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Abstract

Semantic segmentation of underwater fish images is vital for monitoring fish stocks,
assessing marine resources, and sustaining fisheries. To tackle challenges such as low
segmentation accuracy, inadequate real-time performance, and imprecise location segmen-
tation in current methods, a novel lightweight U-Net model is proposed. The proposed
model acquires more segmentation details by applying a multiple-input approach at the
first four encoder levels. To achieve both lightweight and high accuracy, a multi-scale resid-
ual structure (MRS) module is proposed to reduce parameters and compensate for the
accuracy loss caused by the reduction of channels. To improve segmentation accuracy,
a multi-scale skip connection (MSC) structure is further proposed, and the convolution
block attention mechanism (CBAM) is introduced at the end of each decoder level for
weight adjustment. Experimental results demonstrate a notable reduction in model volume,
parameters, and floating-point operations by 94.20%, 94.39%, and 51.52% respectively,
compared to the original model. The proposed model achieves a high mean intersection
over union (mIOU) of 94.44%, mean pixel accuracy (mPA) of 97.03%, and a frame rate of
43.62 frames per second (FPS). With its high precision and minimal parameters, the model
strikes a balance between accuracy and speed, making it particularly suitable for underwater
image segmentation.

1 INTRODUCTION

Marine resources are critical to the sustenance and progress of
humanity [1]. Fishery plays a significant role in contributing to
both economic growth and nutritional well-being for numerous
countries globally, serving as a vital source of sustenance and
livelihood for millions of individuals. However, the depletion of
marine fish stocks is becoming increasingly concerning due to
factors such as overfishing and climate change [2].

In recent years, underwater detection technology has devel-
oped vigorously, and underwater robots with powerful vision
systems have emerged [3–5], which can provide high-precision
detection and analysis of marine organisms and marine environ-
ment, as well as important information for humans to deeply
understand marine resources and environment. At present,
underwater vision research mainly focuses on two directions:
underwater image enhancement [6–8] and underwater target
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detection [9–11], aiming at improving the quality of underwa-
ter images and achieving accurate positioning and identification
of targets of interest. However, there are two main problems.
Firstly, most of the existing object detection models have large
parameters and size, which are not suitable for deployment
on resource-constrained underwater vehicles. Secondly, object
detection only provides the rectangular bounding box of the
object, which cannot provide more detailed information such as
the object contour. In order to cope with the above problems, it
is necessary to design an underwater target segmentation model
that can achieve a balance between lightweight and segmenta-
tion accuracy. The target semantic segmentation technology can
effectively distinguish the target from the background. Hence,
it is particularly suitable for scenes that require more detailed
target description and more accurate target positioning.

Unlike land environment, underwater image features are
difficult to extract, and it is difficult to accurately recognize
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and segment underwater images due to the blurring, texture
distortion and size change caused by water flow, surge and
light in the underwater environment. To cope with this chal-
lenge, some researchers have designed artificial lateral line
systems (ALLS) by evolving the lateral line systems (LLS)
with underwater organisms (such as fish) to achieve underwa-
ter sensing and detection capabilities similar to natural LLS
[12]. Other researchers have used traditional segmentation tech-
niques including threshold segmentation [13], edge detection
[14] and region growth to achieve segmentation of underwater
images through hand-designed features. In recent years, with the
development of deep learning, image segmentation techniques
have been applied in many fields [15–17, 30], particularly in the
field of medical imaging. In 2015, Long et al. [18] proposed
the renowned fully convolutional network (FCN) architecture,
which revolutionized the field of semantic-level image seg-
mentation by allowing pixel-level classification and end-to-end
training. This approach simplified the segmentation process
and effectively addressed the challenge of accurately segment-
ing images at the semantic level. In the same year, Ronneberger
et al. [19] enhanced FCN by proposing a U-Net network with
a symmetric encoding and decoding structure that achieved
remarkable results in medical image segmentation tasks. Build-
ing upon the success of U-Net, several subsequent researchers
have introduced various network architectures, including R2U-
Net [20], MultiResUNet [21], U-Net+ [22], TransUNet+ [23],
and Attention UNet [24], etc. In 2017, SegNet [25] further
advanced the symmetric encoding and decoding structure by
utilizing minimal data to preserve index values while map-
ping low-resolution features to input resolution for accurate
boundary feature localization. From 2016 to 2018, Chen et al.
sequentially introduced DeepLab v1, v2, v3 and v3+ [26–29].
Among them, DeepLab v1 utilized atrous convolution and
fully connected conditional random field (CRF) operations to
improve the accuracy of segmentation. However, this approach
posed a potential drawback of sacrificing the preservation of
detailed information present in the images. DeepLab v2 fur-
ther advanced the previous research by incorporating an atrous
spatial pyramid pooling (ASPP) module, which enables the pro-
cessing of objects at multiple scales. DeepLab v3 integrates
global average pooling and 1 × 1 convolutional layers into the
ASPP module, allowing for the effective handling of multi-
scale segmentation targets and enhancing the performance of
semantic image segmentation. DeepLab v3+ has introduced
an ASPP module that captures multi-scale contextual seman-
tic information, in addition to a decoding module that refines
boundary segment levels. In 2023, Zhou et al. [30] proposed
a cross-level feature aggregation network (CFA-Net), which
uses techniques such as boundary aggregation to capture con-
text information and cross-layer feature fusion to improve
segmentation performance. Although these image segmenta-
tion techniques have made numerous advances in the medical
field, they cannot be directly applied to underwater environment
image segmentation.

In recent years, more researchers have begun to shift their
attention to the field of fish image semantic segmentation in
underwater environment. By learning from the existing seg-

mentation network ideas and combining the characteristics of
underwater images, many network models suitable for under-
water fish video or image segmentation have been developed.
Labao et al. [31] proposed a ResNet-FCN semantic segmen-
tation network for underwater videos, which can segment
fish targets only through colour-based input features without
motion cues. However, due to the excessive number of fully
convolutional residual network layers used, the model parame-
ters are huge. Nezla et al. [32] also tried to apply image semantic
segmentation to underwater target exploration. Based on the U-
Net network, the model was trained and fine-tuned with optimal
hyperparameters, and achieved an average IoU score of 0.8583
segmentation accuracy, without considering the issue of making
the model lightweight. Garcia et al. [33] proposed a single fish
detection system that directly placed the vision system in the
trawl, aiming at reducing the amount of small and medium-sized
fish caught. They achieved good segmentation performance
by using the Mask R-CNN model for localization and seg-
mentation and adopting gradient optimization to improve the
fish boundary contour, but it still needs to be optimized in
terms of segmentation speed. Zhang et al. [34] proposed a
dual pooling-aggregated attention network (DPANet). Through
pooling-aggregation position and channel attention modules,
the context semantic features are adaptively fused, and good
segmentation performance is achieved. However, the backbone
network parameters chosen by the authors are large. Abe et al.
[35] used SegNet network to detect fish at a pixel level. Although
it can distinguish foreground and background well, it has the
problem of gradient disappearance and needs to train a large
number of parameters. Yang et al. [36] proposed a fish-feeding
segmentation method (FFSS-Net) to achieve a balance between
speed and accuracy performance. However, due to the high fish
density in the aquatic environment, the segmentation edge is
not accurate enough. In addition, extremely imbalanced datasets
also lead to limited segmentation performance [37]. Although
these methods have made some progress, they have some limi-
tations and do not consider making the model lightweight and
improving segmentation accuracy at the same time. Therefore,
there is still considerable room for improvement in the field of
underwater fish image semantic segmentation.

In order to better adapt to resource-constrained underwa-
ter robots and other detection devices, this paper proposes an
image segmentation method based on a lightweight U-Net net-
work to segment fish targets in underwater images. Specifically,
we first design a multiple-input method in the first four encoder
levels to obtain the optimal number of down-sampling through
experiments to obtain more segmentation details. Next, in order
to make the model achieve a balance between lightweight and
high accuracy, we propose an MRS module with strong fea-
ture extraction ability, which not only reduces the number of
parameters and calculations but also makes up for the accu-
racy loss caused by channel reduction. In addition, in order to
better utilize the feature information obtained by the encoder,
we introduce an MSC structure module to fuse the features of
different scales. At the same time, the CBAM attention mecha-
nism is introduced at the end of each decoder level for weight
adjustment to improve the segmentation accuracy. Finally, the
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ZHANG ET AL. 3

FIGURE 1 Example original and label images from the dataset.

proposed model is verified using a dataset of marine fish images
in a real environment. Our contributions in this paper are as
follows:

(1) We propose a U-Net based lightweight semantic segmen-
tation model for underwater fish image segmentation,
which can achieve a balance between the model weight
and segmentation accuracy while ensuring the real-time
performance of the network.

(2) We design a multiple-input method in the first four encoder
levels, which can be used to compensate for the details lost
by multiple down-sampling.

(3) We propose a novel MRS feature extraction block, which
can not only make the model lightweight, but also extract
more detailed features.

(4) We propose an MSC structure to intelligently combine dif-
ferent levels of semantic information and avoid redundancy,
which can segment the object more accurately.

The rest of this paper is organized as follows. Section 2
describes the dataset used in this paper and the proposed
lightweight segmentation model in detail. Section 3 presents the
experimental verification and analysis. A discussion of failure
cases and limitations is given in Section 4. Finally, Section 5
concludes the work presented in this paper.

2 DATASETS AND PROPOSED MODEL

2.1 Datasets

To evaluate the proposed model in this paper, the
Fish4Knowledge dataset [38] is selected as the experimen-
tal data. This is a dataset of fish images collected between 1
October 2010, and 30 September 2013, by the Taiwan Power
Corporation, Taiwan Institute of Oceanography, and Kiting
National Park at underwater viewing platforms in the Taiwan
South Bay Strait, Lanyu Island, and Hubi Lake. It has a total
of 23 underwater fish species and 27,370 fish images. Figure 1
shows a dataset example. Each fish image in the dataset corre-
sponds to a Label image, where the white area is the mask of the
corresponding fish target. There are two semantic categories
in the Label image, namely background and fish target, with
pixel values of 0 and 255, respectively. Herein, all fish images

are uniformly resized to 128 × 128 pixels, and the dataset is
randomly partitioned into three parts of ratio 8:1:1 for the
training set, validation set, and test set, respectively.

2.2 Proposed model

Here, this paper first gives the overall framework of the
improved U-Net network, and then introduces four specific
improvement made to the original network in sequence: MRS
block structure, multiple-input structure, MSC structure and
inserted CBAM attention mechanism.

2.2.1 Improved U-Net network framework

Here, the U-Net network structure is improved as shown in
Figure 2. Here, ×1 and ×2 mean that there are 1 and 2 identi-
cal modules connected to the hierarchy, respectively. Achieving
the balance between lightweight and accuracy is an urgent prob-
lem to be solved for underwater exploration robots. At present,
semantic segmentation algorithms have too many parameters,
low efficiency and low accuracy, which greatly limits their appli-
cation in the field of underwater exploration. Considering that
the underwater fish target segmentation task is relatively sim-
ple compared to classification tasks such as COCO dataset and
VOC dataset, we first cut the network by reducing the number
of convolution kernels, reducing the number of down-sampling
channels from {64,128,256,512,1024} to {16,32,64,128,256}.
Then, in order to enhance features while minimizing the num-
ber of parameters and computational complexity, a lightweight
feature extraction structure MRS block based on Inception-
ResNet-C is designed. To further reduce the impact of detail loss
caused by down-sampling, we design a multiple-input approach
in the first four levels of the encoder. This is followed by com-
bining the feature maps of different scales of the encoder and
decoder to realize the feature fusion of different scales to accu-
rately segment the fish target and solve the problem of unclear
fish boundary segmentation. Finally, the CBAM attention mech-
anism is introduced at each level of the decoder in order to make
the network model focus on important feature information and
reduce the interference of irrelevant information.

2.2.2 MRS block structure

The conventional belief is that deeper stacking of CNNs leads
to improved performance and increased knowledge acquisition.
However, as the network becomes deeper, the number of model
parameters and its size significantly increases, impacting the
training speed. Moreover, the actual accuracy does not necessar-
ily improve and may even slightly decrease. This is primarily due
to the fact that increasing the depth of CNNs not only substan-
tially increases computational complexity but also results in the
“gradient explosion” [39] phenomenon during model training,
making it more challenging. At present, it has been shown that
the use of decomposed convolution can alleviate the “gradient
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4 ZHANG ET AL.

FIGURE 2 Improved U-Net network structure.

explosion” problem while achieving excellent performance at a
lower computational cost.

Therefore, this paper draws inspiration from the Inception-
ResNet-C architecture and designs a MRS for feature extraction,
which is shown in Figure 3. The key to the lightweight nature
of this structure lies in the inclusion of decomposed convolu-
tions internally. Additionally, we introduce a 1 × 1 convolution
in the leftmost residual connection to alleviate “gradient explo-
sion” and adapt to the number of channels. Moreover, this may
allow us to capture additional spatial information. The number
of convolutional kernels in the middle and right branches is set
to 128 to enhance feature extraction capability while reducing
computational complexity. Finally, a channel shuffle operation is
performed on the feature map’s order of channels to strengthen
intercommunication among different information channels.

Decomposed convolution was first proposed in GoogleNet
[40] and later used for efficient segmentation in the ERFNet
network [41]. The principle is to decompose an ordinary con-
volution of k × k size into two one-dimensional convolutions
of k × 1 and 1 × k. Decomposed convolution has the char-
acteristics of the reduced number of parameters and amount
of computation. Without considering the convolution bias, the
number P of common convolution parameters for k × k is
calculated as:

P = cout k2cin (1)

where cin and cout are the number of input and output chan-
nels, respectively. On the other hand, the ordinary convolution
computation Q is calculated as:

Q = cout ×
(
2k2cin − 1

)
× HoutWout (2) FIGURE 3 MRS block structure.
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ZHANG ET AL. 5

where Hout and Wout are the height and width of the output
feature map, respectively. From this, it can be seen that the num-
ber of parameters of an ordinary convolution is squared with
the convolution kernel size k. The decomposed convolution
breaks down an ordinary convolution of size k × k into two
1D convolutions of k × 1 and 1 × k. Therefore, the parameter
quantity Pf and computation quantity Q f can be calculated as
follows:

Pf = 2cout kcin (3)

Q f = 2[cout × (2kcin − 1) × HoutWout ] (4)

It can be seen from Equations (3) and (4) that Pf and Q f have
a linear relationship with the convolution kernel size k. There-
fore, the larger the size of the convolution kernel, the greater
will be the extent of the reduction of parameter number and
computation cost by decomposed convolution over ordinary
convolution.

2.2.3 Multiple-input structure

In the field of image segmentation, the feature extraction stage
of the encoder is very critical because it directly affects the ability
of the model to understand and express the input data. How-
ever, regular down-sampling operation will lead to partial loss
of part of the detail information, which reduces the network
segmentation accuracy, and thus is a challenge for tasks that
require high-precision segmentation. To overcome this prob-
lem, a new method called multiple-input structure, which makes
full use of multi-scale information to improve the network’s
ability to perceive the target, is designed in this paper, as shown
in Figure 4.

In particular, the multiple-input structure first performs three
×2 down-sampling operations on the input features, which is
equivalent to ×2, ×4, and ×8 down-sampling of the input fea-
tures, respectively. Then, the down-sampled features are Concat
cascaded with those of the corresponding level to retain more
detailed information. Finally, a 1×1 convolution operation is
used for feature dimension reduction to speed up the training,
so as to obtain the input features of the corresponding level. In
this way, the features of multiple down-sampling levels are effec-
tively fused, which improves the network’s ability to perceive
detailed information and thus the segmentation accuracy. This
design can not only effectively deal with the problem of infor-
mation loss in the down-sampling process, but also accelerate
the training speed so that the model has better performance in
practical applications.

2.2.4 MSC structure

Due to the direct connection between the encoder and decoder
in the same layer of the U-Net network, there exists a sig-
nificant semantic difference among the feature maps, which

FIGURE 4 Multiple-input structure.

inevitably increases the complexity of network learning. To
address this issue, this paper introduces the MSC module to
make the feature information of network fusion more abundant
and comprehensive.

Unlike U-Net’s skip connection structure, our proposed MSC
structure not only modifies the simple skip connection between
the encoder and decoder but also alters connections within the
decoder. In the improved U-Net decoder in Figure 2, X 3

De fuses
the smaller-scale feature maps of X 1

En and X 2
En with the same

scale feature maps of X 3
En and the larger-scale feature maps of

X 4
De. Similarly, X 4

De fuses the smaller-scale feature maps of X 2
En

and X 3
En with the feature maps on the same scale of X 4

En and
the larger-scale feature maps of X 5

De. In order to avoid informa-
tion redundancy, this paper only sets the fusion of multi-scale
feature maps in decoders X 3

De and X 4
De. The specific process

of constructing the feature map, taking the decoder X 3
De as an

example, is illustrated in Figure 5.
As depicted in Figure 5, the aforementioned two skip con-

nections reduce the feature map resolution to 1/4 and 1/2
through max pooling operations, respectively, thereby convey-
ing low-level semantic information. Conversely, the lower skip
connection expands the resolution by a factor of 2 using trans-
posed convolution to convey high-level semantic information.
In terms of channel numbers, both X 1

En and X 3
En convert

them to 32 channels via a 1 × 1 convolution operation while
reducing the number of up-sampling channels to 1/4 of their
original value. The design of the MSC structure makes the
decoder X 3

De fuse small-scale, same-scale, and large-scale feature
maps effectively, thus obtaining fine-grained and coarse-grained
semantic information for clearer localization and edge detection
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6 ZHANG ET AL.

FIGURE 5 Example of constructing a feature map using MSC structure.

FIGURE 6 CBAM structure.

of fish targets, even under challenging underwater conditions
characterized by fuzzy boundaries.

2.2.5 Attention mechanism

In order to improve the network model’s attention to important
feature information, suppress irrelevant features, and improve
the extraction ability and segmentation accuracy of target
features, we introduce the CBAM [42, 43]. We incorporate
the CBAM attention module into each level of the decoder,
adjusting the feature weights through CBAM to strengthen
meaningful features while suppressing irrelevant ones. This
enhancement improves the decoder’s image recovery capability.

The CBAM attention module consists of a channel attention
module and a spatial attention module, which can refine the fea-
ture map and integrate it into two dimensions to optimize the

intermediate feature map adaptively. The structure diagram of
CBAM is illustrated in Figure 6.

For the feature map F (H×W×C) input to CBAM module,
the mathematical derivation formula is as follows:

Mc (F ) = 𝜎 (MLP (AvgPool (F )) + MLP (MaxPool (F )))

= 𝜎
(
W1

(
W0

(
F c

avg
))

+W1
(
W0

(
F c

max
)))

(5)

F ′ = Mc (F ) ⊗ F (6)

Ms (F
′ ) = 𝜎( f 7×7([AvgPool (F ′ );MaxPool (F ′ )]))

= 𝜎
(

f 7×7
([

F s
avg;F

s
max

]))
(7)

F ′′ = Ms (F
′ ) ⊗ F ′ (8)
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ZHANG ET AL. 7

where Mc (F ) is the output channel attention feature map, 𝜎
is the Sigmoid activation function, MLP is a multi-layer per-
ceptron [44], AvgPool and MaxPool are average pooling, and
max pooling respectively, W0 and W1 are the weights of MLP

(W0𝜖ℝ
C

r
×C

and W1𝜖ℝ
C× C

r where r = 16 is the attenuation fac-
tor), F c

avg and F c
max are the output of feature map F through

average pooling, and max pooling, respectively, F ′ is the input
of the spatial attention module, ⊗ is the element-wise multipli-
cation operation, Ms (F

′ ) is the output spatial attention feature
map, F s

avg and F s
max are the output of the feature map through

average pooling, and max pooling, respectively, f 7×7 is a convo-
lution layer with a convolution kernel size of 7 × 7, and F ′′ is
the final output feature map of the CBAM module.

2.3 Experiment configuration

The experiment was conducted on a computer platform with
Intel(R) Core(TM) i7-13700KF 3.40 GHz processor, NVIDIA
GeForce RTX 4090 graphics card, 24GB video memory, and
Windows 10 operating system. The experiment utilized the
Python 3.8 programming language, a deep learning framework
based on PyTorch, and the VS Code compiler. The batch
size was set to 16; the cross entropy (CE) loss function was
employed; Adam optimizer was used to update the network
training weight; the learning rate was set to 1e-4; and the number
of epochs was set to 30.

3 EXPERIMENT AND ANALYSIS

3.1 Performance metrics

To assess the performance of the network model in a quantita-
tive manner, the mean intersection over union (mIOU), mean
pixel accuracy (mPA), and frames per second (FPS) are utilized
as performance metrics for the algorithm’s target identification.
The mean intersection over union (mIOU) is a metric that cal-
culates the average ratio of the intersection and union of real
and predicted values across all categories. On the other hand,
the mean pixel accuracy (mPA) is a metric that calculates the
average accuracy of pixel classification for all object classes in
the image. They are calculated as follows:

mIOU = 1
k + 1

k∑

i=0

pii
∑k

j=0 pi j +
∑k

j=0(p ji − pii )
(9)

mPA = 1
k + 1

k∑

i=0

pii
∑k

j=0 pi j

(10)

where k denotes the number of categories excluding the back-
ground, i and j represent the true value and predicted value,
respectively, pi j represents the count of pixels that predict i as
j, pii represents the count of pixels that predict i as i, and p ji
represents the count of pixels that predict j as i.

TABLE 1 Network performance under different down-sampling times.

Number of

down-sampling mIOU (%) mPA (%)

Params

(106)

FLOPs

(109)

2 94.37 96.98 6.09 8.40

3 94.63 97.21 6.16 8.41

4 94.49 97.04 6.43 8.43

3.2 Model verification

3.2.1 Effect of different down-sampling times
in the multiple-input module

In order to verify the effect of different down-sampling times
for input features in the multiple-input module on network per-
formance, this paper conducts experiments on the basis of the
improved U-Net network when the number of channels is {64,
128, 256, 512, 1024}. The results are shown in Table 1.

As evident from the results in Table 1, the best mIOU
and mPA performances are achieved when the input features
are down-sampled three times in sequence in the multiple-
input module, while the number of parameters and FLOPs
are between those of two and four down-sampling. When
down-sampling two times, although the parameter number and
FLOPs will decrease, mIOU and mPA will also decrease. When
down-sampling four times, not only will mIOU and mPA
decrease, but the number of parameters and FLOPs will also
increase. This shows that only the appropriate down-sampling
times can retain more useful details. More detailed information
is lost when the sample is down-sampled four times. Even if
Concat is concatenated with the sampled features at the cor-
responding level, it cannot be replaced. However, the network
performance is affected by the decrease in parameter number
when the sample is down-sampled two times. Therefore, in this
paper, the down-sampling frequency was set to 3 times in the
multiple-input module.

3.2.2 Effect of different channel reduction
factor

In order to verify the effect of a different channel reduction fac-
tor on network performance, this paper conducts experiments
similar to those in the previous section. Experiment 1 indicates
that the number of improved U-Net channels is {64, 128, 256,
512, 1024}. Experiment 2 indicates that the number of chan-
nels in the improved U-Net network is reduced to 1/2 of the
number of channels in experiment 1, namely {32, 64, 128, 256,
512}. Experiment 3 indicates that the number of channels in
the improved U-Net network is reduced to 1/4 of the number
of channels in experiment 1, that is, {16, 32, 64, 128, 256}. The
results are shown in Table 2.

As evident from the results in Table 2, with the reduction
of channel number, both the parameter number and FLOPs
decrease significantly, while mIOU and mPA decrease slightly.
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8 ZHANG ET AL.

TABLE 2 Network performance under different channel reduction factors.

Experiment

Channel

reduction factor mIOU (%) mPA (%) Params (106) FLOPs (109)

1 1 94.63 97.21 6.16 8.41

2 1/2 94.51 97.09 2.79 6.41

3 1/4 94.44 97.03 1.74 5.59

TABLE 3 Network performance under different attention mechanisms.

Model mIOU (%) mPA (%)

Params

(106)

FLOPs

(109)

Improved U-Net 94.37 96.98 1.73 5.58

+SE 94.42 97.03 1.74 5.58

+CA 94.40 97.00 1.73 5.58

+ECA 94.38 96.99 1.73 5.58

+CBAM 94.44 97.03 1.74 5.59

When the number of channels is reduced to 1/4 of the orig-
inal number, mIOU and mPA decrease by 0.19% and 0.18%,
respectively, and the number of parameters and FLOPs decrease
by 71.75% and 33.53%, respectively, relative to that before the
reduction. Therefore, based on the lightweight index of the
model and the recognition performance index of the algorithm,
the number of channels in the improved U-Net network is
reduced to 1/4 of the number of channels in experiment 1 in
this paper {16, 32, 64, 128, 256}.

3.2.3 Effect of attention mechanism

This section further verifies whether the introduction of the
CBAM attention mechanism can help the network model
improve the extraction ability of target features and segmenta-
tion accuracy. After a series of operations of channel reduction
and the introduction of MRS block, multiple-input and MSC
structure, we obtain an improved lightweight network model,
which is called improved U-Net. Here, several commonly used
attention mechanisms SE (squeeze-and-excitation), CA (coor-
dinate attention), ECA (efficient channel attention) and CBAM
are fused into the improved U-Net network model, and com-
parative experiments are carried out on the same data set. The
results are shown in Table 3.

It can be seen from Table 3 that the improved U-Net network
without the attention mechanism has the lowest mIOU and
mPA, which represent the segmentation accuracy indicators.
After integrating the attention mechanisms of SE, CA, ECA
and CBAM, the number of parameters and FLOPs are hardly
improved, while the mIOU is increased by 0.05%, 0.03%, 0.01%
and 0.07% respectively, and the mPA is increased by 0.05%,
0.02%, 0.01% and 0.05%, respectively. This also shows that the
introduction of an attention mechanism can improve the ability
to extract target features. Therefore, considering the experi-

mental results, this paper chooses to fuse the CBAM attention
mechanism.

3.3 Performance comparison between the
improved model and the basic network

The proposed algorithm (this work) and the original U-Net
model are trained and tested on the same marine fish image
dataset, and the results are shown in Table 4.

It can be seen from Table 4 that the proposed algorithm
has a significant decrease in the number of parameters, model
size and calculation amount, and a small increase in mIOU and
mPA. Compared with the original U-Net model, the number of
parameters of the proposed algorithm is reduced to 1.74 M, a
reduction of 94.39%. The model size is reduced to 6.87 MB,
a reduction of 94.20%. The FLOPs are reduced to 5.59G, a
reduction of 51.52%. The mIOU reaches 94.44%, an increase
of 0.57%. The mPA reaches 97.03%, an increase of 0.62%.
Therefore, through the comparison of various evaluation indi-
cators, it can be concluded that the proposed algorithm can
achieve model lightweight while maintaining high segmentation
accuracy.

3.4 Ablation experiment

In order to verify the effectiveness of the improved network
and each improvement module of the network, we set up an
ablation experiment as follows: Scheme 0—original U-Net net-
work; Scheme 1—add MRS block to the original U-Net network
with channel numbers {16, 32, 64, 128, 256}; Scheme 2—
introduces multiple-input structure based on Scheme 1; Scheme
3—introduces MSC structure on the basis of Scheme 2; and
Scheme 4—introduces CBAM attention mechanism based on
Scheme 3. Scheme 4 is the final model proposed in this paper.
Table 5 illustrates the designs of several schemes, and Table 6
shows the outcomes of ablation experiments.

As evident from the results in Table 6, the inclusion of
each module into the U-Net network leads to an enhancement
in performance, accompanied by a notable reduction in the
number of parameters and FLOPs. Although the mIOU and
mPA of Scheme 1–4 show only marginal improvement com-
pared to Scheme 0, the network model demonstrates enhanced
lightweight characteristics. The number of parameters and
FLOPs of Scheme 1–4 exhibits a significant decrease, primar-
ily attributed to the reduction in the number of channels within
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ZHANG ET AL. 9

TABLE 4 Performance comparison before and after improvement.

Model mIOU (%) mPA (%) Params (106) Model size (MB) FLOPs (109)

U-Net 93.87 96.41 31.04 118.49 11.53

This work 94.44 97.03 1.74 6.87 5.59

TABLE 5 Different schemes for ablation experiments.

Scheme +MRS block +Multiple-input +MSC +CBAM

0

1 ✓

2 ✓ ✓

3 ✓ ✓ ✓

4 ✓ ✓ ✓ ✓

“√” denotes the method of introducing the corresponding column.

TABLE 6 Model comparison in the ablation experiment.

Model mIOU (%) mPA (%) Params (106) FLOPs (109)

Scheme 0 93.87 96.41 31.04 11.53

Scheme 1 94.18 96.81 1.79 5.57

Scheme 2 94.26 96.85 1.80 5.58

Scheme 3 94.37 96.98 1.73 5.58

Scheme 4 94.44 97.03 1.74 5.59

the model and the utilization of a substantial amount of decom-
posed convolution. Compared to Scheme 0, the mIOU and
mPA of Scheme 1–4 exhibited improvements of 0.31%, 0.39%,
0.50%, and 0.57%, respectively. Additionally, the number of
parameters decreased by 94.23%, 94.20%, 94.43%, and 94.39%,
respectively; and the FLOPs decreased by 51.69%, 51.60%,
51.60%, and 51.52%, respectively. These results suggest that
each module of the design is effective.

3.5 Performance comparison of different
algorithms

In order to verify the advantages of the proposed algorithm, we
compare it with the popular semantic segmentation algorithms
(U-Net [19], SegNet [25], R2U-Net [20], Mobile_UNet [45], Att
U-Net [24], PSPNet [46]) and several existing underwater fish
segmentation methods (ARD-PSPNet [47], IST-PSPNet [48])
using the same data set. The results are shown in Table 7. The
prediction visualization results of different methods are shown
in Figure 7.

As evident from the results in Table 7, when compared
to the classic networks U-Net, SegNet, R2U-Net, Mobile_U-
Net, Att U-Net, and PSPNet, the proposed algorithm has
the least number of parameters (1.74 M), smallest model size
(6.87 MB), and FLOPs (5.59 G), while maintaining high seg-

mentation accuracy. The mIOU of our proposed algorithm
in this study exhibits improvements of 0.57%, 0.99%, 4.29%,
0.91%, 0.21%, and 4.31% when compared to U-Net, SegNet,
R2U-Net, Mobile_UNet, Att U-Net, and PSPNet, respectively.
The corresponding mPA is 0.62%, 0.58%, 0.65%, 0.04%, and
1.14% higher than that of U-Net, SegNet, Mobile_UNet, Att
U-Net, and PSPNet, respectively, but 0.24% lower than that of
R2U-Net. Compared with the existing underwater fish segmen-
tation methods ARD-PSPNet and IST-PSPNet, the proposed
algorithm does not have advantages in mIOU, but improves the
mPA. Moreover, it also shows clear advantages in the number of
parameters, model size and FLOPs. In terms of segmentation
speed, the FPS of the proposed method reaches 43.62, which is
3.5 higher than that of the PSPNet network. Although it is lower
than other methods except PSPNet, it can still meet the real-
time requirements. In summary, our proposed algorithm is less
demanding in terms of computing resources and storage space,
more lightweight, and can achieve high segmentation accuracy,
which is suitable for application in underwater environments
with limited resources. As can be seen from Figure 7, com-
pared with the classical network, the segmentation results of the
proposed method have higher accuracy, achieve more complete
object segmentation, and the resulting segment details are more
consistent with the real label images. Compared with the exist-
ing underwater fish segmentation methods ARD-PSPNet and
IST-PSPNet, the segmentation effect is similar.

4 FAILURE CASES AND LIMITATIONS

Through the verification of the above experiments, it is shown
that the proposed algorithm balance between achieving model
lightweight and maintaining segmentation accuracy. However,
when dealing with extremely blurry underwater fish images and
“incognito” fish images, the proposed algorithm cannot achieve
satisfactory segmentation results, as illustrated in Figure 8. The
so-called “stealth” means that due to the differences in the living
environment and habits of marine fish, the colour of the whole
body or part of some fish will be similar to the colour of the
environment, so that they seem to blend with the surrounding
environment in the image, showing an “incognito” effect.

As can be seen in Figure 8, when dealing with extremely
blurry underwater fish images, the boundary of the fish target
appears to drift and the details of the fishtail are segmented inac-
curately. When dealing with the “incognito” fish image, the fish
target and the environment background are similar in colour,
and the boundary of the fish target is mixed with that of the
environment, resulting in boundary confusion and unsatisfac-
tory segmentation results. In this case, the algorithm proposed
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10 ZHANG ET AL.

FIGURE 7 Segmentation visualization results of different algorithms.
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ZHANG ET AL. 11

TABLE 7 Comparison of the results of different methods on the test set.

Method mIOU (%) mPA (%) Params (106) Model size (MB) FLOPs (109) FPS

U-Net 93.87 96.41 31.04 118.49 11.53 61.18

SegNet 93.45 96.45 29.44 112.44 10.04 48.81

R2U-Net 90.15 97.27 39.09 149.23 16.42 49.16

Mobile_UNet 93.53 96.38 15.11 57.83 10.44 61.59

Att U-Net 94.23 96.99 34.88 133.19 16.65 57.42

PSPNet 90.13 95.89 46.71 187.20 11.38 40.12

ARD-PSPNet 94.85 96.12 49.53 47.86 10.71 47.30

IST-PSPNet 94.53 96.76 46.48 168.52 40.27 49.86

This work 94.44 97.03 1.74 6.87 5.59 43.62

FIGURE 8 Diagram of the two types of failure cases.

in this paper cannot accurately distinguish the fish boundary, but
can only roughly judge the position of the fish target.

Therefore, in the future, we can further optimize the deep
learning model to systematically analyse and process underwater
fish images and improve the segmentation effect by combining
techniques such as object detection and image enhancement.

5 CONCLUSION

Herein, an improved lightweight network for underwater fish
image segmentation is proposed based on U-Net. On the basis
of retaining the U-Net’s U-shape structure, an MRS structure
is designed to replace the ordinary convolutional layer, which
can greatly reduce the model’s volume and parameter number.
Meanwhile, a multiple-input structure is designed in the encoder
part so that the encoder can obtain more detailed informa-
tion. The common skip connection between the encoder and
decoder is replaced with an MSC structure, which makes full use
of deep and shallow layers of semantic information to improve
the accuracy of semantic segmentation. It uses an attention
mechanism to strengthen the weight of some feature layers and
spatial region features, and suppresses the features of the back-
ground region, in order to improve the accuracy of underwater
fish target segmentation. The mIOU and mPA performances

of the model based on the Fish4Knowledge dataset are 94.44%
and 97.03%, respectively. The model’s 1.74 M parameters and
size of 6.87 M are only 5.61% and 5.8% of UNet, respectively.
Its average segmentation speed of 43.62 FPS can ensure the
real-time performance of the network while maintaining a bal-
ance between precision and complexity. Compared with other
methods, the performance of the proposed algorithm is verified
through simulation experiments.

In the future, we plan to explore relevant techniques
for the advancement of unmanned underwater vehicles by
enabling intelligent object detection and recognition in diverse
underwater environments.
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