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Abstract

Human body gesture recognition is one of the top research topic, and it had been
developed for a long time. Due to its massive computational complexity and its
expensive equipment, these system can’t be used by grassroots. In this paper, we
develop a “Gaussian Mixture of Model based Arm Gesture Recognition Research”
Real-time system, and using temporal differencing to get a moving object, under the
hypothesis of knowing the range of upper body. These image then apply Gaussian
Mixture of Model, using multiple Gaussian functions, to describe multiple background
status. For adapting illumination effect and extracting foreground in complex
environment, we apply parameters adjusting to solve it. We also use SIFT to extract
feature and using SVM to classify. We hope this system can let all the people use not

expensive and easy-to-get devices to do gesture recognition.

Keyword : Gesture recognition ~ Temporal differencing -~ Gaussian Mixture of Model
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BAissn gy e s e Lardn o §n )l sn=1/¢

T RER T N ER RS T 1 T L PR IR IR A SR

IR | =g

BN

p =

”;\i%fro

< l/ennts o 1289 40 3-10 et + g A

we = (1 — plleq + pX; (3-9)
of = (1 —p)oi_1 + p(Xe — 1) (Xe — 1) (3-10)
p = an(X¢|tk, ox) (3-11)

FrifZ X R FrdaigEd c BB A on Bk - #ﬁilﬁ_a’ﬁ—;%

¥ #7404 L (learning rate) - 4+ Zang et al.” Parameter Analysis of Mixture of

Gauissams Model” [19]- = ® #74% J1cnF #1R & §-74) Sofics 7 0 30 % 1 o] o
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FRZERY RO ho a R B RBETIRET O RNFERSA oI PEG R
B ng i o
3.3 % B 55~
Ty PR R e B BB R e oo A penE 2 o F R0 E
REF BB F > A Fan B ERIPF H¥ATROZ BT AT R
BEIAF PR > BT ABEAT P DG FEARL TR GG BE AR DR A
A F T AR A g g A F R E B ) Bl )
BT 2 ¥R OREAFTREER ST e o F A ERLE- BREETF N
W%ﬁéB%%gwﬁwﬁ?iﬁﬁesﬁﬁygrﬁw%gﬁﬁ B oo VT
3-12 47 B memt E = 5%
B = argmin, (2., wx > T) (3-12)

ot TV @R o F R w B PR e Bl 3-3 fror o

Bt 4 8LEL L O L

B 3-3 % B $EB-E i
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3.4 = B * % ¥ 3% (Scale-Invariant Feature Transform » SIFT)

A AHE BRI SIFT wh 2 @5 ks B0 SIFT /w824 & 24
RIEAERE o 4 e SIFT JEdpe PR GEm > a7 b BT % § 2R ¥
(Gaussian filter):& {7 £ 4% (convolved) - % 15 1 * i f % #rfihs (* B ip L B k354
4EEL o MAERLE 1957 ° R T hF #7 4 (Difference of Gaussians,DoG)* g
B BN o JI* SIFT /78 2T e 4EB4c B 3-4 974 7 A B &7 &
B 8 (52 JUR WP ) e0Bd 4k 2k(Keypoint) & # > BE 42 2k (keypoint) sdic £ € 12458
e @ G orec s g B0~ MR Eh(keypoint) o€ ¢ 3 e o R 0] RURB 4R
(keypoint)# & € i ° » FlP L PR EF I m F RO P A FE - R AR F L
+# & #(Support Vector Machine > SVM) & » chdFpice £ £ & % F & - R > 1335
AL - kBBt ) & 70 x 35 ¥ 08 3] K 1B BE 42k (Keypoint) ¥
gL R 7 4 il 4% (Scale-Invariant Feature Transform > SIFT) {8 3 4% ik
g B - BB hde (FBa K 4 B 4 2k (keypoint) ¥ P #-F B BE 4 Ek
(keypoint) & =] B~ {7 27 B 4 2k (keypoint) e X Atk ~ Y A iE4rss B iE= 5§ % M4

BLeg A F N K 6 3 KRS mehdE s £ X 0 L s £ #(SVM) -

(a) (b) (©
W 3-4 % SIFT 7 3| hhf 42k
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3.5 & ¥ & #(Support Vector Machine » SVM) 4 3 B

AT FEREERE A

N T

RororuaBzE ¥ EEF+ 5 okl 34

\\\

Ao o NP * 34 &t Plen 3.4 % R 7% 4F i 3 (Scale-Invariant Feature
Transform > SIFT)if & /£ #-1F Pl 422 BT hig RenPE R > & 7 Bp 7 A
- PR AR XY SR B edET R (TR e Bl FI AP g F RS R
BEACREHFe 7 o B BMAERT - 7 B 7RAN ¢ Boor Bl 4B
ShT ol > MH A T - F OB MAER B P hE 5 1k T2 % £ (Support Vector
Machine » SVM)endFjicws £ & B JE4p e o

FeF 0Ty B i e £ TR0 R L 4 e £ 8 (Support Vector Machine >

SVM)#R. &t » o 3% b ™

<label> <index1>:<valuel> <index2>:<value2>---
<label> <index1>:<valuel> <index2>:<value2>---

TrainingSet.txt :

1 1:1799 2:3295 3:19.05 - 200:5.14
1 1:1699 2:31.74 3:19.08 - 200:5.09
2 1:1623 2:32.20 3:16.29 - 200:34.21
2 111186 2:31.50 3:12.49 - 200:34.45
3 1:1515 2:18.80 3:15.69 - 200:29.97
3 1:116.37  2:7.39 3:16.68 - 200:30.08

BEFAPEEETRZE I L £ 1% (Support Vector Machine » SVM)z # g
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TrainingSet.model :

vm_type C_SVC

kernel_type RBF

gamma 0.0001220703125

nr_class 3

total_sv 663

rho -0.0481547762468004 0.131229979604856 0.0458122803962966
label 12 3

nr_sv 229 203 231

SV

Pl R BOPF A - R 2 e iC ] (Model) s ends 17> R Bl AR
3P AR
Yri RHRELEELSIT
AFLARF FIEPP 0 - B DR R AN
Adaboost 74 ¥ 1R B 0 T T 0P A S T B 7 AT e ;Palflﬁ SRR
BB D RTR S F OISR % AT BB A 5 Z o doR 4-1 45 o

BHEABRAEY 7 B ET > Bl PREDS L RN G B R g £

e
=|
e
3
4l
mx
F
g
=¥
L
5
7\::
=4
=1
*}«7\"3
f
F}
=
Er
=
gz
=|
il
! -—

PR MR g R T
ZER-P o RPRERL PG OREAE B Rep o ARy ¢ BED R Py
WEE S FP AT € SRR REHT R

AR B ALE NG BINAEFEN Y- BLESRY F AR S HA
(Gaussian Mixture of Background Model) » % = B % & 4 ¥ th4p i (temporal
differencing) = ;= £ 4c + % #182 & ic3](Gaussian Mixture of Background Model) » #

PenE LT R R A o
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ERH%Y AR EORRETLFHRRE Y PREVISHES FER D
T 0 3%k SRR WX & 5 Intel Core i5-2500S CPU @ 2.70GHz -~ & l&

A1RRTHE

Am2 R AT HEY A AR RE P pEORY T HRER S SRR
ERWE CEVPBHEOCORAT X I8 B AT REF 222 FEFIpED
MR =AETFG P S UF A (training data)fi- 5 M1~M2~M3 > @ = &
RPN g TTiR|E FR (testing data) £ 5 V1~ V2~ V3 e
R SR GSRER - o B L D F L L Lk
4 AR A A E RGP GIEgE VRS o & 4L B 2 m e R

R cI SN N
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% 41 2 B EFTHR KR R
V1 Bi4 ¥ ER B4 4 KL
214 5E K 1472 4718 1546 7736
V2 Bi4 ¥ ER B4 4 KL
A 3 2750 13900 3486 20136
V3 BiE ¥ EH gL K
2R 595 3132 672 4399

£ 042 BEOR LHAR Y chddk
S ¥ B S ¥ B
Standard deviation ¢ 50 N 2.5
Weight ® 0.001 o 0.05
Number of Gaussian K 4 Fige T 0.04
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4.2 R % iF2

AFERRAFEY 4L 2P ARG P e g R A (training data) > Flt
—EFHELABEI R BRFERS o AFHRRETIEI P E o - fAE
F 2% ¢ B EP3E  F - AR AR A R L R (temporal
differencing) £ #- - s § > EgRiL s %> @& % g U (training data)~ ¢ HE
T 0 @ p|R T (testing data) B #R L % o

TS A7 e e 2 > AP g U E R (training data) 2 % GpJ3# FR (testing data)
RiBAKp iz TR o & e TR P 2 AFR g T R R (training
data) ¥ — & 3 § (FR)3E 7R (testing data) > 42t — K — Je TR KPR
#(training data) 2 2 j]3# 34 (testing data) € £ 7 & 4p e 93 o
421 7 o PR BL iR

Pt B R E Y VIS V2S V3 pid 2 e 7R B A PR VL e V2
SE R L Rt g (cross-validation) 2 2 V1 fr V2 & &) $F V3 eygah 5 iyt &
EHREHER T e BRI AHEAS RS 2 EHRERG LR
(temporal differencing) » {5 5 cvds (F3RI e gL & § = F 913 2 02 2 0 2P
FiE-qer o k&

. #x-

L E R Y VIS V2 R R R R R G iy o By
- o AR M1 g iFp U] (training model) ~ V1 g EiR5E TR (testing

data) » % 4T % 4-2 1o
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%042 FHERL ML VL

M1->V1
CEEE Bz ;O EA B+ s
I 323 (99%) 2 (1%) 2 (1%)
h st 41 (6%) 564 (89%) 26 (4%)
B 5 (1%) 15 (5%) 316 (94%)
oo 7 rFESR B+
7 199 (91%) 15 (7%) 5 (2%)
B+ 4 26 (3%) 655 (89%) 193 (22%)
N ES1 3 (2%) 41 (21%) 155 (78%)
¥ g B o Eg B+
B4 173 (92%) 4 (2%) 11 (6%)
n St 33 (4%) 808 (94%) 17 (2%)
B4 7 (3%) 21 (10%) 226 (87%)

27
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fchp o o AP v ML § T2 53] (training model) ~ V2 § (FiREF
#L(testing data) » 4 % 4o & 4-3 #1o7

£ 43FRKRE ML V2
M1->V2
Bz B e g 1 v
B 422 (94%) 22 (5%) 2 (1%)
h st 40 (2%) 2157 (96%) 40 (2%)
B 50 (8%) 79 (12%) 530 (80%)
oo v T ER B
y S 295 (72%) 97 (24%) 19 (5%)
B+ + 423 (18%) 1612 (67%) 372 (15%)
N ES1 58 (11%) 160 (30%) 318 (59%)
5o - rEER B+
B 335 (65%) 119 (23%) 58 (11%)
n St 440 (19%) 1672 (72%) 201 (9%)
B 130 (25%) 136 (26%) 263 (50%)
RPN O E G EECETEF A
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Behpz > AR M2 g TP R (training model) ~ V2§ (FRIEF A

(testing data) » 4 % 40T & 4-4 #r7 :

£ 44 FTHRERE M2V2

M2>V2

¥z FLs rFER B
S 438 (98%) 7 (2%) 2 (1%)

N ES1 20 (1%) 2167 (97%) 50 (2%)
L 0 (0%) 20 (3%) 638 (97%)
o B TV ES B+ 4
B 382 (93%) 22 (5%) 7 (2%)
B 86 (4%) 2027 (84%) 298 (12%)

T ¥ ER 16 (3%) 48 (8%) 477 (89%)
b B rHEA v
y S 492 (96%) 3 (1%) 17 (3%)

N ES1 213 (9%) 1964 (85%) 136 (6%)
B+ 4 18 (3%) 79 (15%) 431 (81%)

BARN R R A B EE( L T A )




Behpw > A PR M2 g TP R (training model) ~ V1§ (FRIEF A

(testing data) » % % 4T % 4-5 #17 :

% 45 FHR kR E M2-VL

M2->V1

I B T ER B+
y S 323 (99%) 0 (0%) 4 (1%)

T EHR 53 (8%) 542 (85%) 40 (6%)
Bt 7 (2%) 2 (1%) 326 (97%)
¥ oo v rFER B+
B 188 (86%) 19 (9%) 12 (6%)
B 185 (21%) 339 (39%) 349 (40%)

h S 4 8 (4%) 46 (23%) 145 (73%)
- Bz *EEA v
Bt 103 (54%) 7 (4%) 78 (42%)

T ER 160 (19%) 232 (27%) 466 (54%)
B+ 11 (5%) 20 (9%) 194 (86%)

BHN G LA D RE(TE T A )




2 E

Gt R VISV2 e w2 VIS V2 $ V3o 9 iy

£ EEchy o Bdn- o AR MLy (F9 SUiEA (training model) ~ V1
% (TRI3F 7R (testing data) » & % 4T & 4-6 1T

M1->V1 % 46 TR LR L ML~ VL
EEE = B *HEA v
B 324 (99%) 2 (1%) 0 (0%)
rFER 17 (3%) 603 (95%) 15 (2%)
B 0 (0%) 0 (0%) 336 (100%)
oo B T ER Bt
y S 216 (99%) 3 (1%) 0 (0%)
B+ 4 42 (5%) 695 (80%) 127 (15%)
rEER 15 (7%) 9 (4%) 186 (88%)
5o - rEER B+
B 166 (88%) 2 (1%) 21 (11%)
rEER 27 (3%) 775 (90%) 56 (7%)
gL 8 (4%) 17 (8%) 200 (89%)
FRp F R A G RE(TLE AN
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(testing data) » % % 4T £ 4-7 #77 :

Behp o o AR ML g TP R (training model) ~ V2§ (FRIEF A

M1->V2
47 TR LR E ML V2
Fz R r¥E% Bt
B4 401 (90%) 45 (10%) 1 (0%)
rFER 4 (0%) 2209 (98%) 35 (2%)
B+ 2 98 (15%) 43 (7%) 518 (79%)
o gL N S 4 v
v 307 (75%) 64 (16%) 39 (10%)
R+ 4 197 (8%) 1841 (76%) 368 (15%)
i =S 4 26 (5%) 112 (21%) 399 (74%)
b B4 rHEA v
v 442 (86%) 29 (6%) 44 (9%)
rFER 251 (8%) 1740 (78%) 252 (11%)
B+ 4 37 (7%) 49 (9%) 459 (84%)

BARN R R A B EE( L T A )




(testing data) » % % 4T % 4-8 #17 :

Bep = o AR M2 F T2 uiCA] (training model) ~ V2§ TERRE TR

M2->V?2
% 48 FTHR KR E M2 V2
5z B4 EFES B+
B4 439 (98%) 3 (1%) 5 (1%)
¥ EF 20 (1%) 2208 (98%) 20 (1%)
B+ 9 (1%) 11 (2%) 639 (97%)
F o v NS B+ 4
B4 407 (99%) 1 (0%) 2 (1%)
gL 4 61 (3%) 2195 (91%) 150 (6%)
NS 0 (0%) 45 (8%) 492 (92%)
- g4 N g 1 B+
B4 444 (86%) 51 (10%) 20 (4%)
¥ ES 75 (3%) 2083 (90%) 150 (7%)
B+ £ 6 (1%) 31 (6%) 493 (93%)

LA d K 5 RECTE T A )




(testing data) » % % 4T £ 4-9 #77 :

Behpw > A PR M2 g TP R (training model) ~ V1§ (FRIEF A

M2>V1
Z 49 FHR KR L M2 VL
= Bz N3 = B+
B4 293 (90%) 18 (5%) 16 (5%)
rFER 23 (4%) 579 (91%) 33 (5%)
B+ 2 1 (0%) 19 (6%) 316 (94%)
B L4 xR v
v 193 (88%) 19 (9%) 6 (3%)
B+ 29 (3%) 623 (72%) 211 (12%)
i =S 4 4 (2%) 3 (2%) 203 (96%)
b B4 rHEA v
B4 148 (79%) 3 (2%) 37 (20%)
rFER 111 (13%) 611 (71%) 136 (16%)
B+ 4 23 (10%) 13 (6%) 189 (84%)

BARN R R A B EE( L T A )




(testing data) » & % 4 % 4-10 #77 :

Behp T o AR ML F (T2 i3] (training model) ~ V3§ iERRE TR

M1->V3
% 410 FH KA L ML V3

$z R L ES Bt

B4 32 (84%) 2 (7%) 3 (9%)
rEER 0 (0%) 274 (87%) 40 (13%)
Bt 3 (6%) 2 (4%) 41 (89%)

B oo v IR Bt

B 101 (76%) 21 (24%) 1 (1%)

B4 47 (T%) 677 (93%) 3 (0%)
rEER 18 (13%) 22 (16%) 96 (70%)

b B rHEA v
Bz 90 (72%) 18 (14%) 17 (14%)
rEER 7 (1%) 425 (81%) 89 (17%)
B+ + 1 (1%) 40 (27%) 110 (73%)

BARN R R A B EE( L T A )




(testing data) » &% 4 4 4-11 #77

Behp- o AR M2 g TP R (training model) ~ V3§ (ERIEF

M2->V3
Z 411 FHR LR E ML V3
= B T EER B+
B4 30 (79%) 3 (8%) 5 (13%)
rEEA 0 (0%) 272 (86%) 43 (14%)
v 0 (0%) 0 (0%) 46 (100%)
oo B ¥ EA v
gL 113 (84%) 20 (15%) 1 (1%)
B+ 205 (28%) 516 (71%) 7 (1%)
¥ Eg 34 (25%) 1 (1%) 102 (74%)
- B S £ B+
B4 91 (73%) 24 (19%) 10 (8%)
sy 11 (2%) 422 (81%) 89 (17%)
B+ + 0 (0%) 42 (28%) 109 (72%)

BARN R R A B EE( L T A )




43R % %% LI

Sd o BRFHRAPT URFN AT RAFRDOEFRT €% K AP T 5%
WA A g I 2 LR b B R e o B 42 @)FFF 0 FI AT 4 )
i F B A B (temporal differencing) = J# & f2 - P dE R > APt S fE 2 I
4o 43 & AP d FHEBT UHRE o ML 4o 0 @ F R G L R (temporal
differencing) = i ts 5 Z 3| % ApEdE Lg bR o@ 4-2(b)
B FFFAPEnz L3 efafm o @ FR G AL R (temporal

differencing) = ; {s ¥ & 3] % AR R AL 0 » Fp 3T pER K o

(@) (b)

B 4-2 @ * i3 3§ 8t £ £ (temporal differencing) i ssc %

AL RSB BRI - B - BT RTIREEAS A%
B 438G {EmehFoR > AP - ML § F9 UE R (training data) ~ V1§ (F SR
R R (testing data) 4 2 M2 Z 2" T L (training data)~V2 % iBl3E Tk (testing data) >
F] & 9T (training data) 27 i) z& F i (testing data) 5" Kp - BT 220 B
PR o PR AR A A A b ek 412 4T o £ R Sl
A BFRFATL 2 AT A FP i andHm? o THARREI T FE

ST LY
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1412 ML~ V1o M2~ V2 chpss

120%

100%

80% -

mE=HE

=58k
—  nEE

60% -

40% -

20% -

M1->V1(GMM) MI1->VI(GMM+  M2->V2(GMM)  M2->V2(GMM +
difference) difference)

0% -

PET - B & R P AT RR R O R HRE B 43§
(#EmNFRNF > R F R T ERD > ok 413 917 > A F A RT
FLA RN R LT PR R 42 T 70~80%11 1 > Flpt et ARG R £ H Y
- k3 o 1 ML L 9 SUF L (training data) ~ V2 G RIEE T R (testing data) s

T H SR A AR g R A B (temporal differencing)pF o ¥ = B2 F - paw

§ 5 TIH 15 B R A IR > e 43557 > B 44 SHBE Y F AR L

NN

#-2] (Gaussian Mixture of Background Model) 2~ 7 = § 2 g % » * pt 5 % ¢ R

Bplpgahianid & F) P B 4-5 5 4o~ @ 4L B (temporal differencing) {8 eni % >

NN

U BORE T W fs BB f A Rk o

)
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Bl 4-3 F 41

100%

90%

80%

70%

60%

50%

40%

30%

20%

10%

0%

SRR R R feh




BU g e o i B2 A B (temporal differencing) i s F 3k 2 A b 0 e Bk R

§ F el o PR ]S Ao 46 1T o

(@) (b)

Bl 4-6 & i3 2|04 0 chi] 5

B 46 @7 "B B 46 (b)z @& * % 278 & #i73| (Gaussian Mixture of
Background Model) i #5~% f s if LR Sk g = b &5 - HARI %
F oo Pt B R a0 AF] 5 B #rR & #3](Gaussian Mixture of Background Model)
RP|ERAFRAPE G JRIETL B L - KEFR 2 70N
¢ il B 4 B (temporal differencing)4f i A 4% & cidfe 125 Tt 2. (538 K e e
¥ ouig it #R & #4) (Gaussian Mixture of Background Model) s % > 4o B 4-7
om0 R S 4o r B T L B (temporal differencing)is £ 1% % £1R & Hic)

(Gaussian Mixture of Background Model)< G RS F PGP R bk

- B FHRARA LA B FRIORT 0 0 E T A e o

Bl 47 @ % b B L B 5 ek
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513 BHoARER

51%%

*E D - B A B AR & #73](Gaussian Mixture of Background Model) 2.
FERIFERT O HFH AT IR TV A - TRl > X PV AR
FPOELFRAOBB AR LERDIRERY §FF L RZFR DR B

>d;—
s

BEE L PG P FHRBEELATREE SRR E TS A ¥

PR T RPEE T S > T AT T B R R R R kS e

BT P AFER R B RKBEAGI AT E ) P RET U E

e §_fAde »d 8 k4L 2 (temporal differencing) is 7 12 13 & 12+ 59R" 35 4c 8] 5-1 (b)

Tl FERERT ETAEY 2 G BN RAFRERS > T A S BT R

TR RAST 1 R o

Bl 5-1
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5.2 & kA7

*EF TR * chg 2R & 07 (Gaussian Mixture of Background Model)zE = =

A

FofEam FRGEEE Ry > RN 2T R E > ARE @R
Wk F R TR o G M PIIER R o S BT Y B R RS
% #7)(Hidden Markov Model) % B~ & & 3% £ $%(Support \Vector Machine -

SVM) » 2yt s Sem & o
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