20254 3 A
Baots B2

Journal of Zhengzhou University ( Engineering Science )

XEHS :1671-6833(2025)02-0043-08
HEFi#t GANWANZEFRITAIRA A%

KER, age, B B

(1L KZRE BRGETHARSGEZSHFTMELLEE B PH4L 710064;2. K% K% & A6 & R MR, e
PG 710064 ;3. T mg HRolk 2= BE MUK i & 2= Be , 1L ZR $5 RS 250002)

 OE. AREAATF RPN AL ERRENEHBEGRR, A RN EHERG RAIELLSFRNE AT A
BRI (GAN)FE 5 BRHBE FINRERE B — A Tt CAN AW ANLELF HATAHRMNF
ko, B ,ERAE AT 4 5 A e B it InceptionV2 #= InceptionV2-trans %5 # 3§ 3% B2 AL 09 45 AR R Ak /) 5 £
RO BRI %P AT F )2 — 4L (CBN) & 22 2 & i A | ¥4 Mish #7% & 3K % ReLU & 4042 9 M % M4k

M K 2 (T %) Mar. 2025
Vol. 46 No.2

WG il E 5B R kAR S AR D e R R R AT 100% 09 4 K | BOMCSRT R 4R BRI T R A ke T R
KPR ANREL; ARMRMEL; o BHBE; FHRAN,; FMHERHTHA—1

hES %S TP391. 41 XHEFR ARG A

B —RE B N TR B85 ek i HoR 1Y
fil G i e AT AN HLAC HL R R TF R e 2 4 SO RE T
i Y BB R ) o EAEOR TR T B R
5 AR AMLAS HH AR 715 R g0 HA RIS BE )
Z 8 IE RE ) e A SRR SR R AR B VB A R
N5 AL A B A U AN S | PSR 5 AT I 38 B
TENNLZE B 5o, il A F #3002 AR #2581
i 14X T ML 8 o o B 9 R A AR

WSS BALGF I — D EE 53, AN
S H 3 N RE 7, I DA DG Y P R AN TS A T T
TR A B H AT T BRI R e E 8 T,
Gadekallu 55" SR FI 3 F 12 75 18 3R (1 4 BUMN 28 X 4%
BRI ST T R B UMk R AR A
T T S UM 2 R 2% 1) Z RS i AR ML T
BB k. Alawwad %5 & T T faster R-
CNN [ FHIRBI R G, Zhou &5 45 & 1 3 S AL
2 B AR Al A T 5, 32 th — Fh g 1 0 2 T 3
PR 2%, 52D 51N E R T e g ) 3
YOLOv4-tiny B FHR B E T Tk dE, Chen
SN E B A MG K CBAM TR AL, 42
H—Fh it YOLOVS =30 O i, G o 1 12 AL 6
ek, bR R 2 ) Bk I B AR S 0 RRAE 2R R AN

75 B #9:2024-10-06; €17 H #§ :2024-12-30
HE&WAB . BRESUKITRTE (2021 YFB3301702)

doi:10. 13705/j. issn. 1671-6833. 2025. 02. 012

2] BB BN HROHE A A KA AN o B oK B, HLTE
W EARIRA R4 T, Az 0 470 99 2% ( genera-
tive adversarial network, GAN) /& Goodfellow %' T
2014 AR AG — B b 19 25 98 v 2 1 2R A A T A
TR B T s B 2 B AR GAN Sz W T
PR A A0 5t 8 i s, L PR ) AR R0 I 2 et
R A REAS LA S8 B0 4, OF i i 0 300 4% I 2R Y
RO DRI AE AR 4 288 40 3kt 28 B0 i A vk, 21
USRS T R A K B I 4 1 T O AR O
KA mAEE I vk MORAR T T T U A4 A A
Bl % 254 GAN I VGGNet-16 ¥ it T —A~4F
X 1 SR PG B 2 M B o 2R 07 15, DR T 2R ) e )
FR&AE B 09K A, Jiang U0V PR — B R T WiF
(¥ F-HAH 5 R G WIGAN il 1 GAN 42 U FURAE
By SR 1) AL S T S U Meng 451 HE £
ANBEE FIAE T GAN &b 3 IR 43 24T 55 14 Ok
Ph, MBS FE YOLOVS M9 3£ 6 1 m A GAN Al
Swin Transformer it Bl A SENet 14 2 F7 L, 12 5
T T H U R MR

AR SO R T R0 A A U R A
SRR B — PP Tk GAN 9 AMLAE B F#47
AR 5 ¥ AR P 4% 25 4 S 0 InceptionV2 & In-

FEB B AT KB 08 (1984—) 55 INTUIB N K% R A BI BRI 4, 2 0 DA T 1) A BIL3E T Y 2 B 11 3 B9 BT 52, E-mail ;

fqzhang@ chd. edu. ¢n,

SRR k&M, AU, B, T it GAN AN B FHAT R B Ir ik (1], M K224 ( T2 , 2025, 46
(2):43-50. (ZHANG F Q,BAIJ Y,MU H. Human-machine interaction oriented gesture recognition method based on
improved GAN[ J]. Journal of Zhengzhou University ( Engineering Science) ,2025,46(2) :43-50. )



44 LN s | S QU )

2025 4F

ceptionV2-trans B 5] A S AL B 0 —fb 4
1 Mish ¥ 7% eR £ B8 3 47 004k . 8T PyTorch
HEZRFE AR AL I A JF T34 8 v 548 4R 1 25 01 I 3k
R fi Je LA TR Sl o 5 258 0 )11 2 B2 Ay A o 960 1
POIT R AT ATE

1 8] ik

TEAMLAS B B8 1 4 3 o A Skl ) B ) 4
R S SR AL A 1Y B A7 B AR S BE | & B
JEAG 4 2R A A% IR Bl AR R 5 B A i LK
S AL B Tl AHPLR R BRE N BT EAR
IS0 W) A% i 45 - FGR IR | 28 fhy B T ko GAN 3
P F BN A O B i FE 4 9K B AR A
B AT RE D AR A T 2R AR B R IR A AT R A T
A S 4 P S R STt A BRA T A, LA R A B
i B 2% 25 A7 Sy 455 ) SR W AR B B AT R R 3 A R
B 1S A RS G 2R AR R R A AR N,
BT HRAE N GUR T 3548 4 1 1 28 A i 4, F 1 3K
AL A T H T AR R A Al 8 8% I B B, AL AE
HZEEME 1 s,

S BB AR
W P BER B
2 ] =TT
?

3 1R
_T'IEEHEI'“
ﬂﬂ [ mtmuen
[ aotcanTs B

[

L 1
DT ] EESE S
1 ANZEFHIAANEER

Figure 1 Human-machine interaction gesture

recognition logic diagram
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Table 3 Performance comparison of ablation experiments
MHEH % CBN  InceptionV2 Mish ACC
0 0.980 8
1 vV 0.988 0
2 vV vV 0.996 4
3 vV vV vV 1.000 0
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Human-machine Interaction Oriented Gesture Recognition Method Based on Improved GAN

ZHANG Fugiang"?, BAI Junyan"?, MU Hui’

(1. Key Laboratory of Road Construction Technology and Equipment of Ministry of Education, Chang’ an University, Xi’ an 710064,
China; 2. Institute of Smart Manufacturing Systems Engineering, Chang’ an University, Xi’ an 710064, China; 3. School of Mechanical

Manufacturing, Jinan Vocational College, Jinan 250002, China)

Abstract; In order to improve the current situation that the existing gesture recognition algorithms required a large
amount of training data, aiming at the drawbacks of low accuracy and complex recognition process, a gesture recog-
nition method for human-machine interaction based on improved GAN model was proposed through taking the gener-
ative confrontation networks combined with the variational self-encoder and the label information. Firstly, the im-
proved InceptionV2 and InceptionV2-trans structures were added to the encoder and decoder respectively to enhance
the feature recovery ability of the model. Secondly, conditional batch normalization (CBN) was carried out in each
component network to improve overfitting, and Mish activation function was used to replace ReLU to improve the
network performance. Finally, the experimental results indicated that the proposed method could obtain 100% clas-
sification accuracy with fewer samples and short convergence time, which verified the reliability of the method.

Keywords: human-machine interaction; generative adversarial networks; variational autoencoder; gesture recogni-

tion; conditional batch normalization





