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Abstract: Aiming at the problems of low detection accuracy and slow detection speed in shipborne video
sensing systems, an improved YOLOvS ship target detection method is proposed in this paper. In this method,
SENet and Confluence bounding box selection suppression technology is used to improve the Backbone and
bounding box selection method, so as to improve the target detection accuracy. By using Seaships public data-
sets to train and test the improved algorithm, the recall rate of the proposed algorithm is 98.3% , the precision
is up to 88.5%, and the detection speed is up to 0. 019 s/image. Experimental results show that the improved
algorithm proposed in this paper has high detection accuracy and real —time detection efficiency.
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IHAEG ZASE R A, R R LA B i T OG0 B AR AT AR A e AR R AN [ 4 45
P TCR BB ZARIE , DT EEION I BARIIANTT s #2550 S T —Fh3LF FAST M &6, 4
2. VAR XHAE R R AEAR EARAIN 712, A AR A 5 T TR A R e ik B AR B AN [] ) W ik
FTIX 535 Arshad 5 XHARTY SEEMR R Se i FITE S AR EUEA TAL B, AR5 XA AR X 24 2% 0 ] Sobel 55
THEATREIN S A ST, (EX R SRS U BRRCR AN, I S R A

bl G PR 2 I AE BRI SR B A0 5838, VR 20198 38 SR R TR B2 2 ) 1 S ke S AR
HFRAREI, Chang %57 3T SAR EUZITAL T YOLOV2 TREE W45 4k 76 45 Fh iz ARG T R B vk g,
5t YOLOV2 FiEAEH Semt MG L N, FRARTEE 2B OL T, 7oK B AR Re Jr #0290 A
A, (BRI R A AE B SCER AR Tl At AE YOLOV3 JEURY 4% L qb | kAT 4% ROE R 9 R, I K-
means SREF LGB TGN T R SCI0tE, 76 BARR I HERf % | H AR O & | SRS I & 5
JPHA BRI, Zou " AL SSD IEMEATEGHE, SR AR MobilenetV2 W45 45, Wi 2 T 24
AR AR TR SN FU AR SERAS U ) ZE3K . Tanveer 55 i ] T Faster R-CNN 7E SAR FEUE thouf fiin ifk
17 7R S8, RO ERZ B AT T BB m AR RS i 22 . % T 52 i 00 T
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Fig.1 Yolov5 network architecture
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TE Backbone H1, Z3HER K 640 x 640 x 3 fH A FMG 8 1 Focus 454, iVl iz &, &3
320 x320 x 12 ##fEEl, ARG 20t 32 MEREN G H, &E155] 320 x 320 x32 F#iEKl, CBL
g — MR SR CBL B F/RERZ (Conv2D) + IH—4LJZ (BatchNormal) + LeakyRE-
LU. JE8UE (BotleneckCSP) M A 5-(E FLIEFT A5 AE S0, WS Gk SR BCE AT 01 B, 3L A
OB UZE RIS AL . BottleneckCSP 45 HITT Lk > Y6 Ui 26 W46 (1 Aok B b Y B FE £ B A2, 3L
SR AR BB RSy, il T Bottleneck CSP #5EHR 1 % BE AR EE , AT LAFSE] YOLOVSs
YOLOvSm, YOLOvSl, YOLOvSx WUFCAR[RIZ AL . 25 [H] 45735 (spatial pyramid pooling, SPP) 1
e BN R 25 (RS2 BT, AR IBOAS [6] RUBE A RPALE

YOLOvS A 7EFRE 4 735 7 4% (feature pyramid networks, FPN) ZEM R IERE E3m T — 1 AR A
ERURHE S IS, XA G HERAE, FPN S5 3 BN s G s RHIE, FHESTFIE A T
AL E R ARE . RAAFREZ AR, 42 AR IIARE S, LA AN RO A AR, 78
BRI, b o Je e Xt G skt

1.2 SENet W& 4514 Input 640%640%3 ’ ’ ’ ’
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TEGH, T BH JHEE Backbone < T ST
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SEPR AN AR A P A TP IO 2 i b
IR HE 2, o RN 3 )
BAEAE | VAIS BE 52 LA I Seaships 086 4 55
ASCAH ] Seaships B A A I 38 43 i

£, Ho Seaships B4 % 155 7000 5k & H,

AYHEEN 1920 x 1080; fdi 1] VOC BURERK B3 LIRH X, yi, X, y WRNIES S— 22555 p, g, p,
A, K amaese iy, 67 AR, i q MENENEREIHTSE

F S R R Kt Seaships ' 5040 3K 1% Fig.3 Overlap calculation of a detection with coordinates x,
?ﬁll%, 700 EK@T%{FHH:U']'JWEQO Y1, X2, Yo With another detection represented by pi, gi, p., G

3.2 XRFAIIFRE

LY BTE Windows10 RS8BT, FFERIEEE % 2 HESE Pytorchl. 6 il CUDA Xf GPU fins i# 47
Yk, LEFAMH T —3 NVIDIA RTX2060 &4, AR 6 GB, b T/l G XU, )
AT (generalized intersection over union, GloU) VE A2k pR%, KM 4589 Backbone #531E A5
FM, 72 VOC YIZREE BTl gk, BRERMGIAGE, I Adam RALSE, @ s A S
P2 ) RPN SCERE , A, YRR Mosaic KI5 O SEMS . BEMLEE R 4 SKIE F, BEMLYE
W, FHRENL R AT PR, RO RS TRINEE S, AR R4 B i TARZ /N A AR, LERZE R
PR 4f
3.3 SREHERTMIEIR

H TSR AE R BEAT o BT, S I AT T 4848 N, A SOE BRI 09 & AR ARBCE: s N, Bk
R 25 AR 5 N AR IE N 2 A B . A SO FH Y Confluence R IAE 5
IEA bR B 2 0 S (B SR B R 0. 45, T BE R O IER R T B AR,

B AREEIAE P = No/Nyy 5 BIIZEER = Ny/Ny, 5 ZIEP LUK R WEREIEIRF, =2 x P x R/(P +
R) .
3.4 EWERSW
3.4.1 RREIMZSECT YOLOVS RRHIERE H

Fe# YOLOVS 7 W 4% 5 B2 5 TR BEN [R] N 0 26 AR B | AU S H R DN, 2R Nk 1 o,

F1 AREMEERIKR/NE YOLOVS M4 4E
Tab.1 YOLOv5 network performance with different network model sizes

(E Rl NAN N N N iR AR CEE S NI
Model size ! i ’ Precision/%  Recall/ % Parameter/MB
YOLOv5s 922 1051 901 85.7 97.8 14.1
YOLOv5Sm 922 1028 904 87.9 98.1 41.3
YOLOvS1 922 1035 907 87.6 98.4 90. 8
YOLOv5x 922 1085 906 83.5 98.3 169.0
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NI, T H AR DA I N AN, R R A T SR, AL TR R A B Y
YOLOvSs i fbhiA, JFE AL B XTSI EAT 10t |
3.4.2  EUR[RIREE S ) H ARSIk LA

N BAEASCEEERE, TEARIRI AR B HABR I SE ST 1 s, S5 R R 2 s, MR
2 [ IFEH, AR SCM R YOLOVSs 2R B T SENet 1 23 2 S HLHI 38 %) Backbone H, 7+ T R
B YOLOvSs HARKMRGH6%R, B H T Confluence R iHE G2 Jrds, 8 R ZE AU 1oU F/ L T M
SASRBESEATR, RN ST 7RIS R, BOMSEOUNMUIEA AR, AR RS, i
TSNSy . K BE ) kIR m/K S, ELAHEL SSD 2% 1A AP Ry R PERE . SSD300 A h
AR PRI G, I B2 R I E IR SR EE, P LIRS I A R R 8L, 1B
M T ETREMEH T VeGle, AR SR WH K, A LEIR YOLOVSs, SRHE T —#8 53
PREE, (R VARG, SRR S R B H AR B Faster R - CNNYTAHHENE (K, SEARESE
PEEARIEI AN, 1 4 Sy A 6] A6 vk A A R I 45 2R . Horb: 1) RIRIRGIARZE N Ore carrier;
2) FRARIRANERZ N General cargo ship Fl Bulk cargo carrier; 3) H5lIFr% A General cargo ship Fl Fish-
ing ship, M 4 FIE 1, G0 YOLOVSs W28 TEMAN 2 ] FE 25 B I, 300 5 i Ak 4 s 1 101
TR UERG, BOA [R A A A AR — A 1 B A A SRS, [RIEEFEAG DU e A 55 H AR, 0 3R
K iR

xR2 ARREFIGMNEEILE
Tab.2 Comparison of different deep learning detection algorithms

s R A pousE K
i Ny Ny N, Precision  Recall F, J/IN Parameter  Detection speed/
Network .
/% /% /MB (s + image ™)
YOLOv5s 922 1051 901 85.7 97.8 0.914 14.1 0.015
YOLOv5s + SENet 922 1040 906 87.1 98.3 0.924 14.1 0.019
YOLOVSsS + SENet +
922 1024 906 88.5 98.3 0.931 14.4 0.021
Confluence

YOLOv4!™! 922 1036 899 86.8 97.5 0.918 244.0 0.095
SSD300 ¢ 922 1066 904 84.8 98.1 0.909 93.1 0.086
Faster R - CNN!'7] 922 1035 907 87.6 98.4 0.927 108.0 0.230

#3tE Improved Original YOLOV4 © SSD300 Faster R-CN
YOLOvSs YOLOvSs
B4 AEEMNEENTBHRNER

Fig.4 Part of the detection results of different detection algorithms
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