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Fig.2  The joint diagram of hand skeleton
AR SO 3 ARG E R B vh T3 0 S i | [ T, - T, j (3)
T — N SEL —L N = arcecos| ——— | -
MEFRAMIERF AP B TR TELET T, |- |T,|

FEFRETAN Y e T8 Z RIS, B XA RE A,
A EARIN BN F A0 2 [ AE, 3G FE S
] p SR B R B AT P R B 7 1) SRR T, B
MR SR T E B S ED, EEE TR R 1E, £
F6 48 Z [ 4 ik 5 53 5. DR I, AR S BT T4
iz ) (45 FLAR eI 5 TR B R4 40 5 HA
VUFRHE IR 5 ) FO4RHE 5 B 46 e M A BEVE N T3 R
PRRHMIE R, P Fn s THTF AR « wirh 2 j A4
TR AR R

FHA 07 0] HH T AR AR W i ] T i
AR B 7 1] T8 B R B R Ry T AR A 5 1 Y
PN A SR ] 8 AN B v 1T 4 (8] P44 43y 8
AT, 8 AN bR & 4w [1,0,0] . [1,1,0]
[0,1,0] . [-1,1,0] . [-1,0,0] . [-1, -1,0],
[0, - 1,0] .[1, = 1,01, XF L6 8 4~J7 [l 435
1~8 BRIt B T mn & 5 8 M
Y I 2 14 I F DR /IN I S e /IS B s 4 [ 3 ) 6
9~ F-# 5 1) J)

T=P - P,

T-E,
cos ), = —7—,
CoTl- [E]

V = min{cos 6, ,cos 6,,+++,cos 6.} ,

mir (2)

Horp: TR PRI iy E, Fonbrifim i, i =
1,2, ,8; VR T5 1.

FEMR 5 BRI A ML AT LLE TR R 7
fi] [ H5 ML 7 10 ) 45 21, B4 5 16 18] 345
ST 3NS5 JEIRFR R AR T (A 1A R AR 5T T
9 LN B

T =P, -P,, T,=P,-P;,

3 ZHERF[ASIRA

BERGAR
Jl B AR B 2 BE TAL BRI S IR L S
B ANZA A A AT 4328 FE A T A 35 0 fil 5
BEX A BB R AT IR 15 B e L7326
SR M Z A0 25 AT 73 28] LU 5E o0 A AN ]
FERUREEA S 2 AN AT LA 3 B BN 23 S 45 1)
eVl 6 AT DU oy S Iz AL RE ) L B M T
PGB 3. B A 43 288 i 308 B U 2 308 JBOAN [] 43
I PR 3 et , DA S 4 b it vy 5 8CR, 3 n
PO IIZALRE ) AR SR FE R 3 A FEAR 53 248 43001
AR 5 ML (Support Vector Machine, SVM) | Ah 2R
U131 ( Naive Bayes, NB) 122 )2 B 4% ( Multi-Layer
Perception, MLP).

3.2 BENMAEEXE

RS R R B RN TR E 20 A A E
RECGHATINEL G, 255 Z B 2R 1, R4 25
AR R, AR SRt — 3 Rl SRR S I 2 4y
FARALG T LIRSS AS [F] 43 2 4 43 2 45 R F 3 Bk
AR AR08 T AN HE R T, SRR PRI
BIGER SR AR 3 B, H IE Il Bk i H A
UL 2.

4 KWERSH

4.1 SCIOIREE

AR5 FT RN Intel (R) Core (TM) i5-
6300HQ CPU @ 2.3GHz,izf7 A7 8 GB, #1ER S
A Windows10( 64 11) , EELHFIALEI H Python 15 F
9’5, i FH A FF & 3 A PyCharm2019. 48 SCR FH Y

3.1



294

h*(x)=arg minR(clx)
cey

K3 A& RS Sk

Fig. 3 Structure of adaptive fusion algorithm

ST KR AE S DHG-14/28 Zh4 T3 888 4 | % 5k
PEEIA IR H2%5 14 FhFHE, A155 Fine A

REMGSC, 45 B T = 4E At R B A sh ST 2.

XIONG Pengwen, et al.Dynamic gesture recognition based on 3D skeleton information.

Coarse I RS AP35 OnT LIRS AT 77 5K
Y5y R .l — AR T4 3k X Bds 4 v A b
SAEFRARH 20 755 F e R AR PR 2T 5
W, ML 2 800 N T-HFF.

4.2 EEFHEEMMIEHE

HEAT B 25 T SO BRI R 1T 6 25 o G
AR, A [R] 0 & B Wt 450 T s 2 F AR BIRURA A
Ivi] () 5 M TR L FEAS [] 18 S SRR e 4T SI2 00 XoF
Ll , 6 DR 3 A 23 A v A TR A A T ik — 2040 2
& 4 7R, FEAN [R) G AR T AN (] o 24 57 34 1) 100 o
R BT B AR b SR A5 SRR I Y SRR TR AN
W, FON HERf 2 2 IR B n=10 B, X T
BEAE T 28 Fh P R UMER R I =52 81. 57%.

Tk 2. FOE D R A

A 3 IR Py, P,y Py, 0 AICER 3 AR PRS0 JE 0 O L6 i At
1) /37 3 MERHE E, L E, Es, 73R 3 D IEAN AR 10 0 R BN A G  JE RN R M x N, M ARED RIS TRREARLH, N

R BT AL EEL

ayp o agy biy o by Ci1 TGN
E, = : : , E, = : : , E; = : : .
Ay, 0 Ay bM,] bM,N Cya 7 CmN

2) MR AR M S A P R A AR [l wy ,wy Wy

— 1 1 1
wy = [wy,wy,--,wy],
_ 2 2 2
wy = [wi,wy, -, wy],
— 3 3 3
wy = [wy,wy, - ,wy],

o) w? wd AP 3 AR KRR R BB S AR i a7

M N uoN
D Y i/ (MN) > > b,/ (MN)

Lo i=lk=1 o _ i=lik=1 > _
wp = M s Wi T M s Wi T
> a /M > b/M
i=1 i=1
3) HAARHEAL R HIRE & W, , W, , W, Bl
w;
W= ——",i=1.2]3,

Wit Wy +ws
Horr i ik 2 [ B R A AR X T IR R BR .
4 ARG R P, B
P=W XS xP +W, xS, xP, + Wy X§; x Py,

M N
> > e/ (MN)

i=1k=1

M
2 ci,//M
i=1

Hrs,,S,, 8, R 3 AN IER TGS T AREAR T RAET 3, Wl dk 2 (6] )R 5 AR b X T on S ARG
i Uy REER o RIE S R ) B P SRR B X N 1 B A T

] e ——— e ——y
2
89
;?; 86 _as,.ss85.72ggﬁ}f;@85,6585..7135-.11&24_85.795%‘185..75
£ 80t
77
-« Fine
74 - e All
~* Coarse
71 ka 1 1 1 1 1 1 I 1 I I
9 10 11 12 13 14 15 16 17 20 30
DR
a. 14Fp T3

L - Fj
93 o Al
9L - Coarse
89
86
$
g 83 ;O 64 BLS7 80.40 80.54 80.72 80.75 80.79 80.60 80.57 80.32
o [ TGS oo "%y
77+
74 - *—4\/\,—«—1\*___*,4\%
) T O EOT O NPT EOO S|
9 10 11 12 13 14 15 16 17 20 30
Kt
b. 28Ff T

B4 14728 BiARR FHAE n A S EMTI AP HERT R

Fig. 4 Recognition accuracy of 14 (a) and 28 (b) gestures at n keyframes
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Dynamic gesture recognition based on 3D skeleton information
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Abstract

rent research. In order to solve the problems of spatio-temporal variability and feature complexity concerning dynam-

As an effective means of human-computer interaction, gesture recognition has become a hot topic in cur-

ic gestures, we propose a dynamic gesture recognition solution based on 3D skeleton features. The accuracy of dy-
namic gesture recognition is greatly impaired due to the temporal differences and complexity of dynamic gestures,
thus a key frame extraction algorithm is designed to extract key features of dynamic gestures for further feature ex-
traction. To overcome the difference in classification performance between single classifiers, multiple classifiers are
used to simultaneously classify and fully exploit gesture features. We also propose an adaptive fusion algorithm to ef-
fectively fuse different classifiers according to their classification performances thus improve the final classification
accuracy. Finally, experiments are carried out, and results verify the effectiveness of the proposed dynamic gesture
recognition approach.

Key words

skeleton information ;dynamic gesture recognition ; key frame ; multi-classifier fusion



