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Abstract; In view of the weaknesses of poor computing and storage capabilities of edge devices, lightweight
processing was carried out on the backbone network CSPDarkNet53 for feature extraction in the traditional YOLOvS
model, and a lightweight gesture recognition algorithm MPE-YOLOvS was proposed to realize the deployment of the
model in low-power edge devices. Considering the problem that it is difficult to identify large-scale transformation
targets and tiny targets due to less feature extraction in lightweight model, efficient channel attention ( ECA)
mechanism was added to alleviate the loss of information after high-level feature mapping due to the reduction of
feature channel. A detection layer for tiny targets was added to improve the sensitivity to tiny target gestures. EloU
was selected as the loss function of the detection frame to improve the positioning accuracy. The effectiveness of the
MPE-YOLOV5 algorithm was verified on the self-made dataset and NUS- I public dataset, and the MPE-YOLOvS
algorithm was compared with lightweight M-YOLOv5 algorithm and original YOLOvS algorithm on the self-made
dataset. Experimental results show that the model parameters, model size, and computational complexity of the
improved algorithm were 21.16% , 25.33% , and 27.33% of the original algorithm, and the average accuracy was
97.2% . Compared with the lightweight model M-YOLOv5, MPE-YOLOvS improved the average accuracy by
8.72% while maintaining the original efficiency. The proposed MPE-YOLOvS algorithm can better balance between
the detection accuracy and real-time reasoning speed of the model, and can be deployed on edge terminals with
limited hardware.
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Fig. 1  Structure of MBConv module
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Tab.1 Backbone network structure of M-YOLOv5 model
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Fig.4 Annotation examples of small target gesture samples
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Fig.5 Visualization results of small target gesture dataset with large-scale variance
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3.3.1 YIALER S5t

MPE-YOLOvS 575 AR DA v 45 28 51 (%) A 3k
K45 SR Nk 4 frs, B3 4 W] %1, MPE-YOLOVS
B UER P R R FEHRE BE Py, 200k
94.5% 91.1% 97.2% , RENS A R ST H A 2 2%
Yt F TSGR

(11)



%55 M YL, 45 MPE-YOLOVS . 1 1) i1 23 (42 84k YOLOvS FHR BB 1k <7

&4 MPE-YOLOVS HiA & XA ERR BB RMFHFERNER
Tab.4  Detection results of P,R, and P,;, of MPE-YOLOVS algorithm for each category

5’35'] P R PM»\ 5’35'] P R PMA 5’3%’] P R PMA
A 0.914 0.941 0.955 J 1.000 0.917 0.958 S 0.947 0.898 0.949
B 0.980 1.000 0.995 K 0.995 0.933 0.988 T 0.895 0.810 0. 966
C 0.934 0.955 0.988 L 0.937 1.000 0.995 U 0.950 0.902 0.978
D 0.971 1.000 0.995 M 0.897 0. 846 0.937 v 0.870 0.916 0.978
E 1.000 0.992 0.995 N 0.935 0.653 0.965 \% 0.980 1.000 0.995
F 0.944 0.957 0.985 O 0. 966 0.857 0.967 X 0.931 0.722 0.892
G 0.914 1.000 0.984 P 0.977 1.000 0.995 Y 0.914 1.000 0.995
H 0.928 0.941 0.990 Q 0.966 0.936 0.993 7 0.953 0.893 0.963
1 0.979 0.929 0.972 R 0.879 0.700 0. 889 All 0.945 0.911 0.972
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Fig.7 Detection results of two hands
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Tab.5 Detection results of MPE-YOLOVS algorithm on NUS-1I dataset

&5 P R Py e P R Py
A 0.914 0.941 0.955 G 0.995 0.933 0.988
B 0.980 1.000 0.995 H 0.937 1.000 0.995
C 0.934 0.955 0.988 I 0.897 0.846 0.937
D 0.971 1.000 0.995 J 0.935 0.653 0.965
E 1.000 0.992 0.995 All 0.990 0.985 0.994
F 1.000 0.917 0.958
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Fig.9 Examples of detection samples of MPE-YOLOv5 algorithm on NUS- I dataset

(i) TSI R () FRITRLR

A LS T 4 MO/ HARTFE, 20500 Kk H
L T NG S S s AR NS E B 7 i R O
/NHARFHER”,



55

YL, 45 MPE-YOLOVS . 1 1) i1 23 (42 84k YOLOvS FHR BB 1k -9

4 A
== |

K% 40.98
(a) YOLOVSH R [ Grad-CAM A $i4L. 45 5

= L Q

RlREA

l\

ZHEEH0.98

OMEZ50.96 RAEZEH0.94

S

KM 50.93

ZHEZ90.93

(b) M-YOLOV5# %! ) Grad-CAM A {4k 45 R

K 40.96

KM¥E250.96

X
&

ZH#E#50.94
(c) ME-YOLOVS5# 2! ff)Grad-CAM A ¥4k 45 51

Sl
@

ZHEZEH0.95

O3 450.69 I3 40.47

OMEZE50.72

REZE40.40

(d) MPE-YOLOV5#: % [#]Grad-CAM AT L4k 45 5
10 EMEEBE MR Grad-CAM FTHRKLLER

Fig. 10 Grad-Cam visualization results of detection samples of each network model
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Tab.6 Comparison between MPE-YOLOvS and other network models
48] £ 24 71 o 45 AR P an/10° Friop/10° W,,./MB Pya/ % Fiame/ (frame + s 1)

Bk ShuffleNetv2 '3 3.24 6.0 6.45 93.6 526
MobileNety3 4] 1.41 2.3 2.98 94.2 476
GhostNet! '3 5.42 8.4 10.70 95.6 286
EfficientNet 3! 3.83 7.4 7.64 96.3 286
PP-LCNet %] 3.38 6.3 6.70 9.8 526
YOLO 41 M 4% YOLOv3 (22! 9.37 23.4 18.10 93.9 208
YOLOv4!? 9.17 20.8 17.80 94.2 233
YOLOv5!'¢] 7.08 16.0 13.70 99. 4 313
MPE-YOLOVS 1.50 4.4 3.47 97.2 345
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Tab.7 Comparison between the latest lightweight gesture recognition algorithms with MPE-YOLOvS

Sclk AR B Pys/ % W,/ MB P/ 10 HEFRAF[H]/ms
CHK[33] YOLOv3-MobileNetv2 . YOLOv3 % NUS- II %422 92.7 5.00 33.33
454 MobileNetv2
SCHR[34] AR b 13D BFZS )43 3D AL Jester Biigg 35 -3 94.8 — 3.17 4.23
454 Fire Bk
CHK[37] RF-Net: 23 AlexNet Marcel $i#i 45 38 83.6 8.93 2.28 1.51
CHk[39] R YOLOV3 Al 5 H2FHEARE 97.7 — 0.15 —
W Hk[40] MobileNetv3-SSDLite: SSD vk 45 H il 5 42K T 3hdiisE 99.6 — 2.20 17.27
4 MobileNetv3
CHR[41] Y EfficientDet; EfficientDet B [ ] 74 /325 FH SR 4 9.1 18.40 — 90.91
B4 MobileNet 1 SE 112 J1#LiHI
SCHk[42] Btk Xception; Xception 333545 NUS- 11 4 (%0 99.6 54.19 4.31 —
4 DenseNet il SE V& AL
, 14 26 23T HAHdm 427 97.2
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Tab.8  Ablation experiment results
24 480 e g e e 14 R/ Pyy/ Dypp/ P aram” W/ Frrops/ Ffame”
J=g| H2 53 r4 % % % 108 10° MB 10° (frame-s~!)
YOLOVS x x x X 99.3  99.0 99.4 14.02 7.09 13.7 16.0 313
M-YOLOvS vV x x x  87.0 81.6 89.4 63.40 1.41 2.97 2.3 476
ME-YOLOvS Vv x v x  91.0 82.7 92.4 65.53 1.41 2.99 2.3 476
MP-YOLOV5 vV Y x x  92.7 88.2 96.2 64.13 1.50 3.46 4.4 345
MPE-YOLOV5 % v vV x 93.3 90.4 96.3 64.20 1.50 3.47 4.4 345
MPE-YOLOVS v vV v V.o %45 9.1 97.2 64.80 1.50 3.47 4.4 345
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