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Underwater Object Detection Based on the Class-Weighted YOLO Net

Zhu Shiwei,Hang Renlong, Liu Qingshan
(College of Automation,Nanjing University of Information Science and Technology , Nanjing 210044, China)

Abstract : Underwater objects detection exist many issues, such as blur image, various object scales, complex background
and so on. In this paper,we propose a class-weighted YOLO net for underwater object detection,in which a class-weighted
loss is designed to balance sample of difficulty so as to acquire better effect. Moreover,a dimension adaptive clustering of
object box is introduced to promote the detection performance. The experimental results show that the proposed method
outperforms to the traditional YOLO net, with the increasing of the mAP from 71.2% to 74.1% and the recall from 71.1% to
78.3% ,in the task of dense object detection which every image nearly contained 20 objects.

Key words : underwater object, YOLO, class-weighted loss, dimension adaptive clustering
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Fig. 1 The method of this paper
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ResNet —F¢  FFIEIR U — kR, B4 52 DEHZEMN— I 2EEZ.
%1 Darknet—-53 WM& 5%
Table 1 Darknrt—53 parameters

K A IED AL ESATED FHIE &R
conv 32 3%3 256 256
conv 64 3%3/2 128 * 128
1 RE 128 = 128
conv 128 3%3/2 64 = 64
2 RE 64 * 64
conv 256 3%3/2 32 %32
8 RE 32 %32
conv 512 3%3/2 16 = 16
8 RE 16 = 16
conv 1024 3%3/2 88
4 RE 88
Avgpool Global
Connected 1000
Softmax
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Fig.2 The effect of prior boxes on results
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U B R A 13 AT 71.1%. FEZ 50 WAL 38 (4(E L8 J5 , mAP FILE PIREA T80 LTt 78
XA N T HARHE A 1 4R R RS AR A R BT T 5.6% , 9F H mAP [E AT L. R TELA
B RCR 3 El A A B A0 s AR Pl SR ke RSB 1 DX, 3 7E B3 1 UF B T 9%y ik 3 R, Ak,
TENIASAE B RS B BEhly I AR SCHRBE S 30 285 1) S e I, 7 2R 1 [H] AP {EAH 2230 R I ATHE T, 32 i 2
TR 2R RA AN [ I RR A (e B R JEE | SEIR 25 5 B, Gad FEIMAU e Ab R |, B SRV RER i DL AP
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Table 2 Experimental results of our method

YOLO v3 Z&JnAL YOLO
¥l p vV v VvV
3 o7 A R R vV VvV
ESIIVYETPN vV
% (AP) 56.1 57.2 58.3 67.2
IFIH(AP) 76.3 76.7 76.4 73.7
FL(AP) 81.4 81.7 81.7 81.5
MAP 71.2 71.8 72.1 74.1
RECALL 71.1 72.5 78.1 78.3
R T B AEAR SCH H R R A S, AR SO TR HE ®3 FERMHLWER
,ﬁ[}‘ JL /I\é:lx: EE‘E’(J H 1@@@1“%% J:ﬁ ” éfj‘: %l] {D“J ftt T‘}Zﬁﬂ?j Table 3 Experimental results of different models
£ A OIFE R I R R % A S e T % Faster RONN  SSD  YOLOv3 24X YOLO
TR R 64.3 68.7 71.2 74.1
e, 2% 3. A% 72.2 66.2 71.1 78.3
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A A [ 4 L

6 HMHMIKLER1 7 EWMHMIRLER 2
Fig. 6 Partial test results 1 Fig. 7 Partial test results 2
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