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Small target detection in sonar images with
multilevel feature screening and task
dynamic alignhment

Wang Yan, Wang Honghui, Liu Shudong’, Zhang Yan, Hao Zeyu
School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300000, China

Abstract: To solve the problem of small target detection in sonar images, which is difficult, low precision, and prone
to misdetection and omission detection, this paper proposes an improved algorithm for small target detection in
sonar images based on YOLOvVSs. Firstly, considering that small targets in sonar images usually have low contrast
and are easily overwhelmed by noise, an efficient multi-level screening feature pyramid network (EMS-FPN) is
proposed. Secondly, since the classification branch and localization branch of the decoupled head are independent,
which will increase the number of parameters of the model, and at the same time, it is difficult to effectively adapt to
the detection needs of targets of different scales, resulting in poor detection of small targets, the task dynamic
alignment detection head module (TDADH) is designed. Finally, to verify the effectiveness of the model in this
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paper, the corresponding validation was carried out on URPC2021 and SCTD expanded sonar dataset, mAP0.5
improved by 0.3% and 1.8% compared with YOLOVS8s, respectively, and the number of parameters was reduced by
22.5%. The results show that the method proposed in this paper not only improves the accuracy but also

significantly reduces the number of model parameters in the task of target detection in sonar images.

Keywords: underwater target detection; sonar image; small target detection; efficient multilevel screening; task

dynamic alignment; lightweighting
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Fig. 1 YOLOv8s network model
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Fig. 7 Improved YOLOV8s target detection network model
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B 8 SCTD #raBBAERi%. (a) RE; (b) MALERGEE &, (c) BULAIE; (d)AETE; (e) AT &iR; () Bidndt
Fig. 8 SCTD sonar image data enhancement. (a) Original image; (b) Random removal of pixel points;
(c) Sharpening process; (d) Adjustment of brightness; (e) Adjustment of hue; (f) Image flipping

A1 URPC2021 #4E &l a bt R
Table 1 Results of ablation experiments on URPC2021 dataset
Algorithm HSFPN EMS-FPN TDADH Precision/% Recall/% Params/M mAPO0.5/%
YOLOv8s x x x 97.3 96.4 11.1 97.9
YOLOV8s V x x 97.4 96.1 7.1 97.8
YOLOv8s x \ x 96.9 96.6 7.3 98.1
YOLOv8s x x \ 96.9 96.2 8.8 97.8
YOLOv8s x \ 97.4 96.8 8.6 98.2
& 2 URPC2021 4% & ¥ ) B AR L A K ak K Ao 28 R
Table 2 Results of small target category ablation experiments in the URPC2021 dataset
Algorithm HSFPN EMS-FPN TDADH Params/M Precision/% Recall/% Ball/% Cylinder/% Tyrel%
YOLOv8s x x x 11.1 97.3 96.4 98.6 96.8 96.7
YOLOv8s v x x 71 97.4 96.1 98.8 96.8 97
YOLOv8s x J x 7.3 96.9 96.6 98.9 97.4 97.5
YOLOv8s x x N 8.8 96.9 96.2 98.3 96.6 96.5
YOLOv8s x v J 8.6 97.4 96.8 99.3 98.2 97.5

TDADH F5 Sk B, s A v /0y H FR 28 50 DUkG 2
WA &5, ball, cyclinder. tyre /N HARZEH]H mAP
IYERE T 0.7%. 1.4% . 0.8%, LS M e
UE T AR SCRETUAE /N H AR UM M A et Ak T i) £
AR FRCR
4.4.2 ARFEEX LR

T PPAR AR SRR RN AR 7l AR L
g, 7F URPC2021 FifE BT 7 3L8s, DIVFAEARSC
PR 55 HA SOTA H ARAS M 5 %6 (U RetinaNet |
PAA™ | CenterNet™ . Sparse-RCNN""  YOLOF",
TOOD"™ | VarifocalNet™, DSA -Net™, YOLOVS.
YOLOvV6., YOLOv7. YOLOvSs) ff#i Pk, 4n 3
Fin, RS, ERTA X, ARSCH Ak
FEIHR S i PR I LS E B A M B

R T AR SO 5 HAD S AR AN RIS 5 - A
MR, X URPC2021 #di 4 L iililas itk AT 1 n]
WAL, Hdgs R o, K10 fis . AE AT
DIE M, ARSI e, S5 HAVEIEAH L,
A SCRERIFE I A EMS-FPN #iHe il TDADH #6303k Ay
ERT, AT LAE i L 28 Hh SRR, FHIASAH
KT e, ST G, ORI Sk 38 o ) 43
53 SR 7 43 3 A7 B A T A R IR] TAERLEIAS 2]
SR, A RS AN TR R HAR RN 3K, T2 T
XN BARRRIINEE Sy, X F RN AR R Rl e
ball Fil cylinder) J7 1 Z B0 H AR PR BE, AU
T AN R HR N HARERAE A 56 TE
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% 3 URPC2021 #48%& L RRI/K TRt ES mAP@50 5 HAt 7 ik 69 tusx

Table 3 Comparison of accuracy and mAP@50 for different underwater objects on URPC2021 dataset with other methods

Algorithm Cube/% Ball/% Cylinder/% Human body/% Trye/% Circle cage/% Square cage/% Metal bucket/% mAPO0.5/%
RetinaNet™ 926 94.0 83.0 86.5 72.7 83.3 92.0 58.5 82.8
PAA™! 95.3 93.6 88.2 94.1 73.7 91.5 95.1 81.4 89.1
CenterNet™” 91.9 96.8 84.2 96.4 89.5 85.2 97.7 88.1 91.2
SparseRCNN™ 974 96.8 89.0 97.6 89.2 93.1 98.5 88.0 93.7
YOLOF* 95.5 91.9 87.1 92.0 66.7 72.9 88.8 62.0 82.1
TOOD™ 96.4 95.1 88.6 93.4 76.9 91.2 96.9 85.8 90.5
VarifocalNet™  96.4 94.6 90.1 95.0 79.5 91.5 96.7 85.4 91.2
DSA-Net™! 97.9 98.0 94.2 98.4 94.9 93.2 99.2 94.0 96.2
YOLOV5 97.9 98.3 95.9 98.8 97.5 96.0 99.4 95.5 97.4
YOLOV6 98.0 98.7 96.2 99.4 96.9 96.1 99.3 97.4 97.7
YOLOV7? 96.2 97.5 92.9 94.9 91.3 91.6 98.5 98.0 95.1
YOLOv8s 97.7 98.6 96.8 99.5 96.7 97.5 99.2 97.2 97.9
AR 97.7 99.3 98.2 99.5 97.5 97.3 98.7 97.8 98.2
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(d) SparseRCNNF"; (e) YOLOF®™; (f) TOOD™; (g) VarifocalNet™; (h) DSA-Net™”
Fig. 9 Comparison of detection results of different methods for sonar images in URPC 2021. (a) RetinaNet””; (b) PAA”; (c) CenterNet"™”;
(d) SparseRCNN®": (e) YOLOF®™; (f) TOOD"?; (g) VarifocalNet®”; (h) DSA-Net™”
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Fig. 10 Comparison of detection results of different methods for sonar images in URPC 2021. (a) YOLOVS5;
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Table 4 Results of comparison experiments on SCTD dataset

Algorithm HSFPN EMS-FPN TDADH Params/M Precision/% Recall/% Ship(small)/% mAPO0.5/%
YOLOv8s x x x 11.1 94.0 924 93.4 96.3
YOLOv8s J x x 7.1 95.2 91.5 95.4 97.0
YOLOv8s x v x 7.3 96.1 92.1 95.6 97.0
YOLOv8s x x \ 8.8 97.4 94.1 97.3 97.4
YOLOv8s x v J 8.6 97.1 94.4 97.8 98.1
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Small target detection in sonar images with
multilevel feature screening and task
dynamic alignment

Wang Yan, Wang Honghui, Liu Shudong’, Zhang Yan, Hao Zeyu

Feature extraction | Feature fusion Detect head
__ (EMS-FPN) | __(EMS-FPN) _(TDADH) __

Improved YOLOVv8s target detection network model

Overview: Sonar technology has an important application value in the marine field, and is widely used in seabed
geological exploration, marine environmental pollution monitoring, underwater target detection, marine resources
development, and other fields. However, the detection of small targets in sonar images has always been a challenging
problem due to the fact that sonar imaging is affected by a variety of factors, such as the marine environment and
underwater target characteristics. Small targets, such as round cages and balls, often face difficulties such as weak signals,
complex backgrounds, low resolution, and noise interference in sonar images, and their effective detection is crucial to
ensure the safety of underwater navigation and the development of marine resources. To solve the problem of small
target detection in sonar images, which is difficult, low precision, and prone to wrong detection and leakage, a
lightweight sonar image small target detection algorithm based on YOLOvS8s with efficient multilevel feature fusion is
proposed. Firstly, considering that small targets in sonar images usually have low contrast and are easily overwhelmed
by noise, an efficient multilevel screening feature fusion pyramid EMS-FPN module is proposed. It can highlight the
important features through the screening mechanism, suppress irrelevant background noise, and extracting features
from different scales achieve multilevel fusion so as to improve the detection capability of small targets. Secondly, since
the classification branch and the localization branch of the decoupling head are independent, it will increase the number
of parameters of the model and lead to the problem of lack of interaction between the two tasks. It is difficult to
effectively adapt to the detection needs of targets at different scales, resulting in poor detection of small targets,
therefore, the task dynamic align detection head (TDADH) module is designed to learn the task interaction features
from multiple convolutional layers through a feature extractor to obtain joint features to effectively adapt to the
detection needs of targets at different scales, and finally, to validate the effectiveness of the model in this paper,
corresponding validation is carried out on the URPC2021 and SCTD sonar datasets, and the detection accuracy mAP50
is improved compared with that of YOLOV8s respectively by 0.3% and 1.8%, and the number of parameters is reduced
by 22.5%. The results show that the sonar image target detection algorithm proposed in this paper improves the
accuracy and significantly reduces the number of model parameters.

Wang Y, Wang H H, Liu S D, et al. Small target detection in sonar images with multilevel feature screening and task
dynamic alignment[J]. Opto-Electron Eng, 2024, 51(10): 240196; DOI: 10.12086/0ee.2024.240196
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