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Research on water target recognition algorithm for unmanned surface vessel
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Abstract: In this paper, a water-target recognition algorithm based on the data acquired by the onboard visual sensor from unmanned
surface vessels (USV) is reported, in order to satisfy the accuracy and speed requirements of USV intelligent sensing system. The main
outcome are summarized as follows: First, images are collected based on open source datasets and experimental data, to create a water-
target recognition database which named YZ10K; second, popular deep-learning based target detection methods including Faster R-
CNN, SSD, YOLOv3, etc. are implemented and compared ; third, based on the characteristics of water targets, an enhanced lightweight
Water Target detection network WT-YOLO ( water target-YOLO) is proposed. The experimental verification shows that the WT-YOLO
algorithm based on improved YOLOv3 has achieved accurate and real-time target recognition with the mean average precision (mAP) of
79.30% and frame per second of 30. 01.
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o HAre B R R e 2 Bios T L BOE E 0 1
SR HEER , T H AR AR 2 R/ NS A AR 5 i, BE L
E ARG AL 1Y) Boat ZAA 10x10 fI/MEZR K/, T AL
) Barrier 24 I 15 3% 187 AR K RE o 48 2 4> IR 19 60%
PIE,

K2 worK L H bR E SR
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Fig.3 A new method of data augmentation: Mosaic

3.2 Focal loss

Focal loss'™ J&:—Rhibi 2 s BUL By 16, T LAf# B H
AN Hh T SRS L A1) R A A AL, 12245 K pR A S —
ol PRIMERE A 3250 T B, WA AT T 2500 9 b DK 77 B 67 T
AAER L SR B AR

FL(p) == a(1 - p)"log(p) (1)
A, p FORTUMER ;0 5 y HIOLI T S4L

fA7 M 7 Z , Focal loss B2 1815 S 80 358 41
KBz b, Ko 5y BATLIET LTS HF
IS T B S REAS TR RAE Y B9 3 5 P H 28 SUJ
I R P25 v, By 432 1 67 THTAE A 466 B2 RN 2% v
2354 PR = A, 1T Focal loss 38 1< 875 2 5 BE Rk 40
<358 311 Fuati o
3.3 CSPNet

JAE YOLOV3 24 B R AE R UM 2% Darknet-53 ¢ iE
PEURRE T3 Ry 5 AE AR W 26 DAk b 2 v 8 B AR R,
HIEK RO RO MEFRAT & . WT-YOLO 5
W PR U B 28R SR FH CSPNet' ™) 2K 254 | BEAS 1 %
PRI S D0 T PR AL 2 48 i 0 28 e i S A i
T3, DTS I A8 AR X S I P RIS AR O/ N 5K

CSPNet & — it (0 4% 45 ¥4 ¥ 1 /9 AR, W] LLA
ResNet'™ | ResNeXt!'® F1 DenseNet'!”' & # % 45 &
CSPNet 454454 ResNet JRFRANIE 4 Frow BB mbin A
JEIRAE BRI 23R PT84, 38 5 48 3 1 155 B B J2 Uk 4
PR e ATE I, Ho I o3 FB6 B2 Ui, (B8 32 3t 38 5 AN [+
4 DO % B A A 0 1) JEL B, B A0 K 0 248 1 il b BB RE A
B2 PR, SR FIXRh S w665 B2 1) 28 10 4 DA Sk 3]

JFE A RS AE P o R0 TS B4 [ AT LR IE
R

puki = o

Bl 4 CSPNet Z5#47m %
Fig.4 CSPNet architecture

3.4 GEBARGETE

PRZE 28R T AR 7R 3] R X 4
S 5 (N GREE PR B 200 ) | 27 AR ™ 5 A U
B X T IR AL FRA “ Fooling image” o 7E 5% By 1
RIS R R B R K SRR AR B X G A
N RS B A BT 42

DRIt , A 298 ) A 2 B I FH P A I 4 iR o, AR
SCRM T 28R E R SR REAS ) RIS AL B R0 245 B
HYEUSAE RN ZRSE AT SR 07 TR A S8 2 AR R
RN BT R R R

4 X I§

AL T CPU AR #R 2 19-7920X, GPU AbHiL &%
S RTX2080Ti, 4% 4 ¥ 5% M Python3. 8, Opencv3. 4.2
CUDA10. 1 ,CUDNN7. 4 PyTorchl. 6 .tensorRT7. 0,

WIZRBTH YZ10 K Bdla e, 48 7 = 3 gyt Bilsal 2
YIZRAEFIEE 13 21YIZR4E 7 000 5K, M4 3 000 3K,
NZRIHEE BTG 2 > 3 0. 001, 35 241 0. 9, B 2,
Z:% 0.000 5, R H B 38 N7 A T BE PLER BE R B I
(Adam) BEATHURARAL . 15 B EACHEAR (epoch) H AR A
1000, [ i 42 I 2R 4R 1458 2% 8, 24 4 I 1) 728 A Al /D g
1k (early stopping) , i 2 P 2% FE 731 25 28K

YRRt b A SCSE R T Faster R-CNN.SSD, YOLOV3 |
WT-YOLO PUA~RI%45  HAE YZ10 K Bod s b i 45 58 an
2 PR, FEX N R R n U0 5 U R )
HERTVALT o PR3 3 Aol T 0 P53 PR AR S 7 )
HE 141 F 2985 B ( mean average precision, MAP) , 34
A R LR A HE 5 S B HE 19 32 I HE (intersection over
union, IoU) KF 50% A A5 {#FH VOC b
AL,



59 1

F2 BN L

Table 2 Comparison of networks performance

RS/ fps mAP/% HERIK /N /MB
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