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Bimodal pen-holding gesture recognition based on improved AlexNet
ZHANG Lu, TAO Ran, PENG Zhifei, DING Jinyang
( College of Computer Science and Technology , Donghua University, Shanghai 201600, China)

[ Abstract] In this paper, a new method of pen-holding gesture recognition based on improved AlexNet is proposed. In this
method, 8 100 pen—holding gesture data set is constructed according to the characteristics of pen—holding gesture. Then the data set
is processed, including gesture segmentation obtains binary image, skeleton extraction obtains the skeleton image containing the
original image, and the processed images are formed into bimodal images which are input into the improved AlexNet. In order to
solve the problem that AlexNet is not sufficient in extracting the characteristics of pen—holding gesture, this paper modifies the
convolution kernel size of AlexNet s first layer to 3x3, meanwhile adds batch normalization and attention mechanism after the
convolution layer. The experimental results show that the average recognition rate of nine pen—holding gesture is 75.6% , which is
11%, 16% and 13% higher than that of skeleton image, segmenting image and AlexNet network, respectively. It proves the
effectiveness of the proposed model for pen—holding gesture recognition.

[ Key words] gesture segmentation; skeleton extraction; bimodal input; alexNet; pen—holding gesture recognition

PERE RN, IR E R IERHOER YT, A ST #1
BT g s ), AR A N S T
FEEAT T30 B TOAL B, 3235 X Ak BR B9 LR A
F CNN AR AT RRAE S ORI . SCRR[ 6 ] 2T

0 51 &

MEAEAE B T LA E W FHEOAR B PR &
ERPINNIEIWN ST PN e SR SN B PN )

RHIFEMAT T RBOBIEY  BTHE R E I
K, FHREAEINERE R AIRFRES, T3
WG T & R CE , BT Y4 N
HNE IR FHARE, S B BAPRE MR T
UL K F-48 748 Az X H B O R il T A R Y
AL

F R NHE T AU ST HAR PRI
R AR SO ST SR A T 5T, HOCHER R 43
NFRSE TIPS, BRI S AH
AR R ) B YE 76 YChCr 25 () 44 2 7 ik 2 £
AR X TR T 43R O 2 (8] 32O R A AR

GRMAEMLTIT K T OpenPose B SEHL T AR
SHE SR DL B B R B 45 Mazhar 48 U3
OpenPose FRANRE T TSI A I A ML B R B
WEE DR EE 27 2T R & R DF SR AT 14 th T 2888
BRI, SCERE8 ) iR B e 5 R IR
JE MG RGB 115 7] ik iy A 2 55 5 )% 7] SR A 3 )
BRSSPI AT T H - EIAR

25 LRIk AR s B 2RSSR T
UHE AlexNet [ XURE 25 4 28 T3P0 J5 ik 4R 28
TG HIER S B AR R A =38 1 bR e
(A -WIL IR NP9 S X S NN L i

EE® N ik BR(1997-) 2, W-ESE AR BB 1) RS B AR (1975-) 5 Wit MR SR, SR RIS Oy 1) KBS LN T
e BRI 2R (1996-) B ARG AR, FEMFSR T IR EF T T AW (1998-) , 5 W HiFse A, FEMSR T R E

E=R
BIREE: B A&
R A 2021-04-12

Email; taoran@ dhu.edu.cn

Y LR RN o= K4t 55 A




52 B o /5 M5 MM

RS

AlexNet |1, 147 F 3o EI RG],
1 MEXIE

1.1 FBE5E

FHAENT B 10K B G P F X RN R X
oy B TR TSN E g itk . B, & T
S ) TF- oy BTk B TR AT aE 5
B BT s s TR 87k TR T34 %)
k%, HTFHREIRE RCGB B, LA b &%
JR €8, 53 K1 7 A R e, AN IS A E AT R @5 L,
YChCr {8875 [B] ik 6. R AHOER AT, 7K RGB B4
(9 Bz A B L5 3] YCbCr 23 4], 38 5o 340 07 5 5 7
YChCr 25 MY ABFR (Cb, Cr) B MR P, 85 1k £
XI5 5 X 43T

H T30 B S 0 BSR4 R R ]
EUG s A g BRI s RCR |, 22 0 R it
HUBOLHR S 4y, BG5S
ST UG AT AR 3, He b B 4 R b 2K T is
BRI IZ A W EUGR SR ol 5 I Ik i 3 B AR T
B BA B A NIRRT, A SOl IR s 55
X2 T30 FIEUR AT G 38 o, i Lk — 204
k.
1.2 AlexNet f&j4¢

FHFH 28 W 2% ( Convolutional Neural Network ,
CNN) " 21 YannLeCun T 1988 4F 42 it Ay — Fh i
JERTB M4, FE R GRZE WL E e EEz
ZHIM, AlexNet s CNN #8147 S0 50 A, Z J5 1)
[y I BB O 3 T s s

AlexNet" ') JE: 45 Rl 25 00 2% f5 HLAR 6 M 0 4 3
Z—, HAE 2012 2471 ImageNet TR HAR A P 51
PRl B P 3ME  AlexNet M Z& 1 5 NEFUZ 3 4
VR Z AR, F LSRN 1 R

ER=

4096 e
1000

4096 e

384 384 256

96 256
. Softmax 432%
b IR
s
e SEEE Softmax 432K
FARtZE

1 AlexNet M4 &5 &

Fig. 1 AlexNet network structure diagram

AlexNet A Ht H 8 W 28 BAT YL 342 0 1
ReLu 34l A% Dropout B 58 e Kb AL LA K J&y
#ima 7 5 —4k ( Local Response Normalization, LRN)
£3 %N

ReLu PREE N AlexNet 11T PREL, A RUHE
B 1 U 25 EIAR AR A5 A Bt ik 48055 18] B85 Dropout
REfE A T U G B b DL — e A ME R A58 1k
B 1 IR 3 S0 5 e R AR A e 1 P23 Ak
PRI AL IR, 325 1 TR RARIE ; i 1 s it
BURT-H G X e T BRRE O 3, i
By k3 405 TR i) 3, B2 T I 2% 1932 AL BE ) s LRN
D %o 14 i J22 235 SR RO T AR L B S T I A
Iz AL RE

2 MUERY AlexNet WEFSEEFHIRAN7E

B X BRLASEAS 5 B 22 X 45 R AE R AN 78 0 1) ]
AR T —Fh B T AlexNet B MU S 12
ETHYUIITE, WRHRE T A RIS S 52K
G A Z A AlexNet H R T FRAE B2 B FFAF @l
G, A Softmax JZX} 9 F4REETF-Hi 17325,
2.1 MEEERT

T RERS B A D4R 2 T H U IR, AR S
XF AlexNet #4772ttt 2itE Y AlexNet W25 25 #4)
w2 Fos,

Gz

(=1

o O (=3

96 256 384 384 256 g g =
Softmax 732

i)z ESUEDA

BRZE SEEIR
HRWZ Sz IR Softmax 432K

B2 BistR AlexNet M 48 2514 E
Fig. 2 Improved AlexNet network structure diagram

WA 2 Frs A TR RZZ E it a4 —
4. ( Batch Normalization, BN) 5 # & i#Lfl. BN JZ
FHR figp e et A vp AR50 238 1 S 8l DR ) AL,
T TTALA DU A et 4, 5 48 2 T3 R AL 1A
BIMAEE LR A K 3 Frs, Hk, Bk
THEBRK/AN, R TR 000F! B 1 £ 532 1h)
R, 5 AlexNet Z8 A0 55— DB BRI /N A 11x
11, A SCCHE ) AlexNet J2& F T 9 B2 2 T #4480
1], PRLHKE AlexNet B 25— Z & FUZ R/ 3x3,
AL BB B 4 b $0 I A 28 T3 IR Re Ak 23 A Tl L
AT LA 2801 25, AR SCFF AlexNet {89 BEBL AR
JETT BRI A F 3 N 2 A AR DL A A
Herp o) WM S R, AR SCHEA JC LRN 2 1R
AT, 25 R IETCI ], P NBR T LRN 2,

W& 3 firzs , SE AL AR 8 R, 25 A [+)
AR T TERFE AT IALERA T . X TRIAR) € x H x W



5 6 1]

kB, 4. ZET G AlexNet FYBURZSIREF M 53

AORFIE P AR 2 )R P S i AL A BEAR 21 € AP
IR A i 1 45 ROE e 2 A R R DL ) pR
PRI, e B T IE AR o] R AN
) AR, e 28 A B T 030 10 5 0 00 R L o 2
FHIE

F.(-.W) ~
X U R X
IXIXC  IxXIXC
F, H
H " Foal:,*)
w § W w
c C c
3 SE BRREHE
Fig. 3 Structure of SE Module

RERE T
o Qe EB Y AlexNet
R 2 T Btk AlexNet
oy E ER

2.2 ETFi# AlexNet I IRSIEEF BRI

H T B S A SRR E AR £ 5 A T
XU A BT 2, B8 2 F 34 B G AT F 3 9%
ENLL B AR B 2 Fhab B 5 X SRR 2 T 5
EIER SR ETF RG22 EUR , B4R BOE e R
RSN

FEXTRCHE AlexNet I 2% HEAT A B Il 25 22 if, 56
Xt 28 T3 B MR LR 28 UG A T 40 1 i ik
B ARG BERE A0 R R R A e S T A
P T R 0 —1k, 15 5] 224 %224 W EMG; T e
XL FRJE i PR, R SCGHE Y AlexNet 9 45 E 1745
TEPREHL ARAE LA AT #0050, SRS E 2 T 3R
FIFEZE AP 4 i,

A5 T
FRAESE ESE 1 jiﬁfﬁwn

softmax JZ

B4 MREEEFEIRINIER

Fig. 4 Bimodal pen—holding gesture recognition frame diagram
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Fig. 5 Data set display of nine pen—holding gesture
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