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Abstract: Extracting water information from remote-sensing images is of great research significance
for applications such as water resource protection and flood monitoring. Current water extraction
methods aggregated richer multi-level features to enhance the output results. In fact, there is a
difference in the requirements for the water body and the water boundary. Indiscriminate multi-
feature fusion can lead to perturbation and competition of information between these two types
of features during the optimization. Consequently, models cannot accurately locate the internal
vacancies within the water body with the external boundary. Therefore, this paper proposes a water
feature extraction network with spatial partitioning and feature decoupling. To ensure that the water
features are extracted with deep semantic features and stable spatial information before decoupling,
we first design a chunked multi-scale feature aggregation module (CMFAM) to construct a context
path for obtaining deep semantic information. Then, an information interaction module (IIM) is
designed to exchange information between two spatial paths with two fixed resolution intervals
and the two paths through. During decoding, a feature decoupling module (FDM) is developed
to utilize internal flow prediction to acquire the main body features, and erasing techniques are
employed to obtain boundary features. Therefore, the deep features of the water body and the
detailed boundary information are supplemented, strengthening the decoupled body and boundary
features. Furthermore, the integrated expansion recoupling module (IERM) module is designed for
the recoupling stage. The IERM expands the water body and boundary features using expansion
and adaptively compensates the transition region between the water body and boundary through
information guidance. Finally, multi-level constraints are combined to realize the supervision of
the decoupled features. Thus, the water body and boundaries can be extracted more accurately. A
comparative validation analysis is conducted on the public datasets, including the gaofen image
dataset (GID) and the gaofen2020 challenge dataset (GF2020). By comparing with seven SOTAs,
the results show that the proposed method achieves the best results, with IOUs of 91.22 and 78.93,
especially in the localization of water bodies and boundaries. By applying the proposed method in
different scenarios, the results show the stable capability of the proposed method for extracting water
with various shapes and areas.

Keywords: water extraction; semantic segmentation; feature decoupling; multi-scale

1. Introduction

Accurate and efficient extraction of morphological features of water bodies from
remote-sensing images is significant in surface resource change detection, flood disaster
assessment and analysis, global water resources analysis, and other applications [1–3]. With
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the rapid development of remote-sensing satellite technology [4–8], high-resolution remote-
sensing images provide finer feature information for water body extraction. However, since
the water shapes change and the features between the water body and water boundaries
are different, water boundary extraction is not performed as well as that of the water
body [9]. Therefore, exploring the automatic extraction algorithms of water bodies from
high-resolution remote-sensing images has essential research value and significance.

The traditional water body extraction methods are mainly divided into threshold
segmentation and machine learning-based methods. Among them, the threshold segmenta-
tion method primarily utilizes the property that water bodies have different reflectivity in
different wavebands. It also suppresses other background features by designing the water
index to highlight the water body features [10–12]. The machine learning-based approach
mainly uses shallow modules to extract water body information by learning artificially
designed features [13,14]. It mainly uses color, texture, and morphology characteristics to
complete the extraction process by manual design features. However, these traditional
methods cannot improve accuracy robustly in a changing environment. They cannot cope
with massive, high-resolution remote-sensing images with complex information [15].

Recently, deep learning has been widely used in remote sensing image explanation
because of its powerful autonomous learning and deep information extraction capabili-
ties. Since water bodies in high-resolution remote-sensing images are characterized by
sizeable inter-class variance, relevant algorithms proposed in computer vision for natural
images cannot directly deal with the exhaustive feature information of remote-sensing
images. As a result, inaccurate shoreline localization of water bodies often occurs [16].
Currently, the water feature extraction method based on deep learning mainly combines
the characteristics of water bodies in high-resolution remote-sensing images. It is improved
and designed based on the coding and decoding architecture [17–19]. The deep semantic
features can be extracted by continuously expanding the sensory domain during encoding.
The damaged water body boundary is constantly repaired during decoding by combin-
ing the spatial information from encoding. The final high-resolution probabilistic map
of robust semantic features is obtained. Some studies focus on acquiring more detailed
feature descriptions, extracting the multi-scale features for aggregation through convo-
lution at different scales and rates [20–22], or aggregating multi-stage features through a
pyramid structure during decoding [23,24]. Some scholars have strengthened features by
improving or introducing self-attention mechanisms [25–28]. Alternatively, a multi-path
architecture can be introduced to enhance the perception of multi-global information in the
network [29]. Some scholars have improved the effective use of information by introducing
multimodal data [30–33]. Some studies have focused on obtaining stable spatial patterns
with finer boundaries [34,35]. For example, the finer boundary features can be obtained by
reconstructing damaged spatial patterns and aggregating detailed information from the
coding stage [36]. Some studies advocate directing the network to retain richer information
in decoding through multiple output constraints [37,38]. Meanwhile, some methods are
designed to achieve more accurate boundary localization by refining the output noise
information [39].

The above studies achieve good results in water feature extraction, but they all essen-
tially strengthen the feature extraction results by aggregating richer multi-level features.
However, a vital issue is overlooked in this process since the model appears to have differ-
ent requirements when learning internal versus boundary features of the water body. The
internal features of water bodies need semantic solid information to ensure their integrity.
Water boundary features need stable spatial information to ensure their positioning accu-
racy. Coupling water bodies and boundary features with different needs for derivation and
optimization will inevitably lead to mutual interference and information competition [40].
This contradiction between the water body and boundaries can interfere with the consis-
tency of the model, resulting in a model that cannot accurately identify these two different
needs. Consequently, internal vacancies within the water body and inaccurate location of
the water boundaries often occur at the same time.
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To address the above problems, this paper adopts the decoupling approach to separate
the external features of the water boundaries from the internal features of the water body.
Thus, the information interference between the two opposite requirements is reduced when
enhancing and supervising the features. Then, the water body features can be extracted
more effectively. First, a multi-scale feature extraction architecture with spatial partitioning
is designed. Two spatial branch blocks with rich spatial information and deep semantic
features are obtained through interaction between fixed-resolution features. In decoding,
the spatial branching features of the partition are decoupled utilizing internal flow field
prediction so that they are divided into internal body and external boundary. Different
feature layers strengthen and remove the semantic features of the internal body and the
background noise around the boundary. Then, an integrated expansion recoupling module
(IERM) is designed to strengthen the connection between the body and the boundary
so that both information can be effectively integrated. It expands the information scope
through continuous expansion and adapts the body and boundary features to be aggregated
through the information guide map. Finally, the water body features are output by jointly
supervising the decoupled boundary and body.

Specifically, the contributions of the proposed approach are illustrated as follows:

(1) A water body extraction network with spatial partitioning and feature decoupling
(SPFDNet) is designed. Feature decoupling is designed to separate the external
boundaries of the water body from the internal body features. Thus, we can reduce
the interference between the information when enhancing and supervising the features
and thus extract the water body features more effectively. Numerous experiments
on GID and GF2020 datasets demonstrate that SPFDNet exhibits low complexity
and outperforms the other seven methods, particularly in its effectiveness in water
boundary positioning.

(2) A chunked multi-scale feature aggregation module (CMFAM) and an information
interaction module (IIM) are designed to form the basic framework for water feature
extraction. The framework generates two fixed-resolution spatial paths by spatial par-
titioning. The context path obtains the context information by continuously expanding
the receptive domain. The two paths exchange information through IIM to ensure
the stability of spatial information and the richness of deep features. The network
can acquire rich multi-scale features at each stage for extracting fine tributaries and
large-scale lakes.

(3) A feature decoupling module (FDM) is explored to separate the features of these two
opposing requirements and reinforce the separated features with different levels of
features. Specifically, in decoding, the coupled water features are divided into internal
body features and external boundary features. Then, deep features under context
branching strengthened the decoupled internal body features. The boundary features
are strengthened through deep guidance and information supplementation to reduce
the information noise.

(4) An integrated expansion recoupling module (IERM) is designed to repair the tran-
sition region between body and boundary features better. The decoupled body and
boundary features are intensely supervised through joint supervision to ensure the
accuracy of water body boundary localization.

The rest of the paper is organized as follows. In Section 2, some related works are
introduced. In Section 3, we describe the methodological framework of this paper in
detail. Section 4 introduces the experimental information, including datasets, experimental
metrics, and the comparison analysis of different datasets. In addition, the effectiveness of
each module is demonstrated through ablation experiments, module visualization, and
scene detail illustration. To better illustrate the effectiveness of this proposed method, at
the end of this section, we validate it through some representative scenarios with BIoU
metrics. In Section 5, the conclusion of our work is summarized.
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2. Related Work
2.1. Encoder–Decoder Architecture

Deep learning-based water detection methods have given birth to many excellent
algorithms, which are mainly based on codec architectures that need improvement. Some
of them directly follow the U-Net architecture [41–43]. Some use ResNet as the coding
structure [44] and convolution with different dilation rates to replace the downsampling
layer to obtain deep semantic information [16]. Some studies have redesigned the feature
extractor to build the encoder structure by considering the morphological diversity of the
water body [45]. Some works are designed to increase the diversity of features through
multiple paths [46].

With the application of the transformer in semantic segmentation, some scholars have
introduced part of its structures to obtain more global features of water bodies. Combined
with the local feature extraction capability of the convolutional neural network (CNN),
the designed new architecture is to achieve finer water body extraction results [1]. To
more accurately localize water boundaries, spatial information capability is critical. Many
approaches attempt to improve the HRNet structure to retain more detailed information
at each resolution of detail [3,47]. However, the multi-path design ensures the stability
of spatial data but increases the computational resources to some extent. How to balance
the accuracy and efficiency while determining the diversity of retained features and the
stability of spatial information is the main problem faced by water body feature extraction.

2.2. Feature Aggregation

Feature aggregation is a commonly used structure in water body segmentation algo-
rithms to improve the expressive power of features by fusing different layers of features.
Ref. [48] reduced information redundancy at different scales after aggregation by erasing
attention modules. Ref. [24] used channel attention to measure its channel weights and
perform a concatenation operation on the weighted features to assign spatial dimension
weights adaptively. This adaptive weight fusion suppresses noise and background informa-
tion. Ref. [34] enhanced the communication capability of the two channels by bootstrapping
at different scales. It enhanced the interconnectivity between the two types of feature rep-
resentations by capturing features at various scales to realize the fusion of the two kinds
of feature representations. Ref. [27] proposed a non-local neural network combined with
global pooling to extract spatial location information of the image and embed the location
information into the channel information. This approach enhanced the global attention
module by enabling the network to mine further information along the horizontal and ver-
tical directions of the feature map and captured the long-distance dependencies of the input
feature map along one direction. This mitigated fine-grained spatial details at different
scales from being corrupted by deeper features during aggregation. Ref. [36] proposed and
designed a continuous attention fusion module. Ref. [49] proposed a gated-channel trans-
form (GCT) module for skipping connections to fuse the shallow features of the encoder
with the deep features of the decoder. Compared with the traditional skipped connections,
the inclusion of the GCT module can adaptively adjust the weights of each channel to im-
prove the performance of the whole network. TBiSeg improved the transformer block using
two-layer routing attention to enhance understanding of water body structure [50]. SPNet
guides the fusion of low and high-level semantic information through a multi-channel deep
feature extraction module and combines it with a goal-directed attention mechanism to deal
with noise. In contrast, better results were achieved in water body detection [51]. Ref. [52]
integrated a histogram extraction layer designed for SAR content into a deep segmentation
neural network to achieve better performance while being lightweight. MADFNet focuses
on feature regions critical for recognizing water edges by fusing attentional weights in
channel and spatial dimensions [53].

The above feature aggregation methods aggregate features at different levels to en-
hance the sampled features and compensate for the lost information to some extent. How-
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ever, the lack of ignoring the coupling and redundancy of feature representations makes
the aggregated features such that there are always opposite combinations of features.

2.3. Feature Decoupling

Feature decoupling decomposes input features into several mutually independent
and non-interfering parts according to a specific method. Ref. [54] observed that the pixels
inside the object are similar, and the pixels at the boundary often show differences. In
this regard, they are divided into low- and high-frequency information by decoupling,
and the obtained body features and residual edge features are further optimized under
decoupling supervision. Ref. [55] decoupled all landmark features into single landmark
features. In this process, dynamic multicore convolution is designed as the decoupling
fundamental component to improve the feature robustness of inconspicuous landmarks.
Ref. [56] decoupled the input features into body and edge features, and the two optimized
features are combined into a comprehensive predictive representation using a feature
fusion operator.

The above methods achieve better results in their respective applications, especially for
boundary localization. The boundary of a water body has more complex characteristics than
the interior, and simple decoupling is not sufficient to cope with the complex background
region. Moreover, direct fusion does not connect the connecting area between the transition
body and the boundary in recoupling. All these can cause errors in feature representation
for the localization of water body boundaries.

3. Methodology
3.1. General Model Architecture

The overframe of the water extraction network based on spatial partitioning and
feature decoupling network (SPFDNet) is shown in Figure 1. SPFDNet mainly consists of
a chunked multi-scale feature aggregation module (CMFAM), an information interaction
module (IIM), a feature decoupling module (FDM), and an integrated expansion recoupling
module (IERM).
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First, CMFAM is designed to extract richer features. Then, the image is input into two
paths, including the contextual path and the spatial path. The contextual path is continu-
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ously down-sampled to expand the perceptual domain. The spatial path retains the spatial
information at 1/2 (Spatial P1) and 1/8 (Spatial P2) of the spatial resolution, respectively.
The two path branches continuously exchange semantic features and detailed information
through the IIM. In the decoding process, the features of the two spatial partitions are
decoupled by IIM, and the decoupled volume and boundary features are enhanced by
deep semantic information with the exact resolution details to remove redundant noise.
Then, the decoupled features by IERM are recoupled to correct the connectivity region
between the body and the boundary. The decoupled body and boundary features in two
spatial partitions are remotely supervised to ensure that the output decoupled features are
effectively supervised. The accurate positioning of the output water boundary is ensured
by means of joint constraints.

3.2. Interactive Framework for Spatial Partition Extraction

The interactive framework for spatial partition extraction mainly relies on the CMFAM
and IIM. The context path is composed of five layers. Each feature layer is extracted by
a CMFAM. The maximum down-sampling multiplier is set to 32. The features of the
first and third layers are kept as the initial spatial region. The context path continuously
downsamples to obtain deep semantic features. The spatial path retains stable spatial
information through fixed resolution. The two paths exchange the extracted semantic
features with the retained detail information through IIM. Therefore, the network maintains
stable detailed information while acquiring deep semantic information.

As shown in Figure 2, CMFAM mainly consists of multiple convolutional blocks,
considering the balance between accuracy and efficiency. The dimension of the input
features is adjusted by the first 3 × 3 convolution. Then, the output features are divided
into four identical dimensions. The first and second dimensions are extracted by 3 × 3
convolution of features and fused with the next dimension. Considering that the water
bodies are fine tributaries and large-scale lakes, the features are extracted in the last two
dimensions with convolution kernel sizes of 1 × 7, 7 × 1 versus 1 × 11, 11 × 1, respectively.
Finally, the partitioned features are cascaded.
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Figure 2. The structure of the chunked multi-scale feature aggregation module (CMFAM).

As shown in Figure 3, the IIM consists of semantic and spatial interactions. Semantic
interaction generates a semantic probabilistic bootstrap map by refining features with
up-sampling output and then fusing with spatial branches. Spatial interaction generates
spatial information bootstrap maps by down-sampling refined features and combining
them with contextual branches. Through the continuous interaction and fusion of CMFAM
and IIM, they guide each other and finally constitute the base model framework. The
specific parameters of the framework are shown in Table 1.
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Table 1. The parameter list of the base network with [module name, number of output channels],
where 1 × 1 indicates a convolution kernel of 1 convolution.

Stage Input Context Branch Spatial Branch

Encoder

Stage 1 (3, 512, 512) [CMFAM, 64]
Stage 2 (64, 256, 256) [CMFAM, 128] [IIM]
Stage 3 (128, 128, 128) [CMFAM, 256] [IIM]
Stage 4 (256, 64, 64) [CMFAM, 512] [IIM]
Stage 5 (512, 32, 32) [CMFAM, 512] [IIM]

Decoder
Up1 (512, 16, 16) [CMFAM, 256] [Upsample]
Up2 (256, 128, 128) [CMFAM, 64] [Upsample]
Out (64, 512, 512) [1 × 1, 1]

3.3. Feature Decoupling Module

To solve this coupled and redundant decoding method, which leads to redundancy of
information and mislearning, we designed the feature decoupling module (FDM) as shown
in Figure 4. The body features are separated by predicting the flow field inside the features
and using feature erasure to obtain the boundary features [54].

F1 = K1
1(Fcat(Fup(Flow), Fhigh)) (1)

where Flow ∈ RC1×H×W is a high-level feature at low resolution. Fhigh ∈ RC2×H×W is
a lowlevel feature at high resolution. Fcat is the splicing of features along the channel
direction. Fup represents up-sampling using bilinear interpolation. Kd

k denotes features
obtained by up-sampling using a convolutional kernel of size k and a dilation rate of size d.
The characteristics after output enhancement are F1 ∈ RC2×H×W .

Fbody = η(K1
3(F1), F1), Fedge = F1 − Fbody (2)

where η denotes the resampling of F1 by squares using the predicted internal flow, and the
resulting internal body is characterized by Fbody ∈ RC2×H×W . Use the body feature to erase
the original feature to obtain the boundary feature Fedge ∈ RC2×H×W .

FSbody = K1
1(Fcat(Fbody, (Fup(Flow))) (3)

Since the decoupled body features do not have strong semantic information, there
is a lot of noise around the boundary features. Thus, deeper features are introduced
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to supplement the strong semantic information of the internal body by cascading. The
resulting enhanced body feature is FSbody ∈ RC2×H×W .

FSedge = Fedge + (K1
1(Fcat(Fedge, Fdetail))⊗ σ(K1

7(Flow))) (4)

The noise information around the boundary is weakened by employing semantic
guidance, where Fdetail ∈ RC2×H×W represents the detailed information for high resolution.
σ is expressed as a sigmoid function. ⊗ denotes the multiplication of features. High-level
features Flow is used to obtain semantic information to guide the graph ∈ R1×H×W . The
noise around the boundary is suppressed by feature multiplication. Since the phase-reduced
internal body features are used to obtain the boundary information, the features inside the
boundary will not grow too much after the product. Finally, the original boundary features
are fused with the original boundary features to output the strengthened boundary features
FSedge ∈ RC1×H×W .
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3.4. Integration of Expansion Recoupling Modules

Directly fusing the decoupled features is prone to missing features in the connecting
region of the body and boundary. Therefore, IERM is designed to strengthen the connection
between body and boundary so that the information from both can be effectively integrated,
as shown in Figure 5.

Fedges = Fcat(Fup(K1
1(Fedge1)), Fedge2) (5)

Firstly, the body and boundary features under two spatial partitions were up-sampled
to the same spatial resolution, where the output is Fedges ∈ R64×H×W , and is the converged
boundary feature. Fedge1, Fbody1 ∈ R64×H×W is the decoupled feature of the first spatial
partition. Fedge2, Fbody2 ∈ R256×H/4×W/4 is the feature after decoupling the second spatial
partition. The up-sampling of edge and body features under different spaces is adjusted to
the same dimension at the same spatial resolution and spliced along the channel direction.
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We use dimensionality reduction and expansion of the feeling domain to increase the scale
range of the body and boundary.

Fedges1 = Fcat(K4
3(K

2
3(K

1
3(Fedges)))) (6)

Next, the body and boundary features are cascaded separately to be inflated by
convolution with different dilation rates. Where Fedges1 ∈ R64×H×W is the boundary feature
after integrated expansion. Kd

k denotes the features obtained by up-sampling using a
convolutional kernel of size k and a dilation rate of size d. Because, in Formulas (5) and (6),
the boundary and the body are treated in the same way, only the processing of boundary
features is illustrated as an example.

Wedge = σ(K1
7(Fedges1)), Wbody = σ(K1

7(Fbodys1)) (7)

Ff use = K1
1(W1 ⊗ Fbody1 + (1 − W1)⊗ Fedges1 + W2 ⊗ Fedges1 + (1 − W2)⊗ Fbody1) (8)

Then, the fused information at various scales is cascaded to generate an informa-
tion guidance map through a large-scale convolution with an activation function. The
boundary and body features are first compressed to generate a weighted bootstrap map
Wedge ∈ R1×H×W , Wbody ∈ R1×H×W . When coupling, the features are reinforced in the
corresponding region by information guidance of the body and boundary features to com-
pensate for the transition region between the body and the boundary. Raising the feature
product strengthens the opposing body and boundary features, and finally, raising the
one-dimensional convolution adjusts the feature information. Ff use ∈ R64×H×W is the
final output.
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3.5. Multi-Level Constrained Loss Function

In order to better supervise the decoupled body and boundary, we decouple the
body and boundary features for output supervision. The truth labels are processed by the
canny operator to obtain the boundary information and then obtain the body features by
phase reduction. Down-sampling matching is performed according to the resolution of the
features to be supervised. Since the boundary pixels account for a relatively small number
of pixels, the combination of binary cross entropy (BCE) [57] and dice loss (Dice) [58] is
used to supervise the boundary constraints. The loss function is defined as follows:

LDice = 1 −
2 ×

N
∑

i=1
(gi × pi)

N
∑

i=1
gi +

N
∑

i=1
pi

(9)

LBCE = − 1
N

N

∑
i=1

(gi × log(pi) + (1 − gi)· log(1 − pi)) (10)

where LDice is the loss constraint for the last layer of output results. Where N is the total
number of samples. gi denotes whether a pixel in the label belongs to a water body or not,
and i denotes the probability that the i th pixel belongs to a water body.

Since the boundary pixels account for a relatively small number of pixels, to balance
the problem of positive and negative sample imbalance in the boundary output, we use
BCE to constrain the boundary jointly with Dice. In our experiments, we set λ2 = 0.5,
µ2 = 0.5, λ1 = 1.0 and µ1 = 1.0. They represent the constraint weights of the boundary to
the body at 1/8 resolution and the boundary to the body at 1/2 resolution, respectively.
The overall loss function of the model is LSPDINet.

LSP DINet = LDice + λ2(L1
BCE + L1

Dice) + µ2L2
BCE + λ1(L3

BCE + L3
Dice) + µ1L4

BCE (11)

4. Experiment
4.1. Datasets

To better validate the effectiveness of the method in this paper, two publicly available
datasets that contain water body features are used for testing, namely the GID [59] and the
GF2020 [60].

4.1.1. GID Datasets

The WHU GID is a high-resolution land cover dataset acquired by the Gaofen-2
satellite. It consists of 150 images with a pixel size of 6800 × 7200, and each image is
composed of four bands: red, green, blue, and near-infrared. We composed the image in
three bands: near-infrared, red, and green. Due to the computer memory limitation and
loss of image edge features, the image is cropped to 512 × 512 as the window size is 64.

4.1.2. GF2020 Datasets

After cropping the overlap region, we remove a certain number of blank or full water
body images and finally get 6978 images for the training set, 1744 for the validation set,
and 2032 for the test set.

GF2020 is a public dataset provided in the automatic segmentation of water bodies in
the 2020 high score challenge optical satellite imagery mission, which is collected by the GF-2
satellite and consists of 1000 high-resolution optical images with a pixel size of 492 × 492. The
datasets are divided into training, validation, and test sets in the ratio of 7:1:2.

4.2. Experimental Details
4.2.1. Experimental Environment

The experimental environment in this paper is built under a Windows system, equipped
with a GeForce RTX 3090 graphics card with 24G video memory, and the deep learning
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framework used is PyTorch. Adam is the optimizer, with the initial learning rate uniformly
set to 0.0001. Considering the memory consumption of all models, the batch size is set to 8,
and an automatic mixed-precision strategy is used to reduce the memory consumption.

4.2.2. Evaluation Metrics

To evaluate the performance of the model more comprehensively, we chose five
commonly used semantic segmentation evaluation metrics, which are overall precision
(OA), precision (P), recall (R), and F1 score (F1). In addition, in order to more accurately
evaluate the precision of boundary localization, we introduce BIoU as an evaluation index.
The specific equation for each index is as follows:

OA =
TP + TN

TP + TN + FP + FN
× 100% (12)

P =
TP

TP + FP
× 100% (13)

R =
TP

TP + FN
× 100% (14)

F1 =
2 × P × R

P + R
× 100% (15)

IOU =
TP

TP + FP + FN
× 100% (16)

BIoU =
|(Gd ∩ G) ∩ (Pd ∩ P)|
|(Gd ∩ G) ∪ (Pd ∩ P)| × 100% (17)

where TP denotes the number of target pixels correctly identified, FP denotes the number
of background pixels mistakenly detected as target pixels, TN denotes the number of target
pixels recognized as background pixels, and FN denotes the number of negative samples
judged as background pixels. In the BIoU metric, G is the set of target pixels, P is the set of
predicted target pixels, Gd denotes the set of pixels whose contour distance from the set
of true target pixels is not greater than d, and Pd denotes the set of pixels whose contour
distance from the set of predicted pixels is not greater than d. We set the size d by referring
to the description in [61].

The structural similarity index (SSIM) [62] measures how similar two images are. It not
only compares the pixel values but also integrates the brightness, contrast, and structural
features of the images. Compared with traditional evaluation metrics such as mean square
error (MSE) or peak signal-to-noise ratio (PSNR), SSIM pays more attention to the structural
information of an image, thus better reflecting the human eye’s perception of the image
quality than just the difference between pixel values.

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(18)

where µx, µy denotes the mean of image x and y, σ2
x , σ2

y denotes the variance between
image x and y, σxy denotes the covariance between image x and y, and C1, C2 denotes a
stabilization constant with a zero denominator in m.

4.2.3. Comparison Methods

To verify the effectiveness of the proposed methods more comprehensively, seven meth-
ods are selected from the segmentation methods in the computer and remote sensing fields
for comparison. UNet [63] is a classical coding and decoding structure. DeepLabV3+ [64] is a
coding and decoding structure that includes multi-feature processing. ResUNet++ [65] is an
improved extractor coding and decoding structure, which is similar to the direction of improve-
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ment in this paper. In the field of remote sensing, MECNet [43], MFGF_UNet [49], MUNet [1],
and MSResNet [44] are codec architectures for water body segmentation networks.

4.3. Comparative Experiments Analysis
4.3.1. GID Comparison Experiments Analysis

The test set results of all algorithms are compared, and some more representative
scenes are selected for analysis. The visual results are shown in Figure 6. The fifth, seventh,
and ninth subfigures are large-scale lake scenes, around which some depressions, rice fields,
and other pseudo-targets are suspected to be lakes. Most algorithms are more prone to
internal feature vacancies and false detections. Our approach has a more complete shape
due to using CMFAM to build the base network, which retains rich multi-scale features
at each stage. The third, fourth, and eighth subfigures are scenes with strong background
interference and severe shoreline erosion, and it can be seen that all algorithms are unable to
localize the shoreline boundary accurately. Since MECNet designs a multi-scale prediction
fusion module, the boundary is more complete in the comparison methods. Our method
used decoding of decoupling, and the boundary is strengthened and denoised to locate the
boundary more accurately.
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Figure 6. Comparison results on the GID.

The quantitative comparison results of the GID are shown in Table 2, which shows
that our model achieves the best results in the three metrics of OA, IoU, and F1. Among
them, IoU is higher than other algorithms, ranging from 0.43% to 2.03%. MUNet achieves
the highest value in p due to the embedded MixFormer structure, which has better long-
distance relationship modeling. Our method adopted the architectural strategy of two-path
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interaction, which achieved good results in P and R. R improved by 1.39% compared
to MUNet.

Table 2. Quantitative evaluation results of the comparative methods on the GID (black font underlined
and bolded for optimal performance).

Methods OA/% P/% R/% IoU/% F1/%

U-Net 96.54 93.31 95.29 89.19 94.29
DeepLabv3+ 96.68 94.06 94.91 89.54 94.48
MSResNet 96.97 94.25 95.71 90.42 94.97
Resunet++ 96.88 93.70 96.03 90.20 94.85

MFGF_UNet 96.91 94.94 94.71 90.17 94.83
MUNet 97.03 95.46 94.56 90.49 95.01

MECNet 97.09 94.78 95.56 90.79 95.17
ours 97.23 94.86 95.96 91.22 95.41

4.3.2. GF2020 Comparison Experiment Analysis

The visual comparison results are shown in Figure 7. The GF2020 has more fine rivers,
and the lake information is more likely to be overwhelmed by the background. Therefore,
it is suitable to test the ability to aggregate contextual and spatial detail information
perception. As shown in Figure 6, a large number of data noise is the most common
problem of the comparison methods. Because FDM is used to divide the features under the
spatial path into subject and boundary, combined with multi-level features, the separated
features are constrained and enhanced. The noise is well suppressed, and good results are
obtained in the comparison. In addition, most methods exhibit lake shrinkage, which is
an inaccurate boundary localization due to missing spatial information. Since our method
performed spatial partitioning to save stable spatial information in different layer zones,
it has better localization ability. It is worth mentioning that MECN et al., achieved good
results in these scenarios thanks to the enhanced capture of the localized information.
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The quantitative comparison results of GF2020 are shown in Table 3. Compared with
GID, the image resolution of the GF2020 is lower, and the objects are primarily fine lakes.
Thus, the whole water detection effect is worse. However, the method in this paper still
achieves the best results in OA, IoU, and F1 indicators. The precision is 2.54% higher
compared to DeepLabv3+. Benefiting from the multi-scale residual structure, the recall of
MSResNet achieves the highest results, but other accuracy indexes are much lower than
the proposed method.

Table 3. Quantitative evaluation results of the comparative methods on the GF2020 (black font
underlined and bolded for optimal performance).

Methods OA/% P/% R/% IoU/% F1/%

U-Net 94.53 84.59 86.58 74.78 85.57
DeepLabv3+ 94.40 83.72 86.97 74.40 85.32
MSResNet 94.99 83.71 90.97 77.29 87.19
Resunet++ 94.94 87.26 85.46 75.99 86.35

MFGF_UNet 94.97 86.54 86.63 76.34 86.58
MUNet 95.11 84.76 90.11 77.54 87.35

MECNet 95.03 85.92 87.86 76.80 86.88
ours 95.49 86.26 90.28 78.93 88.22

4.4. Ablation Experiment

We conducted ablation validation analyses in three directions to better validate the
extent to which each module contributes to the model.

4.4.1. Quantitative Tests Analysis of Each Module

To comprehensively validate the effectiveness of each module, the model is partitioned
into a trunk model and individual modules. The backbone model is encoded through the
context path and decoded via the spatial path. Spatial paths are segregated into Spatial
P1 and Spatial P2 with distinct resolutions for validation. Sequentially introducing FDM,
IERM, and FOM to construct different networks, the results of model ablation experiments
are shown in Table 4. Each module exhibits a positive correlation with enhancing model
performance. IDM effectively addresses propriety and boundary requirements by decou-
pling and reinforcing features, resulting in the most significant improvement in network
performance increase of 1.31% of IoU. Compared with Spatial P1, Spatial P2 achieves better
effects since it obtains higher semantic features through IIM while retaining relatively
complete spatial information. IERM enhances model accuracy by integrating expansion
and adaptive guidance of information. SOM comprehensively improves the model through
directional monitoring of decoupled volume and boundary features.

Table 4. Model ablation experiments.

Spatial P1 Spatial P2 FDM IERM SOM FOM OA P R IoU F1
√ √

94.83 88.07 83.74 75.21 85.85√ √
94.74 84.63 87.87 75.78 86.22√ √ √
94.94 86.32 86.73 76.25 86.52√ √ √ √
95.15 85.23 89.60 77.56 87.36√ √ √ √ √
95.33 86.93 88.33 77.98 87.63√ √ √ √ √ √
95.49 86.26 90.28 78.93 88.22

4.4.2. Visual Comparison Analysis

The results of the c–f network outputs are compared in the quantitative analysis, as
shown in Figure 8. As indicated in the second, fourth, and sixth images, the output features
are somewhat filled and strengthened after the addition of FDM. Because FDM decouples
the body and boundary features, different levels of features enhance the internal body
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features. Meanwhile, the boundary information is denoised. Therefore, the decoupled
features are improved. In contrast with direct recoupling, the connectivity region between
the body and boundary is compensated after adding IERM. As shown in the first and fourth
images, with some strong semantic background features appearing in body features, the
background information is weakened through the adaptive information guidance. SOM
mainly supervises the decoupled body and boundary features. After supervision, the water
body and boundary features get more guidance. Consequently, the effect of coupling is
strengthened, leading to a more accurate ability to localize the output water body boundary.
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adding SOM on C.

4.4.3. Visualization Comparison

To show more clearly how the internal features of the model change by introducing
the modules, the resultant tensor in the form of the heat map results is shown in Figure 9. It
can be seen that the spatial path under 1/8 resolution has richer semantic features, and the
spatial path under 1/2 resolution has finer detail information. After decoupling the features
under the two spatial branches, images C and D have more decisive semantic information,
and the body and boundary features are more evident after decoupling supervision. Images
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E and F show detailed information after decoupling more clearly as well. After coupling
through the IERM, the background and body features are suppressed and strengthened.
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Figure 9. Visualization of the internal structure diagram of the model. The feature maps are uniformly
sampled to the same resolution. (A) is the spatial path under 1/8 size; (B) is the spatial path under
1/2; (C) is the internal body feature output after decoupling supervision of subfigure label (A); (D) is
the boundary feature output after decoupling supervision of subfigure label (A); (E) is the internal
body feature output after decoupling supervision of subfigure label (B); (F) is the boundary feature
output after decoupling supervision of subfigure label (B); (G) is the coupling feature after the output
of the integrated expansion coupling module.

5. Discussion
5.1. Supervisory Weights Setting After Partition Decoupling

In the proposed method, features from different spatial partitions are decoupled
to enhance or supervise the water body features according to the demand. First, each
parameter is set to the same weight to estimate its approximate interval. The weight range
can be set between 0.5 and 1.0 through groups A, B, and C sets. Secondly, to determine
the weight relationship between different partitions and the influence change between the
body and the boundary, groups D, E, F, and G experiments are set to validate.

Table 5 supervises the influence of weights. Where λi denotes the decoupled boundary
feature, and µi is the body feature. When i is 1 or 2, it is denoted as Spatial P1 or Spatial P2,
respectively.

From the results of groups A, B, and C, it can be seen that with the increase in the
output weight information for each decoupled feature, the performance of each aspect
is seen to grow. The maximum value is 0.5, and it can be judged that the optimal effect
is concentrated between 0.5 and 1.0. From the experiments in groups D and E, it can be
understood that shallow spatial partitioning retains richer spatial information and achieves
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the best overall extraction effect compared with shallow spatial partitioning. In groups F
and G, it can be seen that the boundary information has a greater degree of influence on the
final effect. In summary, if more complete water body features are needed, the parameters
of group D can be selected to supervise each decoupling feature, and its R-value is higher
than that of other groups, ranging from 1.54% to 3.5%. If more accurate extraction of water
body features is needed, group F parameters are selected, with the highest accuracy among
all comparisons. If the overall segmentation effect is required, group E parameters are
chosen for supervision, which achieves the optimal results in terms of overall accuracy,
intersection and concurrency ratio, and F1 score.

Table 5. The influence of different weights.

Group ID Parameter (λ2,µ2,λ1,µ1) OA/% P/% R/% IoU/% F1/%

A 0.2, 0.2, 0.2, 0.2 95.30 85.70 89.89 78.17 87.75
B 0.5, 0.5, 0.5, 0.5 95.43 86.62 89.40 78.55 87.99
C 1.0, 1.0, 1.0, 1.0 95.37 86.42 89.31 78.32 87.84
D 1.0, 1.0, 0.5, 0.5 95.33 84.57 91.82 78.65 88.05
E 0.5, 0.5, 1.0, 1.0 95.49 86.26 90.28 78.93 88.22
F 1.0, 0.5, 1.0, 0.5 95.41 87.32 88.32 78.29 87.82
G 0.5, 1.0, 0.5, 1.0 95.34 86.49 89.05 78.17 87.75

5.2. Effectiveness of the Proposed Modules

Previous studies based on water body segmentation mainly focused on the fusion of
multiple features. This fusion ignores the different requirements of the body and boundary
on features, resulting in the coupling and redundancy of features. In the reinforcement and
supervision of features, the expected effect cannot be achieved. For clearer comparison with
previous multi-feature fusion methods and other decoupling methods. Based on the spatial
partition interactive feature extraction framework proposed in this paper, we conducted
comparison experiments with different multi-feature processing methods as variables, and
the results are shown in Table 6.

Table 6. Comparison of effects of different fusion modules. The weight setting of SOM in different
layers is based on the best results in Section 5.1.

Baseline SOM Methods OA/% P/% R/% IoU/% F1/%
√

94.94 86.32 86.73 76.25 86.52√ √
94.85 83.53 90.33 76.67 86.80√

FDM 95.15 85.23 89.60 77.56 87.36√ √
FFM [36] 95.06 84.45 90.24 77.38 87.25√ √

MSFM [27] 95.16 85.36 89.47 77.57 87.37√ √
IDM [56] 95.27 85.91 89.41 77.98 87.63√ √

FDM 95.46 87.18 88.81 78.55 87.99

As can be seen from Table 6, SOM multi-feature constraints can improve the segmenta-
tion effect to a certain extent. To this end, we add other comparison modules in addition to
SOM. Feature fusion module (FFM) [36] fuses features in a multi-feature cascade and uses
attention mechanisms to reinforce features. Multi-scale fusion module (MSFM) [27] supple-
ments the damaged information through the interaction of multiple layers of features and
then fuses it. The two above multi-feature fusion methods, although there are differences
in fusion timing and strengthening methods, essentially ignore the difference in features.
This means the feature supervision cannot be effectively targeted, and the improvement
effect is limited. The information decoupling module (IDM) [56] has a similar decoupling
idea with this method through the Laplace pyramid decomposition feature and is superior
to other contrast fusion methods in effect. However, IDM lacks information enhancement
and background noise removal, which makes the result accuracy lower than 1.27% of the



Remote Sens. 2024, 16, 3959 18 of 24

proposed method. The FDM proposed in this paper can solve the above problems to a
certain extent, and the effect is 0.57–1.17% higher than other fusion methods. In addition,
through the comparison between SOM supervision directly and SOM supervision after
FDM, it can be seen that the supervision effect of the decoupled body and boundary is
more obvious. The method in this paper will produce more constraints on the feature
decoupling supervision. With the increase in the number of decoupled feature layers, too
many constraints will increase the training difficulty to some extent. However, this paper
simplifies the number of feature layers by means of spatial partitioning, which alleviates
the problem to some extent.

5.3. Analysis of Extraction Ability in Complex Scenarios

The completeness of lake morphology extraction and the accuracy of boundary local-
ization are important indicators for assessing the generalization ability of the model. In
this regard, this paper adds SSIM and BIoU as quantitative criteria. Some representative
scenarios are selected from the dataset for discussion. The visualization results are shown
in Figure 10.
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Scenarios A, C, and E consist of large-scale lakes or fine streams, which primarily
test the algorithm’s ability of multi-scale feature extraction and global context perception.
Gated multi-filter inception in MFGF_UNet and multi-scale dilated convolution module
in MSResNet, which consist of different scales of bar or cavity convolution, have similar
effects with CMFAM in this paper, so they have a strong ability to capture fine tributaries.
However, this paper retains more stable information through spatial partitioning while
preserving multi-scale features, making it more effective in connecting some fine streams.

In scenarios B and D, inaccurate boundary localization effects are often produced due
to shoreline erosion, spectral effects, background noise, and other disturbances. In this
paper, we design FDM to separate the body from the boundary, weaken the boundary
noise by semantic enhancement, and supervise the decoupled features by multi-level
association. Compared with other decoding methods that aggregate multi-level features
for output supervision. In the methodology of this paper, the strengthening of information
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and the supervision do not produce a conflict of information, which strengthens the anti-
information interference ability.

Scenarios B and E are the complex boundary regions. Although all methods can detect
broader contours, none can produce better natural cuts. Since the spatial division retains
detailed information and the IERM recouples the features, our method detects the water
body boundary closer to the true value.

As shown in Table 7, the IoU, BIoU, and SSIM of this proposed method achieve the
best results on both datasets. Among them, BIoU is 6.40% and 6.75% higher than UNet
on both datasets, respectively. In order to better predict the fine contours of water bodies,
MECNet adopts a multi-scale prediction fusion module to fuse the prediction results of
different layers, which makes it achieve the second-best results in GID only compared with
the method in this paper. MUNet combines CNN and MixFormer to model the local spatial
detail information and global context information of the image to improve the network’s
ability to capture semantic features of water bodies. It is higher than other comparative
methods in terms of internal feature capture. Unlike the multi-layer fusion approach
mentioned above, this proposed approach considers the output differences of different
features, decouples the features for supervision, and designs the IERM to adaptively couple
the multi-layer features and fuse the body and boundary information using integrated
expansion. Thus, our approach achieves the best results in IoU, BIoU, and SSIM metrics.

Table 7. Comprehensive model evaluation results.

Methods
GID GF2020

IoU BIoU SSIM IoU BIoU SSIM

U-Net 89.19 64.75 93.89 74.78 54.00 88.32
DeepLabv3+ 89.54 67.52 94.27 74.40 52.15 87.96
MSResNet 90.42 67.75 94.14 77.29 58.73 88.34
Resunet++ 90.20 68.28 94.36 75.99 54.63 88.65
MFGF_UNet 90.17 67.24 94.28 76.34 56.40 88.53

MUNet 90.49 68.87 94.82 77.54 59.23 89.06
MECNet 90.79 69.70 94.86 76.80 56.49 88.82

ours 91.22 71.15 95.07 78.93 60.75 89.69

5.4. Discussion of Confusion Matrix Relations

TP denotes the total number of pixels correctly predicted as water bodies, and TN
denotes the total number of pixels correctly identified as background. FP denotes the total
number of pixels incorrectly identifying the background as a water body. FN denotes
the total number of pixels incorrectly identifying the water body as the background. The
difference in the values is large because the two datasets differ in the number of samples
and the percentage of water bodies, as can be seen in Figure 11. ResUNet++ and MSResNet
show a strong contrast in the prediction results of the two datasets. They correctly recognize
water bodies, while too many of the background elements are judged as water bodies. UNet
and DeepLabV3+ are traditional deep learning algorithms, which are difficult to adapt
to the environment of water body recognition, so the results are a little inferior. MECNet
and the proposed method show strong stability in both data sets. Benefiting from the
reinforcement and supervision of decoupled features, this paper can better distinguish the
boundary and background information while extracting water body features.
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Figure 11. The confusion matrix. The blue tint is the confusion matrix comparison of each algorithm
on the GF2020 dataset, and the green tint is the GID. 1 to 8 are the rankings in a similar comparison.
TP and TN are positively correlated, so the maximum value is 1. FP and FN are negatively correlated,
so the minimum value is 1. The value in the rectangle is the total number of pixels in thousands for
the corresponding situation in the prediction dataset. For better comparison, the font color of the top
three is changed to white in this paper.

5.5. Analysis of Model Complexity

As shown in Table 8, the number of parameters and the calculation amount of the
model are also compared to judge the model complexity. The results show that the compu-
tation amount of this paper’s algorithm is only 49.24, second only to MFGF. The number
of parameters and computation amount is only about 1/3 to 1/2 of MUNet, which has
better comprehensive performance, indicating that our method maintains a certain degree
of lightweightness while achieving excellent performance.

Table 8. Model parameters and calculations.

Methods GID IoU GF2020 IoU Params (M) GFlops (B)

U-Net 89.19 74.78 28.94 192.96
DeepLabv3+ 89.54 74.40 59.34 88.81
MSResNet 90.42 77.29 69.55 121.49
Resunet++ 90.20 75.99 4.06 63.20

MFGF_UNet 90.17 76.34 2.17 16.95
MUNet 90.49 77.54 23.29 172.75

MECNet 90.79 76.80 30.06 184.98
ours 91.22 78.93 9.61 49.24
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5.6. Overall Analysis of the Experiment

Decoding by aggregating multiple feature layers seems to be the dominant form
of water body segmentation networks. In this paper, we find that this widely adopted
approach ignores the demand differences between features, which makes it impossible
to effectively supervise the features at each level according to the demand and makes
the differing information compete with each other in learning. In this regard, this paper
proposes SPFDNet. The experimental results in Section 4.3 show that this paper achieves the
best segmentation results compared to similar methods. To further verify the contribution
of each module of this paper’s method, a comparison experiment is conducted in Section 4.4.
First of all, in the selection of the basic framework, this paper abandons the commonly used
UNet framework and designs CMFAM with the multi-scale characteristics of the water
body. In order to minimize the loss of the boundary information of the water body, the
coding architecture is designed using the fixed-resolution interaction method. The results
show that compared with UNet, the proposed infrastructure in this paper has superior
performance and is lightweight. In decoding, the FDM adopts the optical flow method to
separate the different features, which makes the reinforcement method more targeted and
largely contributes to the model performance improvement. To set the supervisory weights
according to the demand scenarios, this paper discusses the variation of supervisory
weights in 5.1 to determine the best segmentation effect. It is worth mentioning that the
FDM with joint supervision can be integrated into the water body segmentation network,
which is based on the codec structure and can improve the reinforcement and constraints on
the features. In Section 5.2, we compare with similar methods and analyze the advantages
and disadvantages of the proposed method. In Section 5.3, we discuss those structures in
this paper and comparative algorithms that are helpful in improving the ability to cope with
complex scenes. Two metrics, SSIM and BIoU, are cited to evaluate feature completeness
and boundary accuracy. By separating the different features in this paper, it can be seen
that joint supervision is effective and achieves the best results. Then, we verify the stability
of this paper’s algorithm by comparing the content of the confusion matrices of all the
algorithms on the two datasets in Section 5.4. To test the effectiveness of the algorithms in
practice, we evaluate the methods lightly in Section 5.5. The results show that the methods
in this paper can better maintain the balance between accuracy and efficiency.

The effect achieved in this paper depends on the data quality to a certain extent,
and the lack of clouds and snow obscuring or covering the water body in the current
water body dataset will reduce the effect of this paper to a certain extent when facing this
scenario. Moreover, the deep learning-based water body segmentation method relies on the
spatial distribution of the data. Thus, it is challenging to meet the practical requirements
when dealing with images in unknown domains, especially with constantly updated
massive datasets. Therefore, lightweight also limits the application scope of the model to
some extent.

6. Conclusions

Deep learning-based water body extraction methods tend to ignore the differences
between the interior and boundary requirements of the water body and treat them as cou-
pled features for decoding. Thus, a SPFDNet is proposed to solve this problem. To enable
the model to extract richer multi-scale features and stable spatial information, a contextual
coding path is constructed based on CMFAM, and the underlying framework is composed
of fixed-resolution interaction. When decoding, the different features are separated by
FDM, and semantic guidance and multi-level supervision are provided to strengthen and
guide the information transfer. Then, IERM compensates the transition region between
the water body and the boundary to generate the output. Through comparative algorithm
validation, scenario analysis, and ablation experiments, the results show that SPFDNet can
make the internal features of the water body more complete and the boundary localization
more accurate by monitoring and reinforcing the separated body and boundary features.
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However, the results in this paper are based on the premise of having labeled samples.
When confronted with unlabeled scenes across domains, the problem of insufficient model
generalization ability often arises. In the future, we will explore unsupervised scenarios for
shoreline extraction in water bodies to expand the application scope of shoreline detection.
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