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Detection and counting method for underwater crabs based on YOLO-Crab
and the improved DeepSORT

Wu Jiawen Ji Wei Zhai Kelong Xu Bo

(School of Electrical and Information Engineering, Jiangsu University,Zhenjiang 212013, China)

Abstract: To realize accurate feeding of unmanned aquaculture vessels in freshwater ponds, a river crab counting
method with YOLO-Crab + improved DeepSORT is developed. First, to address the problems of blurring and low
contrast of underwater river crab images, a river crab detection model YOLO-Crab based on YOLOv8 under the
preprocessing of CLAHE is proposed. YOLO-Crab adds the coordinate attention mechanism in the backbone to improve
the detection precision, and, at the same time, reduces the model magnitude by SimSPPF pooling and GSConv -+ Slim
Neck design to mitigate the model magnitude. The improved DeepSORT algorithm replaces IOU matching with DIOU
matching to solve the problem of river crab ID jumping caused by aquatic grass occlusion. Experiments show that the
detection precision and F1 of YOLO-Crab model reach 97.3% and 94%, respectively, and the average precision of
counting methods is 81%. At the same time, the model was transplanted to Jeston AGX Orin, and the detection
accuracy reached 95% , the detection speed was 60 fps, an increase of 50%, and the counting accuracy was 78% ,
which can provide a reliable basis for accurate feeding of unmanned aquaculture vessels.
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Fig. 3 Example of dataset enhancements
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Table 1 Comparison of parameters before and
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Table 2 Ablation experiments based on YOLOvS8
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~ N N NG 97.3 94 141.1 5.5
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Fig. 11 Radagram of ablation experiments

MR IR R BEASF B SSD ARG I 1 fE B 2%, 46 T fi
LI B AR T AL YOLO-Crab 1 Faster RCNN,
M PR g fnsk 3 o] LIFE 1, YOLO-Crab Y7 #2 H #5460

AR F Faster RCNN, BB A /N T 102, 5 MB, 1 3l 58
AN 5 5. YOLO-Crab 58 B Bi iy SSD, YOLOvS5 Al
YOLOv7 AH b, 46 0 3 B A RS 70 R N R o R iy, JF AL S
YOLOvS WHSHEW DT 22%.,

R3 AEAUESHIEERMNEEER

Table 3 Performance metrics of different models for river crab detection tasks

L mAP/% F1/% FPS/fps Params/M AR N/ MB
Faster RCNN 98. 00 95 26.3 136. 69 108
SSD 92. 54 93 135.7 23.61 90. 6
YOLOvVS 96. 80 93 52.1 7.06 27.1
YOLOv7 96. 67 92 70. 8 37. 20 87.5
YOLO-Crab 97. 30 94 141. 1 5.5 5.5
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Fig. 16 YOLO-Crab+ Improved DeepSORT river crab tracking result

BB DA R B 2 A 25 55, 0 LA R B 3 ok R i L o
Ak B AR HE 22 [] B 47 B AR F 22 5 L AR A7 09 A 38 K S 1 Y
[a) JBE, 7 LA 24y 28 P B L Y ID {E PR ANAR
AR AE T FEPLIEE R 10 4~ 1 min AYTRTEEMLAT . N T 58
T 10 A BB Y e B8 R R IX 10 SRR A Y OLO-
Crab+DeepSORT F1 YOLO-Crab—+ i i DeepSORT %
b, X e] B A i AT e, AR BN 4 BRI
B, TR AT 10 AN T] 58 W0 19 1T B0R o 81%.,

HR%T

Table 4 Statistics on the results of the river crab counting test

YOLO-Crab+ DeepSORT

YOLO-Crab+ #i(i# ) DeepSORT

=1

BIUFS — fms  BUGPEN  EM ] SN | ATIHES BRPN %M SN |
01 7 9 2 7 7 0
02 15 21 6 15 18 3
03 6 5 1 6 6 0
04 11 14 3 11 12 1
05 10 13 3 10 10 0
06 4 4 0 4 4 0
07 11 21 10 11 17 6
08 12 18 6 12 14 2
09 19 34 15 19 25 6
10 5 7 2 5 6 1

Bt Sum 100 146 48 100 119 19

e R ACP 52% 81%
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Table 5 Comparison of test performance of the model on unmanned aquaculture vessels

[ A B R RN SEH GPU MR/ % mAP/ % FPS/Ips ACP/%
YOLOVS 640 X 640 50 92.3 40 70
YOLO-Crab 640 X 640 36 95.0 60 78
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