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Abstract: To address the problems of blurring and insufficient sample size in sonar images, an improved sonar
image target detection algorithm is proposed based on YOLOv5. The algorithm uses geometric filtering, vertical
flipping, and other methods to enhance the sonar image dataset. The fusion attention mechanism module is added
to make the algorithm better focus on the features of small targets in sonar images. At the same time, in response
to the problem that most target detection algorithms currently run on the cloud and cannot achieve real-time sonar
image detection, this paper uses lightweight network replacement and NCNN edge porting technology. It adopts the
GSConv module in the neck network to successfully transplant the algorithm to the ZYNQ platform, realizing real-
time detection of sonar images on the embedded end. After experiments, the algorithm proposed in this paper

WisHE: 2023-11-21; 1&EIHEA: 2024-01-10; FFHHER: 2024-01-10

BeWE: FEHKMEES W T H (62371421, 62001418, 62005245, U1909203); #FiT 4 11 4K Bt 22 3 & v B i H
(LQ21F010011)

*@IE1EH: B, chenpeng@zjut.edu.cn,

WA B 5©2024 IR fi B AR i

230284-1


mailto:chenpeng@zjut.edu.cn
https://doi.org/10.12086/oee.2024.230284

XA, 25 Sl TAE, 2024, 51(1): 230284

https://doi.org/10.12086/0ee.2024.230284

reduced the parameter quantity by 56%, increasing map50 and map50-95 by 2.2% and 2.5%, respectively. The
algorithm’s performance has significantly improved, proving that the method proposed has certain feasibility and
effectiveness in lightweight sonar image target detection tasks.

Keywords: underwater target detection; YOLO; ZYNQ; sonar image; deep learning; lightweight
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Fig. 8 Model conversion process
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Table 1 Running results of different equipments

Equipment FLOPs/G Memory footprint/MB Frame rate/FPS Power/W Frame rate/power/(FPS/W)

GPU 6.0 1401 36.4 250 0.146

CPU 6.0 2103 8.8 65 0.135
ZYNQ7020 5.8 90 0.6 3.7 0.162
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Table 2 Comparative experiments

Algorithm Map50 Params(M)
YOLOv5s 0.912 7.2
EfficientDet 0.834 3.9
YOLOv7 0.890 37
Faster-RCNN 0.896 25.6
SSD 0.912 51
This paper 0.933 3.2

PR M T YOLOVSs 1Y 3T M4 A9 FUN IR
AT BB LA SO e i N 48 S B S ALY
SRR KK/, Map50 A1 Map50-95 A T 425 .
2 [ iy b 3R e AR R A A AR A e 2% E B AR 7Y
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PR R T8 31 H 5 o
4.2.3 SIBAREXT W
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Table 3 Ablation experiments

Algorithm Precision Recall Map50 Map50-95 Params(M)
YOLOv5s 0.896 0.905 0.912 0.685 7.2
YOLOvV5s+SimAM 0.892 0.911 0.922 0.700 7.0
YOLOv5s+CBAM 0.896 0.927 0.918 0.697 71
YOLOv5s+SimAM+CBAM 0.892 0.912 0.925 0.701 71
YOLOv5s+Focal-ClOU 0.899 0.891 0.930 0.700 7.2
YOLOv5s+DWConv 0.880 0.911 0.919 0.694 3.6
YOLOv5s+GSConv 0.897 0.906 0.923 0.699 6.2
This paper 0.907 0.894 0.933 0.712 3.2

k4 ZREEETILER

Table 4 Comparison experiment of classic datasets

Algorithm Precision Recall Map50 Map50-95
YOLOv5s 0.678 0.53 0.583 0.353
This paper 0.661 0.519 0.59 0.339
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Lightweight YOLOv5 sonar image object detection
algorithm and implementation based on ZYNQ

Zhao Dongdongl, Xie Dunhan’, Chen Pengl*, Liang Ronghual, Shen Yi', Guo Xinxin®
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Original label YOLOv5 EfficientDet YOLOv7 Faster-RCNN SSD This paper

Different algorithm image detection result comparison

Overview: In the 21st century, mankind has entered a period of large-scale development and utilization of the ocean.
With the strategic mission of becoming a maritime power, we need to improve our ability to develop and utilize marine
resources, which requires a large amount of accurate marine environment data to carry out tasks such as underwater
target detection and seabed resource detection. Underwater target detection technology is crucial for underwater target
positioning and underwater resource exploration. Underwater target detection can be achieved through different
imaging technologies, but sonar is currently the most commonly used detection method because it can operate reliably
in low visibility conditions. Due to the complexity of underwater acoustic channels, as well as the loss and scattering of
sound waves themselves, the image quality and resolution obtained by imaging sonar are low, accompanied by a large
amount of speckle noise and unclear edges, which also seriously affects the follow-up of sonar images. Currently, most
sonar image target detection algorithms run on the cloud and cannot achieve real-time sonar image detection. This
paper proposes a lightweight YOLOvV5 sonar image target detection algorithm based on ZYNQ to achieve real-time
detection of small target images on the embedded side of sonar equipment. First, geometric filtering, vertical flipping,
and other methods are used to perform data enhancement on the sonar image dataset, adding a fusion attention
mechanism module allows the algorithm to better focus on the characteristics of small targets in sonar images. At the
same time, in order to solve the problem that most target detection algorithms currently run in the cloud and cannot
achieve real-time sonar image detection, this paper uses replacement lightweight networks and NCNN edge-end
transplantation technology, and uses the GSConv module in the neck network to convert the algorithm successfully
ported to ZYNQ platform. The sonar image detection system is independently designed. The PL side uses the wave
velocity formation algorithm to generate images, and the PS side realizes the embedded side real-time detection of sonar
images. After experiments, the algorithm proposed in this article reduced the calculation amount by 56%, while map50
and map50-95 increased by 2.2% and 2.5%, respectively. The performance of the improved algorithm has been
significantly improved, proving that the method proposed in this article has certain feasibility and effectiveness in
lightweight sonar image target detection tasks.

Zhao D D, Xie D H, Chen P, et al. Lightweight YOLOvV5 sonar image object detection algorithm and implementation
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