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Abstract: When the automatic ship paint-removal robot encounters external interference, existing
algorithms suffering from performance degradation and insufficient real-time processing capability. To
address these challenges, the Repvit-MobileNet block is integrated into the backbone network of
YOLOVS5 to enhance detection speed. Additionally, the positional attention mechanism has been
incorporated after each stage of the backbone network, broadening the model's global receptive field
and improving both target localization and interference resistance. Then, a convolutional block
attention module (CBAM) is implemented in the neck network, and the feature extraction ability is

enhanced by integrating the CBMA module to improve the detection performance of the network

model. Lastly, a Refine-Loss loss function is proposed to optimize the geometric relationship between
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the predicted bounding box and the true bounding box which also balances weight and confidence

information related to 10U, leading to improved accuracy in detecting the robot's target position.

Subsequent experiments from ship robotic datasets show that the lightweight YOLOVS network

combining Repvit-MobileNet block and attention mechanism can reach 84.1% in the experiment with

average precision, and the inference speed on the edge device reaches 26.6 f/s, which meets the need

of industrial applications for object detection of ship paint-removal robots.
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Table 3  Results of ablation experiments
Ak mAP[0. 5,0. 95] mAP[0. 5] Param/10° FLOPs/10° FPS
YOLOVSs 83.3 98.9 28.7 30.9 12.1
+ RepVit-MobileNet block 81.0 | 2.3 98.6 | 0.2 1.3 [ 17.4 12.1 | 18.8 26.9 1 14.8
+ CA&CBAM 83.5 7 0.2 99.5 7 0.6 12.1 | 16.6 13.4 | 17.5 26.5 7 14.4
+ Refine-Loss 84.1 1 0.8 99.5 1 0.6 12.1 | 16.6 13.5 | 17.4 26.6 1 14.5
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Table 4 Comparison of experimental results

Bk Backbone mAP[0.5,0.95] mAP[0. 5] Param/10° FLOPs/10° FPS
Our 84.1 99.5 12. 1 13.5 26.6

YOLOVS5s
CSPDarknet 83.3 99. 4 28.7 30.9 12. 1
Mobilenetv2 78.9 95.8 2.9 2.8 20.8
Retinanet SSDVGG 300 80. 4 96.8 31.8 178 6.2
Resnet 50 82.5 98.6 68.6 76.5 7.1
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Fig. 6 Training process and results

3.4 HBRBRERNEHEETHER

BV 25 F 2R R 2 5 R Z RIWAE S48,
DL K — > PR RE AR S A AR Y | DG i A 2 A5 AR A 2 A
FE ORGRESE o HMEFRIAN—FF A Tl g iy
%A R, FORE BT A B S T R . AR AT
YIZ , 4 P SC A 2 70 2 T B Ah B R A
R MR FE/L . TensorRT J&— ™5 P BE AU IR
JE 22 S HE AR AR | AT DL R B2 27 2 i HH 4 IR A
R R ERAE MR, B Pytorch Yl 2Rl A7
(xx.pt) H] TensorRT #f L fin 3 , 544 4 %Y Hy Pytorch
PR AE 1 A R S B 46 i ONNX A Y |, 4K 5 75
ONNX #5& 7 %% $ i, TensorRT #fE # 5| #% (engine) X
| SRR ) e Ak I o S B RN N 3 30
S Lo A b, AT DA SR i R B T AR Y
TR, MR A5 S an & 8 FrR o

4 & ik

ASCEE T —Fh k) YOLOVS ¥ 4%, i 1o il
4 Repvit-MobileNet Block 5 4 2 Sy L A bk, S2 8
G5 T M ARBR LA A B B AR . H 3
Pesan s

1) 3£ RepVit-MobileNet block Y& T M 4% , iz
BRI E N AR R A A1 30.9%,
P& T K Az B B . 64, RepVit-MobileNet
block NMYH" R T EAZ B, i 4k15 T FE & 220 E
TR RRAE R, A5 T 48 e (A R T 1 i

2) Hi Tz gl B LA N RS ARAL , BREEAL
R ANIIE AR 2 kAR AL, 33X 1T Rl 5 BRI ME A 1 1Y
N RO N DA RES- Wik S 3 TR PN
2 JRAF B BRI, JF Z M6 S S LU
K0 R . P 5 CBMA 55 B ke 88 i 56 ik
BLRRAE A9 AEE 35RO HARE BB T
AN BAREACE , O 20 T — ST AE B i
LT B AR B AR, AR T HARAY
I RE

3) 0 T RS o M AL L SEAE AT PRI i 8
PR, 7E W 45 451 5% BRI i A — R8T 1 Refine-10U
PG REL, USSR AR X AR 07 ARG I 4 B 1

D FEMAABRIBE LA N B E TR 55
HE. Z5SEFRET, BT HE 1 7 I AR S 4R T K
R 84.1% , W A 28 5 ) A TR 3] T 26.6 fs o
o DA 2 R S 8 AT il A I FH K



FANGT, A ETRBEACSER IR AR EALER A S H ARG

21

(a) KEBEZE (b) FEEEE
1.0 1.0
0.8 0.8
0.6 0.6
R, Ry
0.4 0.4
0.2 0.2
0.0 , 0.0
02 04 06 08 1.0 02 04 06 08 1.0
BB R
(OREIEES (d) F153- %
1.0 1.0 W
0.8 w 0.8
0.6 0.6
= =
0.4 0.4
0.2 0.2
&0 02 04 06 08 10 00 02 04 06 08 10
BiEE BiEE

K7 ASCERIRHERE I 2

Fig. 7 Performance curve of model in this paper
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