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 E: YOLOvVS 8k ELA i 3000 4 25 B A o 00 K6 T 1 68, k)02 I 1 4% 208 ARG L 8K T 26 T XoF s 0 1 4%
F /N BARKE I AN & 24 o TR A, Hh BRI A LR A A R, S B AR T — Al 3 T 2 RO FRAE ) RAMW-YOLOvVS H
PRI L . 78 C2f B i3 fin— 2 B BURAE L B AR 254548 , IR 5| A Ak br i3 3 S AL A 8 T C3Res_CA H 4 L) 3 3
X 52 2% 5 S PG rb A0 T R E 8 U0 3 S R 7 T R B BE 7 5 o 22 ROBE R AR S R A SPPF A28, 3 5| ASF 14k )= Fi H
T8 IO Ak AR A @ SPPF_ AuxPool A58 , 34 58 53 35 325 98 A [6] R AE 2 78 A9 BE 7 5 &1 IR R /N BEAR B £ 5 5 T 3L )
VT 1) 1180, B /s H AR A6 2 MicroDetect 3 i3 22 RUEE REAF Bl A FUORS 40 16 ) 458 AiF 52 B s 348 5 % /N ROSE B B 09 46 DU
8 7 5 Ry U0 6 B 2 R AR S B K B AU B2 R L B WToU #5125 bR R LA 38 Jin 800k A USSR 8, DL S FE SR 2 g 5 F I &
PERREEME . 7EA PSR AE HRSID | #E47 5256, 45 2 ] RAMW-YOLOvS 8 1= 76 05 1 38 . 43 [0l R L) K 1 Fh oA [ 45
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RAMW-YOLOVS ship target detection algorithm based on
multi-scale features

Gao Han Cao Yang Shen Qingin Bao Yinxin Shi Quan

(School of Transportation and Civil Engineering, Nantong University, Nantong 226019, China)

Abstract: YOLOvVS algorithm has been widely used in various target detection due to its high inference speed and
excellent detection performance. However, when faced with small target detection and complex background
interference in ship images, it faces many problems, such as missed detection, false detection and soon. In this paper,
a RAMW-YOLOv8 target detection algorithm based on multi-scale features is proposed. By adding a convolution
operation and a residual structure into the C2{ module, and introducing the coordinate attention mechanism, a C3Res_
CA module is constructed to enhance the ability of fine feature extracting and background noise suppression in complex
background images; by integrating the multi-scale feature into the SPPF module, and introducing the average pooling
layer and adaptive pooling operator to construct the SPPF_ AuxPool module, which enhances the ability to mine
different feature types. To solve the problem that small targets are dense and easy to interfere in ship images, a small
target detection layer MicroDetect is added to enhance the detection ability for small size targets through multi-scale
feature fusion and refined feature extraction strategy; to reduce the impact of low-quality samples on the accuracy of the
algorithm, the WIoU loss function is introduced to increase the convergence speed, robustness and stability in complex
scenarios. Experiments on the public dataset HRSID show that the RAMW-YOLOvS algorithm improves the accuracy,
recall and average precision of two different indexes by 1%, 3.6%, 3.1% and 3. 2%, respectively, compared with the
original algorithm, and its detection effect is obviously better than other classical algorithms.

Keywords: ship target; YOLOVS;coordinate attention mechanism; multi-scale feature;small target detection
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YOLOvS il HFr e 50k . 8 5%, 51 A Aabr i 2 07 HL
(coordinate attention, CA)™ %3+ T C3Res CA HiHe, J/b
S (W [R) B 3 0 A ) 2 24 S R D A0 SRR A 2
ORI s M S 0 A RE . DA B Bk B AR T Bt
THERE Sy Hok , HF 2 ROBEREE AL & 38 1 3 3 5t fh 45
L BIASE AL 207 3 R R AR A 28 70, 9 T SPPF_
AuxPool Y, 1858 57k AL B 22 RO B bR i) (1% 52w 1% 5 Bl S
AN 160X 160 By /1N B ARAS I JZ 00, ) FH K 43 B 2R 1Y I 4%
REAE BT, 45 55 /0N B AR U RE 7, 8 58 R 00N B AR A I 1Y
MR e 5l AE 22 IF H ik R L (wise-ToU loss,
WIoUD) 1 2k bR A B ARAE G2 1 CloU 612k R 50, 3 5 B 25
R 3% 0 AE [0 09 ep 4 B 43 B B2 T A 1 WA I I D) e
TE 52 3 50 F & etk AR s ok

1 YOLOv8 &%

AT B B Y OLOvVS B bR il 533 , g5 i 1
FIE7 B AR 280 40 45 i A (Input) | 32 1 B 4% (Backbone) |
F0HB W 45 (Neck) F# ¥ (Output) 4 > FEH )

D Asi (Input) - 45 A BHRJG - K B 46 ik % 1 e R
<t DLIE O R I A R, B S R AT 03— AR B R DL DR IE
NRRAE ) — B i

2) ET M 4% (Backbone) - 82t 11 4 B3 I 1) AR 15 56
i 0 2 )2 46 BURI 2 50 1k B BURRAIE , W 33 C2f BTt o 1k
FRRRTIF S LB 7, 3708 ] SPPF £  kb 31 & R BEBR1E L 04k



G AT 3 REHER RAMW-YOLOVS #5448 B 474 3f o

58 M

LN
CInput)

B ! S 4
(Neck) IR (Output)
Pl 1
Fig. 1

FRAE R Rl G RO SR BB, I 2k ok 72 b, AR 25 [R) 4 B 5% W7 4
JIN T RR AR 4 BE % 25 1, TR BUAL & T B A 1 J= 35 40
PR AR LR SCRIRRIE A,

3) SH P 2% (Neck) « 3813 1 RAFEBIH K 1 10 )~ B %
PR 1) 34 32 0 AN TEZ R RRIEEA TR A . FE5I A HK
] I AR, ST 2 R R AE B T 43Rl A

O %y 3 COutput) « 38 3 8 AR RE Sk ¥ 43 28 5 |l
A3 B A3 A 00 R B AR I 280 AR 0 R A E AR 7

YOLOvS B4k 7R T YOLO 2 B 1 52 i 8 70 i &k
P o R BSFSR T8 R 11 T 8% 235 A R ot 1) 4 RS A L B R
TXEARTE R E B b6 09k 68 Sy . SR Z B AE 1
Cof BEHXT B AR 89 30/ R AE 32 BUR 98 M7 B 5 B3R 85 +
Pt . SPPF #LHL 75 5 0 (&1 )7 v () 40 775 RR AIE , B Ot A Ak 3
S MR PR TR T A AN B e TR RE B BOR R, B
Tk A A 2 R H AR R [ R R#AE , Neck #4r B
R THRIE & TSR AR AT %, BELE/ N
b A B AR 4 B AR B 25 2y th BRI R 0 IR, kAt
YOLOvS B3k iR 9 CloU 0 2k sR 0 BT A BEAS 1 4L H
SERETS N, B 8UE kX AR AR CR B AR T AR
b 1% REREZR O B AR Y B AR 2 AN 2, ol sl
2 BMUHEE

P YOLOVS SRk bt THifig ) 22 . 2 RE B R RIEA
U N B AR AR ) 22 SF G AR SCIR I — R R T2 R
FEHRAE B9 RAMW-YOLOvS H A5 A6 I 5 2% o H: R0 4% 25 44
K2 fim, B, EE CA BB C3Res_ CA Bk
11 55 P B R ST AR B R SR S, DA e SR 2R T R

)
. P y
| o ‘ = -—NSpu:H Bottleneck >/ Comm
= @ G

" Bottleneck

B

YOLOVS 2544

YOLOvV8 model structure

FHBPREMES ZREMN RS, GRS S T Rkt

162 5 #4146 )2 i SPPF_ AuxPool #5He , {ii 3512 fiE 1% B

S 1E P R B 2 ROBERRAE . BeAh R /N H ARG DU

FEHRIE S A E AR N BRI RE . &5, A

WIoU $ 2% bR B0 F+ 500k M M S0 BE DA R TE R 24 5 R Y
LN}

K2 RAMW-YOLOVS %5#)
Fig. 2 RAMW-YOLOvVS model structure



949 B 2 F o

T # K

2.1 C3Res_CA #3R

Sk 5 ARk B T e Ak b R B B R I A R AT L K
HIl 55 6 56 3 T A5 B i g ma L 2 F 32 T W46 4 Caf Ak
W B, 45 G 2 50 B0 TRGE 1 T 5k 22 4544, [R] I 51 A A B
HE MR E T C3Res CA Bk, @it B EA M Z
IR 70N 08 el /D 0 2 B N A B 10 [ I R R Ak
FRAE BRI RE 1 RVARAE Rl A 1 2 R M, W) B RE 5 AR 4R 38 1B
B4 S 3 0 R R AE T AN (R B A
BT,

C3Res_CA fRH 25 N & 3 Prow , Hw 2 o F¢1E &
T 2 0 SO TR B 22 G5 F AR BURRAE , 45 & CA it B IS

o7 A R A A R DA 3 5 RS 5 A 4R CRE 7 L B S AT B 4
SRR A SEERE ., Hh  BFRRESRELEHNNS
Bk B MAEHWMEE 1 iR,

Boltleneck

?

n o —

_t

Bollleneck  ———»
p . S
C3Res-

i e Bottlencck  ——» Concat I Add —>

|

Kl 3 C3Res_CA #5#4
Fig.3 C3Res_CA structure

K1 ERBRESREFEMNSHIRE

Table 1 Parameter settings for convolution operations and residual structures

Batk  BREEXAN LK EHR MR i A3 18 v 4 3 1 EH
Convl 1Xx1 1 0 SiLU C CX0.5 IH I R 4 5 R
Bottleneck 3X3 1 1 SiLU CX0.5 CX0.5 JHTHZEFEAR RS AL MR
Conv? 1X1 1 0 SiLU C CX0.5 1 Convl I4T M B4 3L
Conv3 1X1 1 0 SiLU (24+n) XCXO0.5 C PHEEJE FRAE AL G 5@ E IR E
Bk 2 3% 12 — — — — C C S R B E
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Fig.4 Schematic diagram of the coordinate attention mechanism
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Fig. 5 SPPF_AuxPool module structure
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S — O 640 X 640, X bb B Ik R OB BRI 5 vk
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M EBARRERSEH—FIEHT RAMW-YOLOVS 5
IRAE R 2T o AR 0 RS AR DU AT 55 b B i R, X s
FRARE I, RAMW-YOLOvVS A{LBEHERA K I H 45 . iF RE 78
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Table 2 Comparative experimental results

. Precision/ Recall/ mAP@0. 5/ mAP@0. 5:0. 95/ Para Size/
Bk  GFLOPs  FPS
Y % % % (10" MB
Faster-RCNN 85.8 69. 2 85.8 65.7 41.53 208.0 18.8 323.4
SSD 72.3 47.0 72.3 38.5 11. 69 34.3 70.0 92.8
YOLOX 90. 1 69. 8 90. 1 64. 4 5. 06 26. 8 66.5 62.8
YOLOvS 90. 2 79.3 88.5 60. 0 1.77 4.2 111.1 27.9
TOOD 61.1 65. 6 83.6 61.1 37.74 199.0 16. 4 250. 3
RTMDet 89.1 62.9 89.1 65.7 4.12 29.5 71.0 80. 3
YOLOv8 90. 6 79.1 88. 6 63.2 3.01 8.2 218.3 6.3
AL 91.2 83.0 92.1 67.4 10. 71 29.5 129.7 21.4
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