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YOLOVS Optimization Model Based on Attention Mechanism
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(1. Department of Computer Science and Technology ,Soochow University , Suzhou 215006, China;
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Abstract; With the development of machine vision technology , target detection has become an important branch. At present,the YOLOVS
model, which is widely used in the industrial ecology, has undergone version iterations and has been optimized in terms of prediction
weight and detection accuracy ,but the processing speed of the model is still not high, especially for small targets and occluded objects.
The detection effect needs to be improved. We propose an improved model of YOLO v5 based on attention mechanism. First of all, by
introducing the dimension related attention mechanism module for feature fusion, the feature extraction ability of the backbone network is
improved to improve the detection effect of small targets and occluded objects; secondly,the SIoU loss function is used instead of the
CIoU loss function as a new bounding box regression parameter. The loss function improves the positioning accuracy and detection speed
of the bounding box. The experimental results show that the average precision of the optimized model reaches 87. 8% , which is 4.7 per-
centage points higher than that of YOLO v5,and the detection speed of the model on a single GPU reaches 83.3 FPS.
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frame/s, 564> 0] LA /& Tl 37 56T A 58 B RS ) 22 5Kk
(30 frame/s)
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k4 VOC L&EAFHAEELER
Model Faster R-CNN SSD YOLOV3 YOLOVS YOLOV7 Ours
aero 80.3 79.3 85.5 90.7 92.3 94.5
bike 87.8 83.5 85.3 92 93.1 93.7
bird 75.4 76.6 81.5 81.3 85.2 86.5
boat 64.4 66.5 60.2 72.9 77.2 79.5
bottle 55.9 41.7 55.2 75.3 80.3 85.2
bus 84.3 87.5 85.3 89.5 91.4 94.2
car 86.4 85 88.3 92.7 94.2 94.3
cat 89.4 90.7 91.2 87 87 93.1
chair 60.1 56.5 53.9 67.1 74.6 74.1
cow 79.8 81.7 81.1 88.7 9.1 91.2
table 72.8 77.4 66.7 75.4 84.4 82.9
dog 87.9 87.9 90.6 88.1 85.7 91.9
horse 87.9 87.5 89.4 91.5 91 93.7
mibke 83.3 84.3 83.9 90.6 92 93.2
person 84 74.4 81.2 88.9 91.5 92.9
plant 49.2 48.1 43.2 57.8 64.8 66.7
sheep 75.3 77.6 79.7 85 88.9 87.6
sofa 79.9 81.4 77.9 75.5 83 83.9
train 85 88.5 87.9 87.3 88.8 90.2
tv 73.5 78.4 76.7 84.1 89 88.5
mAP/ % 77.1 76.7 77.2 83.1 86.4 87.8
A5 REEEA G VOC #45Eml K 25 R
TR Precision/ % Recall/% mAP@0.5/% mAP@0.5:0.95/% FPS
Faster R—-CNN 73.2 55.2 73.2 44.0 7.0
SSD300 76.8 59.4 76.8 45.6 44.3
YOLOV3 77.2 52.5 77.2 39.8 74
YOLOv4 80.4 62.3 72.7 46.1 54
YOLOV5 79.9 77.9 83.1 59.4 90.9
YOLOv7 84.9 75.1 86. 1 60.1 92
Ours 83.7 81.0 87.8 63.9 83.3
S AL ) A 00 AT A 5 T 9 SR B A
4 LEHIE B, RIS i ] L2l T T R 2

YOLO R4 H AR 312 32 A )12 (9 B fy
BEHFRKIN L 2 — . £ YOLOVS XfwER: H 5, £
571N B AR AN Y E b A5 R DA 8 N v 14 ) R 4 T

TER LKL A 1) 7 %, K DRA B v W25 1) &

TR HEATE G AR SRASE R X T — 26 5y Y {5 B A 4
PERETT ., IR T SIoU bR B0 6 45 2k bR 5 £

%ifﬁﬁlﬂﬂfgé&ﬂ@ CloU #1J , $& &5 1 W 83t B Fn [ml
VTR BE i3 TP A 2 4% 18 0 T i T A LA B/ B A
YIRS 25 (0 ) T, S 6 248 B R I Ot AR A ) - 3
MM T JR YOLOVS M %%, BRI S EEMAE

BRI HEA TR e, s B R A 558 119 Neck #47,
HE— 2D BTN TR H AR A RIS

SE Lk

[1] XING J, JIA M. A convolutional neural network —based
method for workpiece surface defect detection[ J]. Measure-
ment,2021,176:109185.

WASWANI A, SHAZEER N,PARMAR N, et al. Attention
is all you need[ C]//31st conference on neural information
processing systems. Long Beach: MIT Press, 2017 ; 5998 -
6008.



- 170 -

HHRHLEAR S AR

5533 &

(3]

(5]

[6]

(8]

[9]

GIRSHICK R,DONAHUE J,DARRELL T,et al. Rich fea-
ture hierarchies for accurate object detection and semantic
segmentation| C |//Proceedings of the IEEE conference on
computer vision and pattern recognition. Columbus; IEEE,
2014 .580-587.

REN S,HE K, GIRSHICK R, et al. Faster R—CNN ; towards
real - time object detection with region proposal networks
[J].IEEE Transactions on Pattern Analysis & Machine Intel-
ligence ,2017,39(6) :1137-1149.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once ;unified , real-time object detection[ C ]//Proceed-
ings of the IEEE conference on computer vision and pattern
recognition. Las Vegas:IEEE,2016:779-788.

LIU W, ANGUELOV D,ERHAN D, et al. SSDsingle shot
multibox detector [ C ]//Computer vision - ECCV 2016;
14th European conference. Amsterdam ; Springer, 201621 —
37.

TIAN Z,SHEN C,CHEN H,et al. Fcos: fully convolutional
one-stage object detection [ C ]//Proceedings of the IEEE/
CVF international conference on computer vision. Seoul;
IEEE, 2019 :9627-9636.

BOCHKOVSKIY A, WANG C Y,LIAO H Y M. Yolov4.
optimal speed and accuracy of object detection[J]. arXiv:
2004. 10934 ,2020.

LINT Y,DOLLAR P,GIRSHICK R, et al. Feature pyramid
networks for object detection| C]//Proceedings of the IEEE
conference on computer vision and pattern recognition. Ha-
waii:IEEE,2017:2117-2125.

REDMON J, FARHADI A. YOLO9000: better, faster, stron-
ger[ C]//Proceedings of the IEEE conference on computer
vision and pattern recognition. Hawaii; IEEE, 2017 ; 7263 -
7271.

REDMON J,FARHADI A. Yolov3:an incremental improve-
ment[ J]. arXiv:1804. 02767 ,2018.

MISRA D. Mish:a self regularized non—monotonic activation
function[ J]. arXiv:1908. 08681 ,2019.

s W AR, 9N K, 4. —FP T IDT-YOLOVS -
CBAM iR-& 300k % /Iy B ARSI 7 ¥ : CN115375913A
[P].2022.

[14]

[15]

[16]

[17]

[18]

[19]

[21]

[22]

[26]

BEOKIE BEPNP R 2 A — AR T B YOLOVS 4L
SRS T N B FRKEIN 5 2 . CN113688723A[ P. 2021.
S B E R K. 22T YOLO-vS 1A% SAR E&
/N B ARRE I [ T]. B RN 2021 ,48(6) :1-7.
RINFE, A%, 518, %F. Bi-PPYOLO tiny ; —Fhi% i 7
B TE AU Jr vk [T ], % 42 5 R 41, 2023, 23
(2) :480-488.

BB BTEME, X 5. B YOLOvS iyl AL %
AEF/NEFMEIN Y] HAENLAR SR AT, 2022,31(3) : 159
168.

HU J,SHEN L, SUN G. Squeeze —and —excitation networks
[ C]//Proceedings of the IEEE conference on computer vi-
sion and pattern recognition. Salt Lake City. IEEE, 2018 .
7132-7141.

GIRSHICK R. Fast R-CNN[ C]//Proceedings of the IEEE
international conference on computer vision. Santiago ; IEEE ,
2015 :1440-1448.

WOO S,PARK J,LEE J Y,et al. Cbam ; convolutional block
attention module[ C ]//Proceedings of the European confer-
ence on computer vision. Munich ; Springer,2018 .3-19.
CAO Y,XU J,LIN S,et al. GCNet;non-local networks meet
squeeze—excitation networks and beyond[ C]//2019 IEEE/
CVF international conference on computer vision workshop
(ICCVW). Seoul : IEEE ;2019 :1971-1980.

VZHENG Z,WANG P,REN D, et al. Enhancing geometric
factors in model learning and inference for object detection
and instance segmentation| J |. IEEE Transactions on Cyber-
netics,2021,52(8) :8574-8586.

GEVORGYAN Z. SIoU loss: more powerful learning for
bounding box regression[ J]. arXiv:2205. 12740,2022.
KINGMA D P,BA J. Adam;a method for stochastic optimi-
zation[ J]. arXiv;1412. 6980 ,2014.

HOU Q,ZHOU D, FENG J. Coordinate attention for efficient
mobile network design[ C]//Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. [ s.
1. ].IEEE,2021.13713-13722.

WANG C Y,BOCHKOVSKIY A,LIAO HY M. YOLOV7:
trainable bag—of-freebies sets new state—of—the—art for real

—time object detectors[ J . arXiv:2207. 02696 ,2022.



	
	页 1
	页 2

	
	页 1
	页 2


