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Lightweight YOLOVS Identification and Localization Algorithm
Based on Attention Mechanism

SONG lJianhui, LI Yazhou,LIU Yanju,LIU Xiaoyang

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract ; In order to solve the problem of poor detection effect and large positioning error of desk-
top living objects in medical nursing environment, an improved model based on YOLOVS is pro-
posed. Firstly , the coordinate attention ( CA) mechanism is used at the end of the backbone network
to enable the algorithm to capture information across channels, directions and locations, and improve
the identification accuracy of the algorithm. Then, GhostConv convolution is introduced to reduce
the number of model parameters, make the model more lightweight, and improve the detection
speed. Finally, the positioning loss function of the original algorithm is replaced with SIoU, so that
the positioning loss calculation takes into account the direction difference between the real box and
the predicted box , which is helpful to improve the stability of the model. The results show that com-
pared with the original algorithm, the improved algorithm increases the accuracy and recall by
4.1% and 1. 3% ,respectively,the mean accuracy of 0% ~50% and 50% ~90% in the intersec-
tion and union ratio is improved by 2. 7% and 3.9% respectively, the number of parameters by
16. 9% ,the number of frames per second is increased by 0. 47 frames,and the average positioning
error by 0. 29 mm in the X-axis direction, which is reduced by 0. 14 mm in the Y-axis direction.
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Fig.2 CA attention mechanism structure
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Table 1 Improved frame training results

eSSl e P/% R/%  mAPs,/% mAPs, o5/ %

R 1025  81.3  64.4 71.9 51.3
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Table 2 Training comparison results of some COCO data sets

IR R P/% R/ %

mAP.,/ % mAPs, o0/ % ZH /B FPS/s~!

YOLOV5 78.5 60.9 67.2 46. 4 7 030 417 46.17
ek YOLOVS 81.7 61.7 69. 0 48.2 5 843 745 46. 64
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Table 3 Comparison of common attention

mechanisms of the algorithm

Bk P/% R/% mAPs,/% mAPy,_o/ %
YOLOV5 78.5  60.9 67.2 46. 4
YOLOV5 + SE!S! 81.6 59.8 67.7 46.6
YOLOv5 + ECA'®)  79.5  60.7 68.0 47.0
YOLOV5 + CBAM'7-181 79,9 61.1 67.6 46.3
YOLOV5 + CA 82.1 59.4 67.5 46.6
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Table 4 Ablation experimental data of the improved algorithm
1 v 78.5 60.9 67.2 46. 4 7030 417 46. 17
2 2 2 82.1 59.4 67.5 46. 6 7 056 065 45.06
3 2 Y 79.9 61.4 68. 1 47.2 5 818 097 47.37
4 2 v 79.5 60. 4 67.7 46.3 7030 417 46.93
5 2 2 vV 83.0 60. 1 68.0 47.6 5 843 745 46. 49
6 2 2 v 81.8 60.7 68. 4 47.0 7 056 065 45.82
7 2 Y vV 81.7 61.6 68. 6 47.7 5 818 097 47. 47
8 2 VvV vV v 81.7 61.7 69.0 48.2 5 843 745 46. 64
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Table 5 Target positioning world coordinate comparison error table

975 E%T@iﬂﬂﬂf} E&iﬁ%%ﬁiﬂlﬂ H 792 B i S (1 E&i&%?ﬁﬁiﬁ J?%/f'%%’% E&ﬂfﬁ(ﬁ'ﬁi
e El)rm@ﬁif:u Ep) El/fml’é—]f%‘%ffj A/ mm AR 7/ mm 1t S A A/ ﬁ“ﬁ,ﬁé}vﬁﬂ’ﬂ ﬁmﬁi‘%ﬁé’r/ﬁﬁ’ﬂ
= [EE 7 MG R AT mm {%2%/mm 122%/mm
1 (338.5,272.0) (337.5,274.0) (16.77,33.89) (17.28,32.89) (16.27,34.89) (0.50, -1.00) (-0.50,1.00)
(341.5,274.5) (341.5,275.0) (19.79,35.89) (20.29,35.39) (20.29,35.89) (0.50, -0.50) (0.50,0.00)
3 (399.0,282.0) (398.5,282.0) (77.12,43.88) (78.12,42.88) (77.62,42.88) (1.01, -1.00) (0.50, -1.00)
4 (409.0,315.0) (409.5,315.5) (89.19,75.83) (88.18,75.83) (88.68,76.33) (-1.01,0.00) (-0.50,0.50)
5 (470.5,300.0) (470.0,301.5) (149.53,61.85) (150.03,60.86) (149.53,62.35) (0.50, -1.00) (0.50,0.50)
6 (342.0,290.5) (343.5,290.0) (21.80,50.87) (20.80,51.37) (22.30,50.87) (-1.01,0.50) (0.50,0.00)
7 (418.5,280.0) (418.5,280.0) (97.23,39.88) (97.73,40. 88) (97.73,40. 88) (0.50,1.00) (0.50,1.00)
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