration of global information extraction
and edge awareness. By leveraging the CIMM module, our network effectively captures
both global context and local details, ensuring comprehensive feature representation. Addi-
tionally, the ERM module, which utilizes transformer mechanisms, enhances the network’s
ability to focus on water boundaries during the up-sampling process. This dual focus on
global information and edge awareness significantly improves the accuracy and efficiency
of water body extraction, making our method particularly suitable for high-resolution
remote sensing applications in rural areas.

Finally, to provide a detailed analysis of the trade-off between accuracy and efficiency,
we present a comprehensive comparison of model complexity and practical inference speed
in Table 3. All inference speeds were benchmarked on a single NVIDIA GeForce RTX
3090 GPU with a 512 x 512 input to ensure a fair and direct comparison. The results
clearly demonstrate the exceptional efficiency of our proposed HWBENet. In terms of
model size, HWBENet is the most lightweight, with only 3.31 M parameters, which is even
smaller than the highly efficient SegFormer (3.71 M). Additionally, HWBENet achieves
a low computational complexity of 13.32 G FLOPs, making it suitable for deployment
in resource-constrained environments. In terms of inference speed, HWBENet processes
images at 123.7 FPS, which is significantly faster than many other models, including HRNet
(52.3 FPS) and SwinUperNet (13.7 FPS). This high speed is particularly advantageous for
real-time applications in remote sensing, for which the rapid processing of large datasets is
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often required. While some specialized real-time networks like ABCNet and Unetformer
achieve higher FPS, Table 2 shows that they do so at the cost of significantly lower seg-
mentation accuracy. To provide a clear visual summary of the trade-off between accuracy
and efficiency, we selected some networks with relatively low computational complexity
from Table 3 for a visual display. Figure 6 illustrates a comprehensive comparison of model
efficiency and segmentation performance across all evaluated networks. Each dot in the
scatter plot represents a network, with its position determined by the number of parame-
ters (horizontal axis) and the computational cost measured in FLOPs (vertical axis), while
the IoU is labeled on each dot. From Figure 6, it is evident that our HWBENet achieves
a superior balance between model efficiency and segmentation accuracy. It occupies a
favorable position in the lower left quadrant of the plot, indicating both a low parameter
count and low computational complexity while also achieving one of the highest IoU scores
among all models.
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Figure 6. The parameters and computational complexity of different network models. The contents
in parentheses are IoU indicators.

Table 3. Comparison of model efficiency of different networks, including theoretical complexity
(parameters and FLOPs) and practical inference speed (frames per second, FPS).

Methods Params (M) FLOPs (G) Speed (FPS)
Unet [6] 31.04 218.95 50.9
U2Net [45] 44.01 150.61 65.2
ABCNet [48] 13.31 15.29 379.4

CNN-based BANet [47] 12.64 12.73 358.4
DeeplabV3+ [7] 58.82 73.77 51.8
PSPNet [20] 73.09 279.51 43.1

HRNet [46] 65.84 93.82 52.3
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Methods Params (M) FLOPs (G) Speed (FPS)
SegFormer [9] 3.71 6.76 125.2
Transformer SwinUperNet [10] 125.16 1092 13.7
Unetformer [49] 11.68 11.73 3224
Segmenter [50] 36.13 63.70 58.8
PyrimidMamba [42] 109.99 100.90 97.3
Mamba-based Swin-UMamba [51] 55.05 175.73 47.5
Mamba-unet [52] 28.00 31.24 88.9
RS3Mamba [40] 49.65 63.29 75.6
WatNet [24] 14.65 38.01 87.1
. SR-Segnet [53] 53.55 72.55 54.7
Water Extraction methods /ooy 30.06 185.84 55.8
DeepWaterMapV2 [54] 39.08 57.20 58.1
Ours HWBENet 3.31 13.32 123.7

Bold indicates the best performance, and underline indicates the second-best. The complexity and speed are
measured via a 512 x 512 input on a single NVIDIA GTX 3090 GPU.

5.2. Ablation Study
5.2.1. Effectiveness of CIMM and ERM

The ablation study was conducted to quantify the individual contributions of the
proposed CIMM and ERM modules. To this end, we systematically evaluated the network
with and without these modules, observing their impact on key performance metrics and
feature representation.

Table 4 presents the evaluation metrics for the full model, the model without CIMM,
and the model without ERM. Metrics such as the IoU and the Fl-score are reported.
The full model consistently achieves the highest scores across all metrics, indicating that
the combination of both modules is essential for optimal performance. Notably, removing
CIMM or ERM results in a significant drop in the IoU and the Fl-score, highlighting the
effectiveness of rural water extraction tasks.

Table 4. The ablation experimental results of each component on both datasets.

IoU F1
Methods CIMM ERM
LoveDA GLH-Water LoveDA GLH-Water
I v v 72.21 79.67 80.71 87.00
Il X v 66.49 77.26 75.64 85.00
11 v X 68.42 76.75 77.24 84.74

Figure 7 visualizes feature maps generated at different stages of the ablation study.
The heatmaps illustrate how CIMM enhances global feature awareness, capturing large-
scale patterns crucial for segmenting extensive water bodies. ERM, on the other hand,
excels at refining edge features, ensuring precise delineation even in small or irregularly
shaped water areas. The absence of either module results in a notable reduction in feature
clarity and segmentation accuracy, particularly in challenging scenarios.

The quantitative results in Table 4, combined with the qualitative insights from
Figure 7, validate the necessity of both CIMM and ERM for superior performance. The full
model achieves a harmonious balance of global context awareness and local edge sensitiv-
ity, resulting in significant improvements in segmentation accuracy and robustness. This
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demonstrates that each module addresses complementary aspects of the segmentation task,
and their integration is key to the network’s overall success.

Row 1

Row 2

Row 3

Row 4

Row 5

. 8 g i
(© (d) ()

Figure 7. Feature representation visualization embedded in different modules. (a) Input image;
(b) Ground truth; (c¢) Method I; (d) Method II; (e) Method III.

Row 6

5.2.2. Analysis of Scanning Strategies in CIMM

To empirically validate the rationale for our choice of scanning strategies within the
CIMM module, we conducted a dedicated ablation study. We compared our proposed
hybrid strategy against two homogeneous variants: (1) All Forward-Backward, where both
Mamba-C and Mamba-P utilize forward-backward scanning, and (2) All Forward-Random,
where both components use forward and random scanning. All variants were trained and
evaluated on the LoveDA dataset under identical experimental settings.

As shown in Table 5, our proposed hybrid strategy consistently outperformed both
homogeneous variants across all metrics. Our analysis revealed that the All Forward-
Backward variant, due to its fixed scanning patterns, lacks flexibility in modeling irregular
spatial shapes. Conversely, the All Forward-Random variant likely disrupts the struc-
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tured nature of the channel dimension, thereby failing to effectively learn stable global
semantic patterns.

Table 5. Ablation study on different scanning strategy combinations within the CIMM module on the
LoveDA dataset. The best results are in bold.

Method Variant Mamba-C Scan Mamba-P Scan IoU (%) F1 (%)

All Forward-Backward Forward-Backward Forward-Backward 70.54 78.12
All Forward-Random Forward-Random Forward-Random 69.12 76.34

Ours Forward-Backward  Forward-Random 72.21 80.71

These results experimentally confirm that our task-driven hybrid design, which
matches different scanning mechanisms to distinct sub-problems, is indeed the optimal
choice for addressing the dual challenges of rural water body segmentation.

6. Conclusions

This study has introduced a novel water body extraction network that leverages the
CIMM module for global feature modeling and the ERM module for enhanced edge aware-
ness. Extensive evaluations on benchmark datasets demonstrate the proposed model’s
ability to achieve a favorable balance between segmentation accuracy and computational
efficiency. While heavyweight models like PyrimidMamba may achieve marginally higher
accuracy on certain datasets, our HWBENet provides statistically comparable or strong
second-best performance while being an order of magnitude more efficient in terms of
parameters, FLOPs, and practical inference speed.

Through the ablation study, the significance of the CIMM and ERM modules was
clearly demonstrated. The CIMM module effectively captures global contextual informa-
tion, crucial for segmenting large and continuous water areas, while the ERM module
excels in edge preservation, particularly for small or complex water regions. Visualizations
further highlight the network’s ability to balance global feature extraction with precise
edge delineation, ensuring continuity and integrity in water body boundaries.

Despite its promising performance, we acknowledge certain limitations that open
avenues for future research. Our model’s validation was conducted on high-resolution
optical imagery from Google Earth. Future work should focus on evaluating HWBENet's
generalizability across a wider range of sensor types, seasonal conditions, and imaging
geometries. Furthermore, exploring network quantization or pruning could further enhance
its suitability for deployment on resource-constrained edge devices.

In summary, HWBENet provides a robust, accurate, and highly practical solu-
tion for large-scale hydrological monitoring. It establishes a strong foundation for fur-
ther research and development in remote sensing applications requiring precise and
efficient segmentation.
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