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Small Object Detection for Fish Based on SPD-Conv and NAM Attention Module
CHEN Yuzhang, WANG Shiqi,ZHOU Wen and ZHOU Wanting

School of Computer Science and Information Engineering, Hubei University, Wuhan 430062, China

Abstract In order to solve the problem of low image resolution due to the degradation of underwater imaging environment and
low detection accuracy caused by small fish targets,an improved YOLOv7 detection algorithm combining SPD-Conv structure and
NAM attention mechanism is proposed. Firstly.the space-to-fepth(SPD) structure is used to improve the head network, which re-
places the original straddle convolution structure in the network, retains more fine-grained information,improves the efficiency of
feature learning,and improves the detection effect of the network on low-resolution images. Then, the normalization-based atten-
tion module(NAM) attention mechanism is introduced into the network,and the module integration method of CBAM is adopted,
and the BN scaling factor is used to calculate the attention weight, which suppresses the insignificant features and improves the
accuracy of small target detection. Finally,for underwater imaging degradation, the detection image is deconvolved and prepro-
cessed, which reduces the impact of underwater imaging degradation factors on detection. Experimental results show that in the
WildFish dataset,the overall accuracy of the model reaches 97. 2% ,which is 7. 6% higher than that of the YOLOv7 algorithm,
the accuracy rate is increased by 8.5% ,and the recall rate is increased by 9. 8% ,compared with the Efficientdet, SSD, YOLOv5
and YOLOvS algorithms. the accuracy of the proposed model is improved by 12. 6% ,17. 8% ,4% and 2. 9% , respectively. The
overall accuracy of the model reaches 80. 5% ,which is 18.4%,11.6%,6.9%,2.0% and 2. 7% higher than that of Efficientdet,
SSD, YOLOvV5, YOLOv7 and YOLOvVS,respectively, which can meet the needs of underwater fish identification.

Keywords Space-to-Depth Conv(SPD Conv) , Normalization-based attention module(NAM) , YOLOv7, Fish detection,Object de-

tection
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Table 3 Comparative analysis of ablation experimental results
523y SPD-Conv NAM mAP@.5/%  Precision/ % Recall/ %
1 89. 6 89.2 81.4
2 N 92.6 88.7 86. 8
3 N 95.9 97.6 87.7
4 NA N/ 97.2 97.7 91.2

3T T S 8 4 R RTH L A YOLOVT A58 1R iR [ 48
Breafy o 1 1 RE $ THIF A B — B AR e T 2% A B ] A
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B T AR SCREE N 22 ROBE Y B bR AR T B A R E
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tag:metrics/precision
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Table 4 WildFish dataset experimental data

W%k mAP@0.5/% Precision/ % Recall/ % FPS/ (i 4 )
Efficientdet 84.6 89.7 83.5 78.9
SSD 79. 4 75.7 73.9 57.6
YOLOVS5 93.2 88.8 78. 8 96.3
YOLOv7 89.6 89. 2 81. 4 125.7
YOLOVS 94.3 93.7 90.5 101.3
AXH % 97.2 97.7 91.2 124.6
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M 5 AT UL, #E Aquarium B4R 45 . AR SCA L ) mAP
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BRI T 18.4%,11.6%.6.9%,2. 0% & 2. 7%, 75 %K
o0 R AR TP AR OB R R B IR . 3 U A A SC R £
PSR S T NN o Nl T S QS o U5 S ()

[F 750 A8 0y o R R

K 8. 9 MR kTE WildFish 25 % 5 Aquarium $U¥E
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THT A9 DI 34, B IR 1 A SCH R I A R

# 5 B Aquarium LR EHE
Table 5 Aquarium data set experimental data

7 % mAP@0. 5/ % Fish Jellyfish Penguin Puffin Shark Starfish Stingray
Efficientdet 62.1 44.7 65.9 49.8 52.6 60.0 84.6 76.3
SSD 68.9 76.5 83.7 65. 2 53.1 60. 2 72.3 71.3
YOLOvVS 73.6 80.7 90. 0 69.7 60. 3 64.5 73.2 76.8
YOLOv7 78.5 82.0 92.1 71.9 63.9 71.4 82.4 85.8
YOLOv8 77.8 79.6 93.6 73.6 64.1 72.0 78.5 83.2
AKX H % 80.5 83.1 94.9 74.8 63.2 73. 4 83.1 90.7

fish 0.43

fish0:sg fih'0)

fish 071
Y

(a) Efficientdet (b)SSD () YOLOvVS

(d) YOLOv7? () YOLOVS (DA R

& 8  WildFish $54i5 4 & I %5 R X b

Fig. 8 Comparison of detection effects of WildFish dataset
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Bl 9
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Fig. 9 Comparison of detection effects of Aquarium dataset
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HUISEES ¥ A AT

SIS R L 7E WildFish £045 4 b A% SCRE T 9 S 20k
FEIE (mAP) N 97. 2% . 7F Aquarium 38 b A SO ALY
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