e Mk M

W45k 12 Vol. 45 No. 12
2024 412 A Chinese Journal of Scientific Instrument Dec. 2024

DOLI: 10. 19650/]. enki. cjsi. J2413287

i TE 7T A BE X AR AR B AR B AL A 77k

£ E,3EE T B FIEEK
(E PR R e R4 bt KU 410072)

B E. SR AN E R AN AL 0 AR BN, B0 Bk 0 T RS AN | S A AR ARG I SR AR
RT L2 R ABREERR M Z M4 1 W > BN B AR 4R BER I ik . 1 20, T 2 R AR i 2 1 A2 I 4% 1 W 2%
SIREHL R FRAE 4 38 NI T A S (W il R AT AR B 0, 38 w5 Vi T3 5 1 UL D A 190 000 5 A DA 5 5 LR, i
THETOLA MM BT RN T AN BTG, W& T 6 S i DO | 50 SEAS 28000 0 A i B AR BIR 4 sl e R
FEECHR AR AN B VBSR4 XA SO GEAT T R AR S TE 2 R R W SRk X A bR LA A v A DR B S 1
Vs TV B (E (mAP) mAP@ 0. 5 355 94. 6% ,AHEL TR HT4R T+ T 1. 1% 38473 & 27 fps, i & T W I JC A IE 54 |
S ARG 7 2K

KEBIA . TUAY BAR ; AR EEAG I s T A FRIRAI- & ; 2 R AR TR ST 2 N4 H B2

RE4 S TP391.4 THS65 CHERFRIRAD: A E RirdEF R4 KD 510. 4050

Fine-grained detection of ship objects by unmanned surface vehicles

Zuo Zhen,Guo Runze,Sun Bei,Su Shaojing, Sun Xiaoyong
( National University of Defense Technology, College of Intelligent Science, Changsha 410072, China)

Abstract ; In real sea scenes, the appearance of ship targets is similar and the edge information is blurred. The existing algorithms cannot
meet the demands for fine-grained and real-time detection at sea. Therefore, a fine-grained detection method is proposed for ship objects
based on multi-scale coordinate attention and multi-network self-supervised learning. First, a multi-scale coordinate attention and multi-
network self-supervised learning module is designed. Feature enhancement is carried out on the basis of the original feature pyramid
network and path aggregation network to improve fine-grained detection accuracy. Secondly, an unmanned surface vehicle (USV)
sensing platform based on pods and electronic compass is constructed, and a dataset containing different ship objects such as fishing
boats, speedboats, and merchant ships is prepared. Finally, the algorithm is tested and integrated into public and self-made datasets.
The results show that the proposed algorithm has high detection accuracy for ship targets. The mAP50 reaches 94. 6% in the real sea
scene, which is 1. 1% higher than that before the improvement. The operation speed is 27 fps, which verifies the robust and real-time
fine-grained detection capability of USVs.

Keywords : ship objects; fine-grained detection; sensing platform; multi-scale coordinate attention; multi-network self-supervised

learning
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Fig. 1 Ship object in different scenarios
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Fig.2 Characteristic statistics of the datasets of ship objects
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Fig.3 The physical image of experimental platform
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Fig. 4 The dataset of ship object detection
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Fig.5 The datasets of fine-grained classification
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Fig. 7  Structure of residual coordinate attention
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Fig. 8 Structure of multiscale coordinate attention
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SR04 BB 7 S 3R ( convolutional block attention
mojule, CBAM) | % ¥4 N 2% ( selective kernel, SK) 1 &
T B R ( squeeze-excitation , SE ) FENH.2EFEN.
Shuffle JFEE U SILFEZ WA S, SACRITHZ
FUBE AR BRI B AT L o Bk 2633 B AR P A B4R
TP 208 0 2 2 8], P Zrad B b B i S 800 L SE B R
REPETC & AR TR], PRUEXT L SEg i A 22 1, A, e
1 USRS TIN5 Tl 22 00 4540 J5 P28 IR PR R 10 o 1 &1
B S8, X S g A RNk 3 s,

*3 AREFENEMRBEREIEE LHITLLER
Table 3 The comparative results of different attention on

datasets of ship targets

-~ ik mAP@ mAP@O0.5: B AN

0.5/% 0.95/% /KB £/ fps
1 YOLOV8s 93.5 58.5 - 29
2 +CBAM 94.0 59.1 130.5 28
3 +SK 94.3 59.7 86368.13 25
4 +SE 93.9 59.5 128 28
5 +S2 94.3 59.7 8 200 27
6 +Shuffle 94.2 59.7 0.75 29
7 +S2+Shuffle  94.1 59.5 8 200. 75 27
8 +S2+SE 94.2 59.5 8 328 27
9 +Shuffle+SE  93.7 58.6 128.75 28
10 ozeSEr 93.9 59.2 88328.75 25

Shuffle

11 +CA 94.2 59.6 100. 19 28
12 E'S 94.6 60.9 300. 6 27

M3 AT LA AH BT MR TR AA SO £
REARRER )G mAP@ 0.5 . mAP@ 0.5:0.95
SMARTET 1. 19% F1 2. 4% 3R FHRIIDRE BE 407 81056 1, 3k
Pl hg H, M T CBAM H B L, A XH B W

mAP@ 0.5:0.95 #&F 1. 8% , A L FAUE AR AR S
R AR A mAP@ 0.5:0.95 $2FF 1.3% . X3
B AR SO Y 22 RUBE A A 78 0 T DR S R 35 R
Tk 7~10 &5 REW, A RTE BB B WA ES
TINEB BB SO K I 1 B, 3B 4017 0 T 1 R SIS & m
W LRRARAGIPERE . X L CBAM {37 )1, A SC i o bt
RIS H A BT, 746 055 BE AT W 2 fps A RIS, 1
RER R o, UEBH T AR SCI1 22 RUBE Al b v 3 ) e 5 0
Pl e B AR HE A At e Ah, AR B YOLOVS fY
G o8 s b (ARSI AR X 56, TR PR A T G AR
£ AR B AR AR AE 55 A 22 ROBERRME , NIRRT B AR
FRSI P BE , A 22 RUBE AR I AL 2 05, I8 % F
ANTA] RUBE BRI T[] A A EE PR Vel &, Bk s 17k
RIKF 27 fps , A & TCAAE F EWATIOIEAITT R . 1l
HIA I A A R AL B R, o — SR 3R T T 0 &2 R
PR E AR ARG U PERE

3) 4ikLRE Sy SRR I LA BT

A SCATEFH 553 M AR 8 R 1 R A e AR R0 B A A
W AR A (A1, TR H bRkl %, 55 W8 20k B K%
AL HAR A S B bR 28, B 20 ks B2 Ay E A 508 4
AN AR SCEE VL I TE s T 4IRL E 43 25 B HiE 4 Stanford Cars
I FGVC Aircraft FiEAT T, Ik, BG9 5%— 46
T 448x448 KN BERIE X Il Ko 2,

AN 8 AL B PR AL AR A FE R 1 i 5 4 b Al
FMETAANER 4 Frn, B 4 ATH, AR SCHIRAE FGVC
B SRR A b AR E5H 0 42 i U I E B R B AT
HAB T 433K 5] 93. 5% H183. 5% , Hb i UL ) 55 Wi BHR
)& Bilinear-CNN & T 2. 2% F1 3.9% . f£ Stanford %%
P I, A SCR R AR B 45 SR ALK T MA-CNN, 1k 5|
89. 6% , JEGLER R, OB AE A TR AR 4 48 2 H il
BAREE I, 2 M4 A WB 4 S B USSR 55 W
(=RF R SRIVE Y ARV [ O

®4 REIRAMERERT EE

Table 4 The comparison of fine-grained recognition

performance (%)
Jrid Stanford Cars FGVC Aircraft AR
Bilinear-CNN 84.1 91.3 79.6
RA-CNN 88.2 92.5 92.5
Boost-CNN 88.5 92.1 81.5
MA-CNN 89.9 92.8 83.2
AL 89.6 93.5 83.5
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Table 5 Results of ablation studies

i Tk LR PRSI RS /%
1 YOLOv8 77.8
2 MC-YOLOVS 80.9
3 ResNet-101 79.6
4 DC-Net (K=4) 78.2
5 DSC-Net (K=0) 81.5
6 DSC-Net (K=2) 83.2
7 DSC-Net (K=4) 83.3
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