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The crayfish industry (Procambarus clarkii) is experiencing rapid growth. However, the
processing sector continues to face challenges due to a lack of advanced automation,
relying heavily on manual visual inspection to assess crayfish specifications and integrity,
which limits efficiency and precision in decision-making. To address the issue of
intelligent grading of P. clarkii, this work proposes the GHB-YOLOv8-seg algorithm for
segmenting the main trunk of P. clarkii shrimp based on the YOLOv8n-seg model. The
original main trunk network is replaced through the coupling of Ghost and HGNetV2, and
depth-separable convolution is employed to perform the linear transformation of the
features. This results in a reduction in the number of parameters and computational
complexity while maintaining high accuracy. The computational complexity is reduced;
concurrently, introducing the weighted bidirectional feature pyramid network (BiFPN)
enables the model to perform multi-scale feature fusion with greater alacrity, thereby
enhancing the model’s performance. Ultimately, the intelligent grading of crayfish
specifications was achieved by calculating the pixel area after segmentation and
converting it to the actual body weight. The results demonstrated that the number of
parameters of the improved YOLOv8n-seg model was reduced by 60.5%, the model size
was reduced by 55.4%, and the mAP value was increased from 98.9% to 99.2%. The study
indicates that the YOLOv8n-seg algorithm model facilitates precise and lightweight
segmentation of the crayfish trunk, which can be integrated into diverse mobile devices.

INTRODUCTION

The Deep learning is increasingly being applied in the
aquaculture industry to provide technical support for preci-
sion farming,! fish detection,? disease identification,3 pop-
ulation statistics, etc. Feng et al® used Multi-scale Retinex
(MSRCR) algorithm for color restoration of images with
multimetric-driven contrast-constrained adaptive his-
togram equalization (mdc) to improve the image clarity and
combined the proposed Multi-Step Image Pre-enhance-
ment (MIPS) module with the lightweight EfficientNet net-
work, which significantly improved the intensity of the
feeding behavior of fishes in the classification accuracy.
Jiang et al® utilized migration learning and inter-layer fu-
sion mechanisms for recognizing 10 fish species with com-
plex backgrounds. The experimental results show that the
model can improve the ability of fish classification and
recognition in complex underwater scenarios, which can
support the study of fishery resource distribution. Yu et
al7 established the Fish-Keypoints dataset and used deep

learning techniques to detect the key points of the fish and
combined the binocular camera system with a 3D coordi-
nate system to measure the length of the fish, which was
tested in both water and land environments, and the re-
sults showed that the relative error was small and could
accurately detect the key points of the fish. Yu et al8 pro-
posed an improved U-net segmentation and measurement
algorithm, which uses the expansion convolution to replace
the convolution in the original U-net to expand part of
the convolutional sensory field and realize more accurate
segmentation of large targets in the scene. It is combined
with the line fitting method based on the least squares
method to accurately measure the body length and body
width of tilted fish, which provides technical support for
the batch detection of good fish species. Zheng et al.”? re-
alized a real-time recognition method for single fish by
integrating video object segmentation with the YOLOv7
detection algorithm in complex underwater environments,
which effectively improves the accuracy and efficiency of
fish individual recognition. Li et all0 based on YOLOVS5, ref-
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erenced Res2Net residual structure and coordinate atten-
tion mechanism instead of the original Bottleneck to real-
ize an accurate and fast fish detection method in fisheries.
Zhang et alll based on YOLOv8n proposed the integra-
tion of GELU activation function, MPDIoU, and the fusion
of C2f-FAM and C2f-MSCA modules in the backbone net-
work to enhance YOLOv8 with high performance in envi-
ronments with high turbidity and high number of fishes.

In comparison to the existing research on intelligent
technology for fish, the large-scale culture of crayfish is
less researched for its intelligence due to its late develop-
ment. To achieve intelligent grading of crayfish, this paper
proposes a method for detecting the main trunk of cray-
fish bodies based on an improved instance segmentation
model, GHBSeg-YOLOv8. Our model features high accu-
racy, low parameter volume, and small size. It is friendly
to low-performance hardware devices, which is conducive
to further deployment to mobile devices. The lightweight
improvement of the model is accomplished by using
GhostHGNetV2, a lightweight backbone network based on
deeply separable convolution with the advantages of ef-
ficient feature extraction capability and high accuracy. In
addition, the study further reduces the model’s weight by
optimizing the neck structure of YOLOv8-seg with BiFPN
modules. The parameters, weights and GFLOPs of the GHB-
Seg-YOLOV8 model were significantly reduced by the im-
proved model mAP compared to the base model YOLOv8n-
seg.

This study’s contribution can be summarized as follows:
This paper proposes a method for segmenting the crayfish
body trunk based on an improved single-stage instance seg-
mentation model GHBSeg-YOLOVS. Our method can frame
the shrimp body trunk at the pixel level. The method pro-
posed in this paper is highly accurate, small in size, and
friendly to low-performance devices. A method combining
the backbone network GhostHGNetV2 and BiFPN modules
is proposed, greatly reducing the model volume and having
high detection accuracy.

MATERIALS AND METHODS

IMPROVED MODEL CONSTRUCTION FOR YOLOV8N-SEG

On the basis of the YOLOv8n model, Ghost convolution
is introduced to improve the model performance, and it is
combined with HGNetV2 to replace the original backbone
network to simplify the model structure while maintaining
high accuracy. At the same time, Bidirectional Feature
Pyramid Network (BiFPN) is added, which enables the
model to carry out multi - scale feature fusion more quickly
and, consequently, further reduces the number of model
parameters. Finally, a new segmentation network is con-
structed. The model GHBSeg - YOLOVS is shown in Fig. 1,
and the specific optimization of each module and structure
is described in the following subsections.
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GHOSTNET MODULE

GhostNet!2 is a lightweight neural network architecture
with the structure shown in Fig. 2. Compared with ordinary
convolution to generate feature maps directly, GhostNet
first generates fewer intrinsic feature maps through a small
number of convolution kernels, and then its core module
Ghost applies a simple linear transformation to generate
more feature maps, which are called “Ghost” feature
maps!314; they are able to reveal the information in the
original feature maps at a small computational cost, which
further reduces the computational complexity to reduce
the number of parameters and computation amount of the
model; finally, the intrinsic and “Ghost” feature maps are
combined to reduce the number of parameters and compu-
tation amount of the model.

HGNETV2 MODULE

HGNetV2 is a lightweight and efficient backbone network
proposed by Baidu, 5 and its structure is shown in Fig. 3. Its
design focus is similar to that of GhostNet network, which
is to reduce the number of parameters and computation of
the model while maintaining high accuracy.Steam layer is
used as the initial preprocessing layer of the HGNetV2 net-
work. It extracts the initial features from the original in-
put data and passes them to the core component, HG block,
which consists of several standard convolutional layers. The
structure of HG block is shown in Fig. 4. It handles the
data hierarchically and captures richer feature represen-
tations while maintaining computational efficiency. Inside
each HG block, there are various sub-components which
process the data hierarchically to capture richer feature
representations while maintaining computational effi-
ciency. A learnable downsampling LDS layer exists in each
HG block for reducing the spatial dimension of the feature
map as well as reducing the computational load. Then, the
GAP layer reduces the spatial dimension of the feature map
to one vector per feature map, which helps to improve the
robustness of the network to spatial transformations of the
input data, and finally, a 1x1 convolutional layer combines
the features and maps them to a fully connected layer of
the desired output category.lThe architectural design of
HGNetV2 focuses on hierarchical feature extraction, which
permits the learning of complex patterns at different scales
and levels of abstraction,!” improving the network’s ability
to process image data.

BIFPN

BiFPN (Bi-directional Feature Pyramid Network)!® is an ad-
vanced feature pyramid network with the structure shown
in Fig. 5, which is mainly used to improve the processing
of multi-scale information in target detection and semantic
segmentation tasks. Compared to the unidirectional top-
down feature propagation of traditional FPN (Feature Pyra-
mid Network) and PANet (Path Aggregation Network),
which implements bi-directional connectivity to realize
simple feature summation or splicing on top of FPN, BiFPN
adds extra edges, fusing more features without adding
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much cost, treating each bi-directional path as a feature
network layer and reusing it many times to achieve higher-
level feature fusion and enhance feature expression!?;
meanwhile, the adaptive feature adjustment mechanism is
used to learn the weights, allowing the model to adaptively
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_— e

Output

adjust the fusion method according to the importance of
different features, optimizing the fusion of multiscale fea-
ture effect, in addition BiFPN removes nodes with only
one input edge, thus simplifying the network structure and
reducing redundant computation, and improves computa-
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tional efficiency and speeds up detection by optimizing the
feature fusion process while maintaining high accuracy.20

EXPERIMENTAL ENVIRONMENT CONFIGURATION

In this paper, we use the YOLOv8n-seg model provided by
Git-hub, and the specific configuration of the experimental
training environment is shown in Table 1.

DATA SET CONSTRUCTION

This study was conducted using crayfish as the test subject
and was completed using a self-constructed dataset as there
was no publicly available dataset then. The image acquisi-
tion equipment mainly includes an MVL - MF0828M - 8MP
industrial lens (with a focal length of 8mm, F2.8 - F16, and
a distortion ratio of 0.28%), a Gigabit Ethernet connection,
industrial face array cameras (HIKVISION, MV - CS050 -
10GC, with a resolution of 2248x2048), visual light sources
(JL - AR - 12090W), precision lab stands, and a computer.

Israeli Journal of Aquaculture - Bamidgeh

Moreover, to facilitate the application of the research re-
sults in real industrial scenarios, the images of the dataset
used were all on a single white background. Commercial
shrimp of different specifications were purchased from the
market, and 234 images of crayfish of different specifica-
tions were collected. The acquisition environment is shown
in Fig. 6, and some of the acquired images are shown in Fig.
7.

Due to the limited number of samples, the built-in cam-
era of the cell phone was used to expand the number of
samples in the dataset and enhance the model’s general-
ization ability. The crayfish were photographed at different
heights and angles in the laboratory environment using the
camera. Part of the acquired image is shown in Fig. 8.

The data were subjected to image enhancement
processes to expand the dataset and improve model train-
ing and generalization ability adequacy. The specific
method includes various enhancement operations such as
mirror flipping (Fig. 9b), grayscaling (Fig. 9c), and adding
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Table 1. Experimental environment configuration.!

Configuration Item Configuration Specifications

System Windows11 Professional Version

CPU AMD Ryzen 55600 6-Core Processor 3.50 GHz
GPU NVIDIA GTX 3060

CUDA 12.1

Programming Language Python 3.11

IDE PyCharm

[T

il

Figure 7. Partially acquired images

The Labellme tool was used to accurately label the cray-
fish’s trunk and connect the base of the eyestalk to the end
of the caudal segment. It was then saved as a JSON file. The
labeling process is shown in Figure 10.

The annotated JSON file is converted to YOLO format
and COCO dataset format by code to be divided into a train-
ing set and validation set in the ratio of 9:1. The corre-
sponding models are utilized for training, respectively, and
noise (Fig. 9d) to the original image (Fig. 9a). Thus, the the Epoch is set to 200 times.
dataset images were expanded to a total of 1038 images.

Figure 6. Image acquisition environment
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EVALUATION INDICATORS

In this paper, mAP (mean Average Precision) value, Para-
meters, model size and GFLOPs are used as the evaluation
metrics of the model. mAP measures the combined perfor-
mance of the model’s detection accuracy and localization
ability for multiple categories. The number of parameters is
the sum of training parameters in the model, and its size
directly affects the complexity and learning ability of the
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model. GFLOPs stands for Giga Floating-point Operations
per Second, which represents the number of floating-point
operations that can be performed in one second, with the
unit being one billion floating-point operations per second.
The relevant arithmetic formulas are as follows.

2-H-W- (Cin-K?+1) - Cou

GFLOPs = (1)
10°

AP =3}  (Ry— Ry1)- P: (2)

mAP = %zglm (3)

Where Ry, the kth recall threshold P, is the maximum pre-
cision value corresponding toRy, ‘n’ is the total number of
recall thresholds, AP; is the average precision of the ith
category, and ‘N’ is the total number of categories.

RESULTS

GHBSEG-YOLOVS8 VISUALIZATION RECOGNITION
RESULT

In the current study, to thoroughly evaluate the effective-
ness of the GHBSeg-YOLOv8 model in segmenting crayfish
body trunks, a meticulous comparative analysis was carried

393


https://ija.scholasticahq.com/article/126850-application-of-improved-yolov8n-seg-in-crayfish-trunk-segmentation/attachment/256937.png
https://ija.scholasticahq.com/article/126850-application-of-improved-yolov8n-seg-in-crayfish-trunk-segmentation/attachment/256938.png
https://ija.scholasticahq.com/article/126850-application-of-improved-yolov8n-seg-in-crayfish-trunk-segmentation/attachment/256939.png

Application of Improved YOLOv8n-seg in Crayfish Trunk Segmentation

1.0
0.8 1 Improve YOLOvE
— YOLOV8
0.6
=

0.4

0.2 |

0.0
1 1 1 1 1
0 50 100 150 200

Epoch

Figure 11. Improved YOLOv8n-seg and original
YOLOv8n-seg algorithms for segmenting mAP values

out in contrast to the original YOLOv8n-seg model. This
comparative study was designed to comprehensively under-
stand the performance differences between the two models
within the specific context of crayfish body segmentation.

The outcomes of this comparative analysis are graphi-
cally presented in Figure 11. In this figure, the mean Av-
erage Precision (mAP) curves during the training process
for both the GHBSeg-YOLOVS8 and the original YOLOv8-seg
models are depicted. These mAP curves serve as a crucial
visual indicator, clearly reflecting the performance trends
of the two models throughout the training phase. It is con-
spicuous from these curves that the GHBSeg-YOLOv8
model exhibits a significant improvement in segmentation
accuracy. Specifically, after the 50 - epoch point during
training, the GHBSeg-YOLOv8 model persistently demon-
strates superior performance over the original YOLOv8n-
seg model, thereby highlighting its enhanced capability in
accurately segmenting the body trunks of crayfish.

Moreover, Figure 12 offers a corresponding comparison
of the training results obtained from the enhanced
YOLOv8n-seg model and the original YOLOv8n-seg algo-
rithm. This comparison further elaborates on the perfor-
mance characteristics of the GHBSeg-YOLOv8 model. The
visual evidence presented in Figure 12 distinctly shows that
the improved YOLOv8n-seg model achieves excellent per-
formance in accurately segmenting crayfish tails. In con-
trast, the original YOLOv8n-seg model frequently fails to
detect certain sections of the tail, leading to segmentation
results with lower accuracy. This deficiency in the original
model further emphasizes the significance of the improve-
ments made in the GHBSeg-YOLOv8 model, especially in
achieving more precise segmentation of crayfish body
parts, including the tail region.
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Figure 12. Segmentation visualization results of
improved YOLOv8n-seg and original YOLOv8n-seg
algorithms

DISCUSSION

ABLATION EXPERIMENT

To verify the effectiveness of GhostHGNetV2-Bifpn in im-
proving the YOLOv8n-seg model, several experiments are
conducted on the dataset, and the ablation test is designed.
Parameters, Size (model size), GFLOPs, and mAP50-95 are
selected as the performance evaluation indexes. The abla-
tion test takes the original YOLOv8n-seg algorithm as the
base model and introduces Ghost, HGNetV2, and BiFPN in
turn. The results of the ablation test are shown in Table 2.
As can be seen from Table 2, after replacing the original
backbone network with Ghost and HGNetV2 modules, re-
spectively, the number of model parameters, model size
and GFLOPs of the added Ghost module are reduced by a
small margin, and the mAP improves by 1.9% on 96.6%;
when replacing it with the HGNetV2 module, compared
with replacing the Ghost module, the change of each per-
formance evaluation index of the model is are larger, Para-
meters and model size are reduced by about 28% and 26%,
respectively, GFLOP is reduced by 43%, and mAP is im-
proved by 2.9%, reaching a high accuracy value of 99.5%.
Combining the Ghost module with the HGNetV2 module to
replace YOLOv8’s backbone network for training shows a
smaller reduction in all evaluation metrics than just adding
and replacing the HGNetV2 module. Retaining the original
backbone network of YOLOv8n and introducing the BiFPN
module into its neck network, the training results show
a significant performance improvement compared to the
above-improved modules, with the Parameters and model
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Table 2. Ablation experiment

Mould Parameters(M) Size (MB) GFLOPs mAP (%)
YOLOv8seg 3.25 6.8 12.0 96.6
YOLOv8seg+Ghost 3.06 6.4 11.5 98.5
YOLOv8seg+HGNetV2 2.35 5.0 6.9 99.5
YOLOv8seg+Ghost+HGNetV2 2.30 4.9 6.8 99.0
YOLOv8seg+BiFPN 1.99 4.3 7.1 99.1
YOLOv8seg+Ghost+BiFPN 1.80 3.9 6.7 99.2
YOLOv8seg+HGNetV2+BiFPN 1.32 3.0 5.9 98.5
GHBSeg-YOLOV8 1.28 2.9 5.8 99.2

size reduced by about 39% and 37%, respectively, the
GFLOP reduced by 41%, and the mAP improved by 2.5%.

From the above conclusions, it can be seen that the
BiFPN module can make the values of model parameter
number, model size, and GFLOPs appear to be significantly
reduced at the same time that the mAP value is improved,
while for the HGNetv2 module, compared with it, the im-
provement of the first three performance indexes is weaker
but more advantageous for improving the mAP value;
therefore, replaced the backbone network and neck network
with HGNetV2 simultaneously and introduced BiFPN for
training, and the results show that the improved model has
a 59% reduction in the number of parameters, a 56% reduc-
tion in the model size to 3.0 MB, only half the GFLOPs of
the original model, and a 1.9% improvement in mAP.

The performance index of Ghost training results is in-
ferior compared with HGNetV2 and BiFPN, but from the
training results after combining with the two, respectively,
the module can play a small role in improving the model
performance after adding. Therefore, the three modules are
combined and improved simultaneously, and the final re-
sults show that the number of model parameters is reduced
by 61%, the model size is reduced by 57% to 2.9MB, the
GFLOPs are 5.8, and the mAP is improved by 2.6% to 99.2%.
That is, the improved model can achieve lightweight while
maintaining high accuracy.

MODEL COMPARISON TESTS

This paper uses the common segmentation algorithms
Mask R-CNN,21 DeepLabV3+,22 and YOLOv5-seg23 to per-
form comparative experiments with the YOLOv8n-seg seg-
mentation algorithm. We also add the common lightweight
improvement modules SeaAttention and MobileNetV3 to
YOLOvV8n and FasterNet-BiFPN for comparison experi-
ments with the lightweight improvement network proposed
in this paper. The experimental results are shown in Table
3.

From Table 3, the YOLO series segmentation algorithms
outperform the common Mask R-CNN and DeepLabV3+
segmentation algorithms regarding the number of parame-
ters, model size, and mAP values. YOLOv5-seg, with its
similar number of parameters and model size, has a re-
duced detection accuracy. SeaAttention, a lightweight and
efficient attention module, has not achieved good results in
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adding YOLOv8n-seg, which is the base model of this pa-
per; the training results on this paper’s dataset are unsat-
isfactory.MobileNetV3 achieves excellent performance on
tasks such as image classification, target detection, and se-
mantic segmentation on mobile, similar to the results of
adding the SeaAttention module, and the performance on
this paper’s dataset is poorer. FasterNet achieves more effi-
cient performance on this paper’s dataset by cutting down
on redundant computation and memory access, more ef-
ficient extraction of spatial features enables it to achieve
higher operating speed than other networks on a wide
range of devices while maintaining accuracy on various
visual tasks, the training results on this paper’s dataset
show a small improvement in performance over the original
model, but for the improved GHBSeg-YOLOv8 model light-
weighting is low.

SUMMARY AND OUTLOOK

In this paper, a lightweight YOLOv8n-seg model is pro-
posed based on shrimp carapace segmentation of Crayfish.
The model achieves a lightweight improvement of the basic
model by replacing the backbone network with
GhostHGNetV2 and introducing the BiFPN module while
guaranteeing segmentation accuracy. The size of the
best.bt file is only 2.9MB. This file can be converted into an
onnx file that is supported by the Ubuntu system and em-
bedded into mobile devices such as NVIDIA development
boards to realize the initial hardware deployment. However,
the experiments in this study were conducted in a con-
trolled laboratory environment and may not fully encom-
pass the posture of crayfish in real-world situations. Given
the dynamic nature of crayfish in natural environments in
real-world scenarios, this may result in only part of their
bodies being captured under fixed-angle and single-camera
shooting conditions. This limitation increases the difficulty
of complete segmentation of crayfish. Therefore, future re-
search needs to further explore more advanced algorithms
and strategies to better accommodate the segmentation
needs of the dynamic characteristics of crayfish.
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Table 3. Segmentation Model Comparison Experiments

Model name Parameters (M) Size(MB) GFLOPs mAP (%)
Yolov8n-seg 3.25 6.5 12.0 98.9
Mask R-CNN 43.9 244 44.7 88.9
DeeplLabV3+ 59.34 224 8.9 78.6
Yolov5-seg 7.40 15.2 25.7 96.4
Yolov8seg+SeaAttention 20.92 42.3 18.6 98.1
Yolov8seg+MobileNetV3 13.49 27.3 41.1 98.7
Yolov8seg+FasterNet 3.16 6.3 9.8 99.1
GHBSeg-YOLOVS8 1.28 2.9 5.8 99.2
ACKNOWLEDGMENTS COMPETING OF INTEREST — COPE

We would like to thank Mr. Wang Aimin for his assistance
during this experiment. The Jiangsu Province seed industry
revitalization supported this study unveiled list of marshal
projects (JBGS [ 2021 ] 032); Jiangsu Modern Agricultural
Industrial Technology System Construction Special Funds
Project (JATS [ 2023 ] 471); National Key Research and De-
velopment Program (NKRDP) projects(2023YFD2402000);
Yancheng Fishery Quality Development Project(2022yc003)

AUTHORS’ CONTRIBUTION

Conceptualization: Chunxin Geng (Equal), Aimin Wang
(Equal). Data curation: Chunxin Geng (Lead). Formal
Analysis: Chunxin Geng (Equal), Cheng Yang (Equal). In-
vestigation: Chunxin Geng (Lead). Methodology: Chunxin
Geng (Lead). Software: Chunxin Geng (Lead). Validation:
Chunxin Geng (Lead). Writing - original draft: Chunxin
Geng (Lead). Writing — review & editing: Chunxin Geng
(Equal), Hao Zhu (Equal). Funding acquisition: Aimin Wang
(Equal), Zhigiang Xu (Equal), Yu Xu (Equal), Xingguo Liu
(Equal). Resources: Aimin Wang (Lead). Supervision: Aimin
Wang (Equal), Cheng Yang (Equal), Zhigiang Xu (Equal), Yu
Xu (Equal), Xingguo Liu (Equal), Hao Zhu (Equal). Project
administration: Cheng Yang (Lead).

‘No competing interests were disclosed’.

ETHICAL CONDUCT APPROVAL — JACUC

All animal experiments in this study followed the relevant
national and international guidelines. Only the crayfish was
photographed during the experiment without harming it
and returned to the breeding pool after the experiment was
completed.

INFORMED CONSENT STATEMENT

All authors and institutions have confirmed this manuscript
for publication.

DATA AVAILABILITY STATEMENT

Yes, data are available upon reasonable request.

Submitted: October 12, 2024 CST. Accepted: November 18,
2024 CST. Published: December 17, 2024 CST.

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License

(CCBY-4.0). View this license’s legal deed at http://creativecommons.org/licenses/by/4.0 and legal code at http://creativecom-

mons.org/licenses/by/4.0/legalcode for more information.

Israeli Journal of Aquaculture - Bamidgeh

396



Application of Improved YOLOv8n-seg in Crayfish Trunk Segmentation

REFERENCES

1. Hu ZH, Li RQ, Xia X, et al. A method overview in
smart aquaculture. Environ Monit Assess.
2020;192(493):1-25. doi:10.1007/s10661-020-08409-9

2. Cui S, Zhou Y, Wang Y, et al. Fish detection using
deep learning. Applied Computational Intelligence and
Soft Computing. 2020;2020(1):1-13. doi:10.1155/2020/
3738108

3. Jueal M, Mahmud BR, Sadad S, et al. An in-depth
automated approach for fish disease recognition.
Journal of King Saud University - Computer and
Information Sciences. 2022;34(9):7174-7183.
doi:10.1016/j.jksuci.2022.02.023

4. Xing BW, Sun M, Liu ZC, et al. Sonar Fish School
Detection and Counting Method Based on Improved
YOLOvV8 and BoT-SORT. Journal of Marine Science and
Engineering. 2024;12(6):964-964. doi:10.3390/
imse12060964

5. Feng GF, Jian XJ, Chen M. A Multi-Step Image Pre-
Enhancement Strategy for a Fish Feeding Behavior
Analysis Using Efficientnet. Applied Sciences.
2024;14(12):5099-5099. doi:10.3390/app14125099

6. Jiang LW, Quan HY, Xie T, et al. Fish recognition in
complex underwater scenes based on targeted sample
transfer learning. Multimedia Tools and Applications.
2022;81(18):25303-25317. doi:10.1007/
$11042-022-12525-8

7. Yu YZ, Zhang H, Yuan F. Key point detection
method for fish size measurement based on deep
learning. IET Image Processing.
2023;17(14):4142-4158. doi:10.1049/ipr2.12924

8. Yu C, Hu ZH, Han B, et al. Intelligent Measurement
of Morphological Characteristics of Fish Using
Improved U-Net. Electronics. 2021;10(12):1426-1426.
doi:10.3390/electronics10121426

9. Zheng T, Wu ], Kong H, et al. A video object
segmentation-based fish individual recognition
method for underwater complex environments.
Ecological Informatics. 2024;82:102689-102689.
doi:10.1016/j.ecoinf.2024.102689

10. Li L, Shi GS, Jiang T. Fish detection method based
on improved YOLOV5. Aquaculture International.
2023;31(5):2513-2530. doi:10.1007/
$10499-023-01095-7

11. Zhang ZZ, Li JW, Su CW, et al. A method for
counting fish based on improved YOLOVS.
Aquacultural Engineering. Published online
2024:107102450-102450. doi:10.1016/
j.aquaeng.2024.102450

12. Han K, Wang YH, Tian Q, et al. Ghostnet: more
features from cheap operations. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. IEEE/CVF; 2020:1580-1589.
doi:10.48550/arXiv.1911.11907

13. Ma SB, Li WN, Li W, et al. A Lightweight Fire
Detection Algorithm Based on the Improved YOLOvV8
Model. Appl Sci. 2024;14(16):6878. doi:10.3390/
app14166878

14. Ke YT, Zheng H, Jie ], et al. Finger vein
recognition based on efficient channel attention and
GhostNet. International Journal of Wireless and Mobile
Computing. 2024;26(2):157-167. doi:10.1504/
IJWMC.2024.137172

15. Zhao Y, Lv WY, Xu SL, et al. Detrs beat yolos on
real-time object detection. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. IEEE/CVF; 2023:16965-16974.
doi:10.48550/arXiv.2304.08069

16. Wang ], Wang JP. A lightweight YOLOvVS8 based on
attention mechanism for mango pest and disease
detection. J Real-Time Image Proc. 2024;21:136.
doi:10.1007/s11554-024-01505-w

17. Li P, Xu JY, Liu SB. Solid Waste Detection Using
Enhanced YOLOv8 Lightweight Convolutional Neural
Networks. Mathematics. 2024;12(14):2185.
doi:10.3390/math12142185

18. Tan MX, Pang R, Le QV. EfficientDet: Scalable and
efficient object detection. In: Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern
Recognition (CVPR). ; 2020:10781-10790.
doi:10.48550/arXiv.1911.09070

19. Song YK, Hong SH, Hu CT, et al. MEB-YOLO: An
Efficient Vehicle Detection Method in Complex
Traffic Road Scenes. Computers, Materials &
Continua. 2023;75(3):5761-5784. doi:10.32604/
cmc.2023.038910

20. Chu SY, Shen Y. SAR ship detection based on
improved YOLOVS5 and BiFPN. ICT Express.
2024;10(1):28-33. doi:10.1016/j.icte.2023.03.009

Israeli Journal of Aquaculture - Bamidgeh 397


https://doi.org/10.1007/s10661-020-08409-9
https://doi.org/10.1155/2020/3738108
https://doi.org/10.1155/2020/3738108
https://doi.org/10.1016/j.jksuci.2022.02.023
https://doi.org/10.3390/jmse12060964
https://doi.org/10.3390/jmse12060964
https://doi.org/10.3390/app14125099
https://doi.org/10.1007/s11042-022-12525-8
https://doi.org/10.1007/s11042-022-12525-8
https://doi.org/10.1049/ipr2.12924
https://doi.org/10.3390/electronics10121426
https://doi.org/10.1016/j.ecoinf.2024.102689
https://doi.org/10.1007/s10499-023-01095-7
https://doi.org/10.1007/s10499-023-01095-7
https://doi.org/10.1016/j.aquaeng.2024.102450
https://doi.org/10.1016/j.aquaeng.2024.102450
https://doi.org/10.48550/arXiv.1911.11907
https://doi.org/10.3390/app14166878
https://doi.org/10.3390/app14166878
https://doi.org/10.1504/IJWMC.2024.137172
https://doi.org/10.1504/IJWMC.2024.137172
https://doi.org/10.48550/arXiv.2304.08069
https://doi.org/10.1007/s11554-024-01505-w
https://doi.org/10.3390/math12142185
https://doi.org/10.48550/arXiv.1911.09070
https://doi.org/10.32604/cmc.2023.038910
https://doi.org/10.32604/cmc.2023.038910
https://doi.org/10.1016/j.icte.2023.03.009

Application of Improved YOLOv8n-seg in Crayfish Trunk Segmentation

21. Qiao HL, Yang XA, Liang ZQ, et al. A Method for
Extracting Joints on Mountain Tunnel Faces Based on
Mask R-CNN Image Segmentation Algorithm. Applied
Sciences. 2024;14(15):6403-6403. doi:10.3390/

app14156403

22. Shen YG, Yu ZW, Li CS, et al. Automated
Detection for Concrete Surface Cracks Based on
Deeplabv3+ BDF. Buildings. 2023;13(1):118-118.
doi:10.3390/buildings13010118

Israeli Journal of Aquaculture - Bamidgeh

23. Yin LC, Wang X, Du WT, et al. Using the Improved
YOLOv5-Seg Network and Sentinel-2 Imagery to Map
Glacial Lakes in High Mountain Asia. Remote Sensing.
2024;16(12):2057-2057. d0i:10.3390/rs16122057

398


https://doi.org/10.3390/app14156403
https://doi.org/10.3390/app14156403
https://doi.org/10.3390/buildings13010118
https://doi.org/10.3390/rs16122057

	Application of Improved YOLOv8n-seg in Crayfish Trunk Segmentation
	Introduction
	Materials and Methods
	Improved model construction for YOLOv8n-seg
	GhostNet Module
	HGnetV2 Module
	BiFPN
	Experimental environment configuration
	Data set construction
	Evaluation indicators

	Results
	GHBSeg-YOLOv8 visualization recognition result

	Discussion
	Ablation Experiment
	Model Comparison Tests
	Summary and Outlook
	Acknowledgments
	Authors’ Contribution
	Competing of Interest – COPE
	Ethical Conduct Approval – IACUC
	Informed Consent Statement
	Data Availability Statement

	References


