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Underwater fish recognition method based on dynamic
adaptive feature learning

Zhu Xiaolong'?® Li Chaofan” Chen Yuwei’ Chen Xiangzi'® Chu Wenjing’
(1. Yazhou Bay Innovation Institute, Hainan Tropical Ocean University,Sanya 572022, China;

2. College of Marine Science and Technology, Hainan Tropical Ocean University,Sanya 572022, China)

Abstract: To address the issues of false detections and missed detections in underwater fish recognition under complex
environmental conditions, this paper proposes FD-YOLO, a recognition method based on YOLOvS8 incorporating
dynamic adaptive feature learning. First, in the backbone, we design a MRFA module that combines parallel multi-
scale convolution with RFA to enhance the network’s ability to capture fine-grained differences in fish features.
Second, in the neck, we introduce the ECARU module, which integrates a dual-channel fusion structure with the
CARAFE mechanism. This upsampling module adaptively reweights features to improve the reconstruction of local fish
details. Finally, to mitigate recognition bias caused by class imbalance, we adopt Varifocal Loss, which includes a
dynamic adjustment factor, to improve the accuracy of underwater fish localization. Experimental results demonstrate
that, compared with YOLOv8n, the proposed FD-YOLO achieves improvements of 3.6%, 4.9% and 3.7% in
Precision, Recall and mAP50-95, respectively. Moreover, the parameter size and computational cost are reduced to
2.5 MB and 6.8 GFLOPs. These findings demonstrate that the proposed method can provide technical support and
reference for automated detection and monitoring of underwater targets.

Keywords: deep learning;underwater image;fish recognition;dynamic adaptation; YOLOv8n
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Fig. 5 Pair plot visualization of feature correlations in the dataset
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Table 1 The number of fish of different sizes and
categories in the dataset

Number Name Small Medium Large
Fishl Acanthurus pyroferus 16 42 747
Fish2 Amphiprion ocellaris 21 70 371
Fish3 Amphiprion pereula 14 75 523
Fish4 Chromis viridis 42 55 1166
Fish5 Chrysiptera taupou 10 21 317
Fish6 Dascyllus aruanus 11 97 582
Fish7 Hemitaurichthys polylepis 7 41 275
Fish8 Paracanthurus hepatus 45 71 837
Fish9 Premnas biaculeatus 5 40 230
Fish10 Zebrasoma flavescens 23 87 351
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Table 2 Ablation experiment comparison
YOLOv8n  MRFA ECARU  Varifocal Precision/%  Recall/ % mAP50-95/%  Params/MB FLOPs/G
NG 84. 6 74.5 79.0 3.0 8.1
NG N 88.3 77.3 81. 6 2.8 7.3
J J 87.3 77.6 81.2 2.6 7.2
J J 86.5 75. 2 80. 1 3.0 7.8
NG NG NG 88. 4 78.6 82.5 2.4 6.8
NG NG NG 87.8 78. 4 82.3 2.8 7.1
N N NG 87.3 77.9 82.2 2.6 6.8
NG N N NG 88.2 79. 4 82.7 2.5 6.8

3 6T LR AT, Bgg B OIS N FRAE 27 3T BB 7 I MRFA
B L B T OB X A0 SRR IR IR S RIARE S NI A
PRI T K T R R B fE R . ECARU #Ht g %
T R R AL R L HOR P Bl A5 R E S A LR AT B SRR
AU BB T O H A {5 B, A8 R 50 o 4y T 3R
P B R TF . Varifocal Loss X /A 2% 45 #4 1 2 0 & F 4
Bk = A 2l NN i I 0 o/ £ o s = 0 N7 N o T [ B
RSB BAE K TE R E B, & LR, &3
P00 A% SOIE O R R OR TR M R AE R B R B RO
SRR FD-YOLO 7R R B AR B 7 R 19 [R] i
Z TR AE J1 L B E T 4% Mot SR s A K R R BT 55 R
A R
3.6 AEEBMITE LI

9T 4 PEAR BT 3R A FD-YOLO £ /K F 2R
AT 55 i PR RE R I B K 22 Fh 32 U E b A I AR B AT

X HSE G A0 45 Faster R-CNN™7 [ YOLOv5n, YOLOvé6n,
YOLOv7-tiny™” |, YOLOv8, YOLOv10n™" Fl YOLOv11n™,
AN ) U0 455 78 M R X LG an % 3 BT R, FD-YOLO 7
Precision. Recall Ul & mAP50-95 v ¥ B 45 & 1L 45 .
Faster RCNN fiRJI#:fE S FD-YOLO M. H S % &
Hiz ® 8 W 8 W, A DLW R & s N H 3 R
YOLOVEn fE S B Mit By mE W E bR &, HHE
mAP50-95 Lt FD-YOLO BEMR T 8. 4% , K T 7 BE J7 &
5. 5 YOLOv6n f1 YOLOv7-tiny #H I, FD-YOLO 04 £
I BE A W 38 7, mAP50-95 7 2 B4R TH T 4. 0% AN
4.2%, R FD-YOLO 7 #f 3 2 % 77 m wg 1% F
YOLOv10n il YOLOv11n,{H mAP50-95 75 1 %5 P # 4
BIHEE T 1.5% A 0.9%. M+ YOLOv8n, FD-YOLO
£ mAP50-95 FiR e T 3. 7% fES 5B Mt A & i
A BIFEAR T 16. 7% 1 16. 0% .

R3 AREEAFEBAMEREXT LE

Table 3

Performance comparison of different recognition models

1oAY Precision/ % Recall/ % mAP50-95/ % Params/MB FLOPs/G
Faster RCNN 86. 4 77.1 81.6 41. 8 134. 4
YOLOv5n 80. 53 71.01 74.3 1.8 4.2
YOLOv6n 84.1 74.6 78.7 4.2 11.6
YOLOv7-tiny 83.2 74. 4 78.5 6.0 13.0
YOLOv8n 84.6 74.5 79.0 3.0 8.1
YOLOv10n 86. 6 77.2 81.2 2.3 6.5
YOLOvlln 86. 3 77.6 81.8 2.6 6.3
FD-YOLO 88.2 79. 4 82.7 2.5 6.8
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(b) YOLOvV5n

(¢) YOLOv6n

(d) YOLOV7-tiny
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Fig. 8 Recognition results across different detection models
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Fig. 9 Heatmap comparison results
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Fig. 10 Detection results under turbid water conditions
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