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Lightweight water surface small object detection model with multi-scale
attention mechanism and improved feature fusion

ZHONG Shang', MA Li'** | LIU Wenzhe', LI Yuhao'
(1. College of Information Engineering, Hebei GEO University, Shijiazhuang 052161, Hebei, China; 2. Intelligent Sensor Network
Engineering Research Center of Hebei Province, Hebei GEO University, Shijiazhuang 052161, Hebei, China)

Abstract: In complex water surface scenarios, addressing the issues of low detection accuracy, high missed detection rates, and
limited computational resources for small target detection, this paper proposes a lightweight water surface small object detection
model with multi-scale attention mechanism and improved feature fusion. Based on centerness theory, a new backbone network is
designed, leveraging the multi-scale attention mechanism to enhance the model’s feature extraction capabilities. Partial convolution is
used to improve the neck network by reducing feature map redundancy, effectively lowering the model’s computational load. A large
separable kernel attention module is employed to improve the spatial pyramid pooling module, enhancing the model’s feature fusion
ability. Experimental results demonstrate that, compared to other models, the proposed model achieves higher detection accuracy,
lower missed detection rates, and fewer parameters.
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Fig.1 Calculation example of centerness
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Fig.2 The structure diagram of EMA module
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Fig.5 The network structure diagram of MFS_YOLO model
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HNApo
3.3 =FREVEREXTEE
YOLOV8s, YOLOv8s-P2 , YOLOv8s-Better F7X FL LB 45 UL 1 frn, Rl sk R A B .C.D 434l
1 160x160,80% 80,40 x 40,20 % 20, 43l H F A M /N HAx /N HAR  h BAr . K BAR, hi& 1075, 5
YOLOV8s 5 HIAH Lt , YOLOv8s-Better A5 75 {1y ki KK B2 73 51 42 /55 3.72% F1 0.71% , T 534 i 1.428x10°; 5
YOLOVS8s-P2 B#UAH H , YOLOv8s-Better A5 7Y (1) R MDRS FE 357l FRAIK 0.11% 1 0.21% , 11520 6.901x10°,
F1 AR L

Table 1 Comparison of three models

Fi 5 A/ %o Ayp o/ % HHER/10° o Sk RUEE
YOLOVSs 78.98 45.89 28.675 (B,C,D)
YOLOV8s-P2 82.81 46.81 37.004 (A,B,C,D)
YOLOVS8s-Better 82.70 46.60 30.103 (A,B,C)

3.4 A R{IE EMA #EHxt bk LG o547
PL YOLOV8s-Better A EEAERIAY | 43 I 7E 5 T P48 1T 3 RIS U I EMA ek 70t e St g
¥ 3 ANMLE ) EMA BEL 75130 EMAL EMA2 F EMA3 #5578 3 M E 71 EMA B 1 YOLOVSs-
Better #5513 51i i YOLOv8s-Better+EMA1 . YOLOvV8s-Better +EMA2 £1 YOLOv8s-Better+EMA3 #57%!  Xi} kb,
SEIGEE RN 2 s, H#E 2 A0, 5 YOLOvVSs-Better+EMA3 #iUAH [, YOLOvSs-Better+ EMA?2 455 I ]
K5, 5 YOLOvSs-Better+EMA1 #5AYA LY | YOLOvVS8s-Better+EMA2 #1135 /N 280w /b
2 EMA BN EXT e Sc s 4

Table 2 The experimental results of the comparison of EMA addition positions

R Aup/ % Anpr/ % /107 SR/ 10°
YOLOVS8s-Better 82.70 46.60 30.103 3.310
YOLOV8s-Better+EMA1 83.64 46.92 30.352 3.320
YOLOV8s-Better+EMA2 83.58 46.99 30.346 3312
YOLOV8s-Better+EMA3 83.35 46.75 30.343 3311

3.5 ARIEEAVGIXT L K8 o4
R T ik EMA BRI >R 2R B WL R4 T S8 0T b, 4245 42 ] 3 5 J1 1L ( global attention
mechanism, GAM ) | % [t 5 I %& ( squeeze-and-excitiation, SE)'"”’ #FHVE & /1455 ( convolutional block
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attention module, CBAM) "'*, L1 YOLOvS8s-Better 551 } 3L A Y H57E YOLOVSs-Better #5513 % 4% (1)
552 AR FEER S TN [FE B ML, 20 B304 YOLOvSs-Better+EMA 457 | YOLOv8s-Better + GAM A5
%1 YOLOVSs-Better+SE i Fll YOLOv8s-Better+ CBAM #55  SCEG 45403 3 s, i3 3 W, M 5
YOLOVSs-Better+GAM # %! | YOLOv8s-Better+EMA A1 8 &/ 24808 /D, HHE 5 YOLOv8s-Better+
SE #E A1 YOLOvSs-Better+CBAM 15 /5 | YOLOv8s-Better+EMA A& 15 (6 A% B 55

£ 3 AFEREZEIIPLRDN LIRS,

Table 3 The experimental results of the comparison of different attention mechanisms

L Aupa/ % Ao/ % /107 S8t/ 10°
YOLOV8s-Better+EMA 83.58 46.99 30.346 3312
YOLOV8s-Better+GAM 83.62 47.06 35.354 3.720
YOLOVS8s-Better+SE 83.05 46.71 30.105 3312
YOLOV8s-Better+CBAM 83.11 46.82 30.105 3.314

3.6 AEINLE M IRRBUH X EE 236 43 1

LI YOLOvS8s-Better FEERL K YOLOvSs-Better 5 7Y 3= [ £ [14) Jif S50 BB 4 Ay pRe R A B | ik
PEJERALE ) YOLOvSs-Better+C2f1 #5751 . YOLOVS8s-Better i 7Y 25153 /0 265 (1) 20U Bk 5% 4 Shy e ok i 545
He b S AR AYIE o YOLOVSs-Better+C2f2 #5711 YOLOvSs-Better 15 7Y 45~ ] 25 (it Ji 204 B 5 4 Sy P i
IR Bk IS B RLE S YOLOVSs-Better+C2£3 FE71 5% e LI 45 S WN5% 4 f7R . YOLOv8s-Better+C2f2
TN ARG 75 T YOLOvS8s-Better+C2f1 #%IF1 YOLOv8s-Better+C2f3 #5751, 4145 5 YOLOv8s-Better fi
), YOLOv8s-Better+C2f2 AT 5 /N S ¥/,

4 PR SSEE X SR A

Table 4 The experimental results after improving the bottleneck module

TR App 1/ %o Apo/ % T E/10° ZH/10°
YOLOV8s-Better 82.70 46.60 30.103 3.310
YOLOV8s-Better+C2f1 82.96 46.33 26.580 2.745
YOLOV8s-Better+C2f2 83.08 46.41 27.285 2.966
YOLOV8s-Better+C2f3 81.49 45.73 23.762 2.401

37 ERMIBERSH
LI YOLOvSs-Better i3RI AT @l SL 56, LI 25 Ak 5 i, 2 5 #,E 3% YOLOv8s-Better
K F A3 YOLOvSs-Better+ EMA2 157 G f£ % YOLOv8s-Better+C2f2 %! H {3 YOLOv8s-Better+
SPPF_LSKAME# 1 £ 3 YOLOv8s-Better + EMA2 + C2f2 # % J f£ % YOLOvS8s-Better + EMA2 + C2f2 +
SPPF_LSKAZ#I
25 PILEAIE IR SE I 25 R

Table 5 Ablation experimental results after network reconstruction

el A,p 1/ %o A,p o/ P THEE/10° SHE/10° WE RN 10°
YOLOV8s 78.98 45.89 28.675 11.141 42.6
E 82.70 46.60 30.103 3.310 12.7
F 83.58 46.99 30.346 3.312 12.8
€ 83.08 46.41 27.285 2.966 11.4
H 83.79 47.02 30.968 3.582 13.8
I 84.77 47.13 27.528 2.968 11.5
J 85.46 47.35 28.393 3.241 12.5

H 3% 5 W, A% 5 YOLOVSs #5145 B #1521 i YOLOVSs-Better A5 B 7L K NS BEFE bR b2 B2 =5
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Table 6 Comparison of multiple target detection models

A Ap,/ % Ayp o/ % TEE/10° ZHR/10° g%
YOLOV3 55.68 21.52 65.692 61.594 42
YOLOVS5s 49.74 24.92 16.588 7.099 60
YOLOV7 59.88 31.20 105.337 37.265 30
SSD 49.32 23.24 62.050 25.349 73
Faster-RCNN 47.68 21.94 941.083 28.409 13
YOLOV8s 78.98 45.89 28.675 11.141 80

MFS_YOLO 85.46 47.35 28.393 3241 62
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Fig.8 Comparison of detection effects in different environments

4 &k

ARTCXT YOLOv8s HERI M | 77K /Iy H FRAS AT 55, il J5 9 MFS_YOLO £ 74 fyPEpe 4t = . AR
UG BERE , 5 TR )2 4 XA AR AT Rt R 1) £ TR S A, FE A YOLOv8s A58 78 = [0 26 ] 4 251350 o 28 SRRk
G FIELER R A2 B A M 4 15 3] YOLOvSs-Better 15 %1, 78 3 W 4% 51 A 22 B 7 2 S AL, 15 58
YOLOV8s-Better R I FRFIE SR HLAE T7 , BACHE 3030 I 265 AR ESE e | B AIK T YOLOv8s-Better #5371 [ 145 2 il
ZH i, 1€ SPPF B rh 5] AR RE T 4 B A%, BB 1 K YOLOV8s-Better 55 % /1) Ji 57 WL 7 , 2 % YOLOVSs-



514 i, 25 Rl 22 RURE TR R AL A0S e A Rl 1 A e AT /) F A A 2 25

Better SR RFIERLAAE ST . LU0, Bl 5 1 MFS_YOLO AU /5 T ARG MRS B, 7153 i/ S5 /b |
IS ARAK, BEASAS I 11 5 22 /K /N AR o

S Xk

[1] GIRSHICK R. Fast R-CNN[ C] // Proceedings of the IEEE International Conference on Computer Vision (ICCV ). Boston:
IEEE, 2015.1440-1448.

(2] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: unified, real-time object detection| C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition( CVPR). Las Vegas: IEEE, 2016.779-788.

[3] LIU W, ANGUELOW D, ERHAN D, et al. SSD: single shot multibox detector|[ C] // Proceedings of the 14th European
Conference on Computer Vision( ECCV). Berlin; Springer, 2016:21-37.

[4] REN S Q, HE K M, GIRSHICK R, et al. Faster R-CNN; towards real-time object detection with region proposal networks
[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6) ;1137-1149.

[5] TAO Kong, YAO Anbang, CHEN Yurong, et al. HyperNet: Towards accurate region proposal generation and joint object
detection| C] // Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition( CVPR). Las Vegas: IEEE,
2016.845-853.

[6] LINTY, DOLLAR P, GIRSHICK R, et al. Feature pyramid networks for object detection[ C] // Proceedings of the 30th
TIEEE/CVF Confenence on Computer Vision and Pattern Recognition( CVPR). Honolulu; IEEE, 2017.936-944.

[7] CHEN CY, LIUM Y, TUZEL O, et al. R-CNN for small object detection| C] // Proceedings of the 13th Asian Conference on
Computer Vision. Berlin; Springer, 2016.:214-230.

(8] BB, iy gt di. ST ik YOLOVT (/N HARKSEIN [ 1], T L T2 ,2023,49(1) :41-48.

QI Linglong, GAO Jianling. Small target detection based on improved YOLOv7[ J]. Computer Engineering, 2023, 49(1):
41-48.

[9] LIN Feng, HOU Tian, JIN Qiannan, et al. Improved YOLO based detection on algoruthm for floating debris in waterway[ J].
Entropy, 2021, 23(9) :1111.

[10] AR TEERSE. JE TSRS AL Al iR (AN B AR I [T ] THAPLAR SN, 2023,32(2) :288-294.

WANG Lin, WANG Yuting. Lightweight ship target detection based on enhanced feature fusion[ J]. Computer System
Applications, 2023, 32(2) .288-294.

[11] OUYANG Daliang, HE Su, ZHAN Jian, et al. Efficient multi-scale attention moudle with cross-spatial learning[ C] //
Proceedings of the IEEE Interrnational Conference on Acoustics Speech and Signal Processing ( ICASSP). Rhodes Island;
IEEE, 2023.1-5.

[12] CHEN J R, KAO S, HE H, et al. Run, don't walk; chasing higher flops for faster neural networks[ C] //Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition( CVPR). Vancouver; IEEE, 2023.12021-12031.

[13] LAUK W, POL M, REHMAN Y A U. Large separable kernel attention: rethinking the large kernel attention design in CNN
[J]. Expert Systems with Applications, 2024, 236.121352.

[14] ZHOU Zhiguo, SUN Jiaen, YU Jiabao, et al. An image-based benchmark dataset and a novel object detector for water surface
object detection[ J]. Forntiers in Neurorobotics, 2021, 15:723336.

[15] HU Jie, SHEN Li, SUN Gang. Squeeze-and-excitation networks[ C] // Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition( CVPR). Piscataway: IEEE, 2018.7132-7141.

[16] WOO S H, PARK J, LEEJ Y, et al. CBAM: convolutional block attenetion module| C] // Proceedings of the 15th European
Conference on Computer Vision( ECCV). Munich: Springer, 2018.3-19.

(%4 . TR 3E)



