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Abstract Aiming at the problems of feature sparseness and noise sensitivity when the temporal-spatial local
direction angle mode is applied to the video emotion recognition, we propose a new feature extraction algorithm, the
spatiotemporal local ternary orientation pattern (SLTOP). Considering the complementarity of facial expression and
posture characteristics in recognition, a classification method based on the cloud weighted decision fusion is
proposed. The video image is preprocessed to obtain the sequence of the two modes of facial expression and gesture.
For reducing the sparseness of the feature histogram, we extract the SLTOP feature of the sequences of expression
and posture, learning from the idea of gray level co-occurrence matrix. In the stage of decision fusion, the cloud
model is introduced to implement the cloud weighted decision fusion for the two modes of expression and posture
making to realize the final recognition of dual-modal emotion. The average recognition rate of the single modal of

facial expression and body posture in the FABO database is 92.21% and 96.76%, respectively. And they are
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approximately 18.42%, 22.01% and 9.15% higher in expression, respectively, when compared with the volume

local binary mode, local binary mode three orthogonal planes (LBP-TOP) and temporal-spatial local ternary pattern
moment (TSLTPM). In the single-posture modal, they are 26.59%, 29.53%, 1.98% higher, respectively. The

average recognition rate obtained by cloud-weighted fusion is 97. 54%, which is higher than that of other

experiments. The proposed SLTOP has good robustness to the noise and illumination. The weighted decision fusion

method of cloud model is used to greatly express the performance of two classifiers with expression and posture.

The superiority of the recognition results in this paper is shown comparing with other classification methods.

Key words
cloud model
OCIS codes 100.5010; 040.7290; 100.2960

1 5l £l

UEAR SR BEE A AL BT B R 0 & e A5
A LABILAS A o0 B9 A ML 5 SR B TG ik 2 AATTRY
A TS T 2R AATTIT U 22 4 e S 5 SRS 18, il 1 5 L
BN —FEEA R R RB I B T, T
Nl RS AN BT, BART R Bk
LA GBI RS F RS R R R — 11
TR AR N 38 ik st o 22 i ARt 22 T JRK R LA 3R BN %
B, D Sy 20 9 A MLAS HLIREE , A Rl 52
THEINASK. R, B AT O R ALY R R
RS R4 7 SO 4 PR R B L Al AR 25 Oy SR I
WIAER . HET, 2B BT E LS AN
(RATF 5% A 05 o T 22 AR R B AT R I i S 155 I A T A
1 sh&05 B A R TS BT M se IR E

Y24 2R Ak BB AT IR € 48 BOAS 3  1 3R
KSR L [ PN Ah a2 3% i R S s S
5 BGRBIAFST . SCHRS 1Rk 7 R FRUR 3 — (E A X
(VLBP)' 3 T = 1F 38 - 1 A4 B ) 35 — {8 A% =X
(VLBP-TOP) Jf 1y 42 HC 1 90030 AR v 1w 38 2% 1%
(1 = YR 25 R AIE o (R Bl SR SR AR I B L 3R A5 1 4y
fIE [ 34 B 2 B K, AR R AE A T3 i Y 4R B L R
AR R B AR R B B A S . SCHRL 77
VLBP LAl [, 51 AGE SCRRE I 52 80 T B 25 R AE 1Y
A 555 W A AL B D ) b B RRR AR . T e A A
Xt VLBP 5747 ek, Of fl & = 2 05 1) B6 B 7
Kl (3DHOG) F#1E . A 4 B T R d s 3 22405 B
BB/ B 50 A 4 25 4 i X 5 SRR ) Tk R /N Y 4
Bro AR 5500 3 F 22 ROBE I 23 Jmy &8 J7 1) £ A X
(LOP) B J5 Pl wle 5 A 25 42 1 = 4 25 18] /9 B 25
ik s ELA bR it ) R RE L AELFR T ) R 25 (AR
{ELA AL B, Xof PR MR 7 S i ' R A 1 25, R IR
R B, R AE 23 ) 4> 25 1k BB 2 B BR . Gunes
LIS S S 15 0 8 2 A U 2519 B ) it A7 K 3
MBI, SN T R AE AL FABO 045 &, Of (il

image processing; facial expression; body posture; spatiotemporal local ternary orientation pattern;

B SRSV SR by & Uy i)
D5 35 HEA TG BN 5T, R S o AR AR AL B AR 5 24 L [
Af RS ) 2 2% BE A X 45 18 . Cheen 455 4R H R F 32 3
Dy s P A% s 1) B6 7 B (MHI-HOG) #1 Image-
HOG F#1E . 38 2F B 8] U5 — 6 F i) 48 45 50 O 32 iz
BRI AR WL RE AE , BUBE 2 R0 R 3 L B R
S ok X R 6 A e /I — 3 (BSPLS) 7 vk X 3£
5 TR 25 T P A S 4 BB ) B 2 R AR R AT A
I AR (NIND 432 28 1 S HF ) 3 L (SVMD 433l #4743
FUU  THR L A B AR AE RN R AN

ZSCERLO ) TAE MG & A SCHR ) — Fh B 25 Ry 35
=TT ) AR R (SLTOP) #2618 F 2 25 19 5 91 &
18U B B2 ROBE B I 25 RRAE . SR =8 g 5 19 Jm) ¥
05 ] 1 22 BEE 38 I BAA O K RRAE 4 R B = 4
23 (] K s S A Bl AR AE S A . 5 BE E) = i
T Bt 48 Sy - 2 ) S, 45 30 09 17 181 3 TR B i K
JE A R B e A AR R, SRR A . 7E
HIRAT, g A 0 T R S X 15 SRR ) 4% SR 1Y BT kA
INAS TR K D 25 4 v 3 ik 28 S IE AR B A [ R
JE I R R AT R 20 R 2 BT SR A
RS IR 7 A NN A5 2090558 AR 8 T AS [ 1S
R 5 B E 2R L R AT & A0 IS I R S AR AL A3
FEE R AL A 45 R AR 25 R

2 SLTOP ¥

2.1 LOPEF
LOP B 76 Jmy 38 (8 1 30 (LBP) 45 1 5 Al

AT AR CE DLl s 4 A e, B

e TN ey N I O S - 21 [ I A =}

5390 R
Do(g)=g.—go
D](gc):gc*gl’ 55
D,(g)=g.— g
D;(g)=g.—gs

K D, (g)H)FR g, BP0 4T 10 B 2518 1

071004-2



55, 071004(2018)

ANSHBIZFHRE

www.opticsjournal.net

96
95
5.0 /G\Q

gocé 09 %M

g1®\\g9’//®g

K1 LOP#HTF
Fig. 1 LOP operator

Gorgroges g YIRS AL RO . 755
g=g. A1y LOP 4wfih (LOPC) Ky
14()PC(M7R) = {Il()PC;(MaR)vl :09192,3} )
(2

M—1
LOPC.(M,R) = >,J[D.(g.) + D;(g,)]2",
m=0

3
XM BERENER R J[2]=1—

1,220

D(x),D(x) = 0° i b B AR A A

0,x
Tl f 22 MR AR g, R LB B 22 2 1k
1520 7 1] £ A% KRR A HE AT 46 65, RIAS 2 LOP 5%
T. LOP % 7 A T LBP i 48 22 {8 19 — o #1 %
Tth 300 2o &8 38 P4 5 o) A 2 (8 ) AR AR HEAT S B, 45 3 T
HER 1 JR SRR AR .
22 RBR#H=E#EK
N HETH LBP 551 7 Jay & X dak M 75 O BE S fk
fIfafett , Tan % 0% LBP 97 & 2 &3 = (5 #5:X
(LTP) #8m 7 — 1 #0R A SO e 38m T 4%
TE A5 B ) B B2 v R AiF 4 1) 4r 2K Mk i, LTP &
BT LBP AL {E R B E L g =g AbI 2
EHA ) o g, AR PP A H AR R L
2 iR,
—1, g.—g. =-e¢
D(g.) =14 0, lg.—g.|<e, 4)
1, g.—gi <—e
e NHE S BE . e MEBUERE LTP Hi M
J1 B E e BUE N 5, FSR LTP % LBP R H ok
R AIE 23 2 M BE AR K b 8 53R 1 %o I s %) e L L
v 90 (L I [ {12 X AR AR ) 1 22 5 L JR) B R AT

85 94 21 1 1 -1

53 53 86 thresholding 0 1

56 11 13 0 -1 -1
K2 LTPHETF

Fig. 2 LTP operator
AR PR AN s A R — 2 R AL B .
23 HZERBHMB=EFEAKK(SLTOP)

YT Bk LOP B F7E 88 7 1n) M 22 (E RS R H
B A X BRI KR R AR A AN 8 U
T TR SRR AR ) A 3R BE ), SLTOP 38 2o fifi
FHAGE N B E e, 8 LOP B 1 ¥ J& S = {H 4 i 45
K. YT LOP 15 B 09 5 fiF 3¢ 4 B 8. il & Zhao
AEDTHR R RS AR X (VLBP) B AR L
RUAT 1 PG e B B = 2 6] 2 4R A0 L i FH K R 462k
J B 27N AT B AR OB, DT A R D 1 TR Ay
A i % A 1) A,

3 N B E e 1 HARTF AR

D ER L g f£4 DT MmN EM
D' (g$) G sRBUITAT 22 8 1 Y08, 1 FH 25 (B 8K
q=p+1, Ho.D' (g FR gi—g! FfAEH.

D;j(g5)=g; —gj»
(1 =0,1, e00,p—135=t—1,t,t +1, (5)
g=p+1, (6)

p=1 1+l

AD =[] 2 D] /124, (7

2y KA A 2 A RO 22 V

p=1

t+1 -
V=>1> (Di(g) —AD)?/12q. (8

i=0j=1—1

3) W2 E G e

e=V, €))
K22 VOBE AR AR 0928 1R 52 0E L 1) 28 1k
AR e 22 VO S B, R A R AS B AT —
SE I HGE RN M H— B IE BT e AL LA B, %
PR BRI AR A L A B TR TR . % = E
LOP ¥ Ji& ) 38 PR Mt B8 1, 1R R 1H g0 1ER
g (L AR A 2 2O 4838 PopN Y i A 1% R A AT =M
W15 j = BHE R = (HIE U N

U:U{J [D; (g() . D?—](g())] 9] [D; (g() . D:—](g])] 9"'9] [D;(g() . D;’Lll(g,,fl)] )
J[Di(go) + D/ (gy)] ] [Dilg) « Di(g)] ] [Di(g) « D' (g, )] »

J[Di(go) « Dii(g)] ] [Dilge) » Di(gi)] 5] [Dilgo)

DM (gD ) s (10)

071004-3



55, 071004(2018)

ANSHBIFHRE

www.opticsjournal.net

A i=0,1,2.3, FER M E U ZB—EW

Py A2 e i 3 pixel X8 pixel MRIFE M

J[Di(go) + Dy (g)] J[Di(g)*Dli(g)] J[Di(go)« D' (g, )]
M=| ] [Di(g.) +D(g,)] J[Di(g.) +D!(g)] J[Di(g) D/ ' (g, )] (1D
J [Di(gc) * D?H(go)] J [Di(gJ . DLI (gl)] J [D;(gc) * D?I:ll(g/» l)]

FEREFE M b AT 05 ) A R OR B — i B R R
ST A 2EAE VEAT S A A5 B 0 = E 6 P 81 L 81 7 )
e AL 3R 7 R 0 M T8 % 87 1] ) 25 08 AR 1Y) = 3
JPol. X F M Y\ Gt A kAR sk [ — 1>
—1.—1>0,—1>1.,0>—1.0—>0,0—>1,1—>—1,
1011 Bk 28 R K0, 1 245 K RE 2L A 1 v £ £
B CASMD B A B MO R E LA G L It

I3 ASM B -

—1 0 1
—1 m-—,—1 M—_,0 M-,
0 mo,—1 my.o My,
1 miy,— mi,o niy

Exu=2,2.G (i.j)",
Kb G Ry K B AR M = E KRB sm, i —j
F18y Bk A8 VB, LR/ IN s e T R 4 1 it R 45 R 3 B 3
SRR, WRAERE G R B R o A 1R fl R
U BH A A — WA 51 v B AR Ak R R AR B
A7 AR AR, ASME B s AR TE X M e b o3 AT
e 3457, U B AR 4B = Wi 904517 3] vh S0 R AR A
A4k, ASM {5/,
3 HRIKREA
ZEBE S EBENEITE
Shy i A 215 T 25 T A T) S X AN [ 2K 3 1)
S 8 s X g Al AR A A — A ) S o AR AR A5
4R AR B30 R 22 B B ph I A 1 ) o AR 4k
HVLSE o R TR R AR AR Ak 1 RO 1 AR AL L 5
AT = BEA I3 P A 25 JR 350 R E 40 2 28 1 T
MEEAT R M T . SRR R A R e -4 Y
— o P AN MR T i e T M
Mk 5 H S U 3R 22 B) A AS B 7 46 ) 7L 3 3k
WIEMH E, % E, B H. 3X 3 DMECFRIE R R IR 3
TE— AN . A X 79 A 45 % 1 155 J% 2 ) o 3 1) 4
S BTRRAS T AN [H] L 42 1 — 2 A P 3 A Rk
3 500 A 3 2R T A AL, 55 20 e A2 3 i)
2 R AR A 2 RRAE M R B

(13

3.1

=g

Py adt 3 fe) IR A A AR A T BE Bl i R R
TR ZR A 2 45 A 155 12 2 001 A v Al 3% 4 R B 25 19
Jv A1 S S A B 1) 1 A AR A D 2 38 e SR U
MR E, SRR G 8 A A LS HEA R
ORI B2 RIME =R, B e 4 o R 285 A AR ) 8 R B2 A
B E AR, JF oK = W R AT 2. R H ., RIS
P9 2 008 11 A 0 5 36 o AR B A SRR AR AN 6 5
BERY SR R . R Y R/ 8] 22 M S BT A AR S A
AR E L

D AT i

_ 1
X fﬁiz;x,-o (14)
) BT,
1 i 2
2 .
snggilzqu, X, (15
3) TP i B AE
E.=X. (16)
4) T = PR
e 1<
EffﬁngZHL—EJO (17
5) TFE N
H.=—./S"—E,. (18)

Ry A T A A A AR AE AN TR REAS 53 ) | 2k
HER R A8 4k, #) ] Sigmoid REL f(x)=1/[1+
exp(—a) |, M1 B RS BAUE w, A

1
w ;

" l4exp[— (E, —(E, +H.,]
X i=1.2, B BUE B2 0,1 Z 18], JE ALY 22 (E
FH R R LR
3.2 WEBERIRAFE

SLTOP FFAF & P B 25 FEAE 1 A1 BE X 17 J% 4 45
PEAT R A L 38 ok 58 B0 UE A5 S I R AR A A RS
AN T B S ) B o R Rl A s B AR R
Sigmoid PR £ K BCRE AR S B AUIE ] NN J7 ik
ARICEF A 1) J5 90 WE 2, 1 5 Sigmoid o7
Y RAE AR 3 5 1WA B A AR AS i T 7 1 U2l 4
Kl 3 i,

, (19

071004-4



55, 071004(2018)

ANSHBIZFHRE

www.opticsjournal.net

! expression testing phase ! : classification |
! ! i T, identification i
| | expression SLTOP NN Torobability phase |
E training phase cross-validation E i 1] fdecision! i
- Igecis
| expression|—SLTOP> NN cloud model ——* exvxzrl‘;eizsilton ! fusion | !
: | & \[happy ! I
! 1
E training : i :i foar ioutput i
: samples cross-validation E i 1| angry |i ¢
! ! i[ posture {| bored |! |
i osture NN cloud model |— : | '
| p —>{SLTOP}|>{ | ‘i’ weight ' Nunsurel! i
s TR in L R R e il !
| : : posterior - !
I N |
| || | postue SLTOP BN 7 probability !
E. posture testing phase ! :L i

3 XU A IR Bl R e T R

Fig. 3 Flow chart of dual-modal emotion recognition

B 4 KT FE SLTOP HHF B 7 B3, %
5 1S 2 DG T G T 51 DA A S 2 B 221 7
T AR, XoF g — Wit AR AT AR TR /N 3 B s SR 5 2 R
a3 R K4 R SLTOP 4R 1E, SR 5 #53% 3 i/ &%
1) SLTOP FFAE #E 47 K K B SLTOP & FFAE, 15
FI) A 1) = 4 i 23 B 1R 3

block features

Lk, mlh LJMJ u.l..J Ll LJ.u UMLJ_.MJ.L.
SLTOP general characteristics r

P4 el = o i 2 AT 1R
Fig. 4 Three-dimensional temporal and
spatial features of expression
TN T AU S BRI ) B S AR
A TR A X,
g i REDA AR REAS X I R .
1) o4 3R 2 T 20 8 UL A B Ak Dy e 31 (5]
L PRICGRAE T 5N RIS T 91 98 5 2R A b ¥(E R 2K
CARSCHC e =7 BY I3 43 9 % RA% 7 91 F0 3 25 7 971
KIGHEAT RIS, 2 A5 3 e Wiy RT3
2) B REMBNMWEGITI) T=1[t1:t2, 51, ],
Xof g — ot 11 R T AT 43 e Ak B A5 3 K /N A0 19 R
TR TE T,
3) LUK T 51 ], S B ) 3 0 15145 &
— A F B SLTOP ¥k, R A F I
SLTOP F#AE #4786, 13 B il HE AR X B
SLTOP SARE. FRIAEA X B3R EHUGT 51 4 18
LS A SRR AR $2 B 5 V6 A [R) 04 Ak B0 A3 B RE A X
FHEH SLTOP BAFAE

4) Fe BRI 1) ~3) A BRI G A 12 ) BT AT A
I, 43 S A5 ) I SR RE AR E 1) R AF RNE S 1) SLTOP
FRIF4E .

5) MR NN J7 ik 6 Il b AR 19 B3 A~ 28 51 ik £ 7
2 U AIE , 45 3] B A1 %S 00 0 A o 0 M B R A
h i A F ) AR R R (19) 204 145
FREFLEENL ANBUE w, vw, .

6) Ft X AR A, [ AR NN J7 25K 15 75
FEAS X3R5 7 51 R 2 285 0% 51 43 0] J& 1 AS [ g Jk 28
G AR p pit

7 NG FZE S H O BUE LA [R]85
14 J 6 AE 3 AR 3R I 43 Sl SR A

Ci=w p&+w,p™, (i =1,2,-,N), (20)
K w, ARIEBEEEE  w, % E B A AL
BN RFIEEEH (ARICI N=5), B C, & K14,
i 1 Joe A BN 4 AR

4 g5

4.1 FABO WIESHIEE

SR RO e 2 H R ME — 25 I 1 2R 17 A 2 28 X
PSS BB I ——FABO Bl P2 L LA AR LI
R NI RS G &l 5 s, il TSk
THE SR e feE TR AR A S AR AR AILERAS 52 i A3k L
HOE$E 1AL AR AN B A 3545 B 0y B ARIL

XL AT AL FE A R AR S A SR A, Hop, R
ELS7.y Sl = PN NPT N 1< RN 17~ A (Y T |
RS, M AR A IR R AR R oI AN
PEVAE . B S 2~4 NRBEY ., BhRE
5 R AL A B 3 S AR . HTh PR Bk
RN LB ) a1 5 8 ATV D84l . 0 79I 2%
g3 RV o N A = e WO U T (E N s R V1 K o =B

071004-5



55, 071004(2018)

ANSHBIZFHRE

www.opticsjournal.net

LA — F ] g BLE DN e fnil ik 2 . Tz
A& LR TP ST of v O A N | L E= g NS B e
S HERE 246 > B M R FRAG bR & R, ALY
SR EAR T AR CIROE TR R E 75 B
&I B —HEATRRE . AL JETE Windows 7 &
G F 5T VS2015+ OpenCV3.0 B S 8, 525
PR R BB R A — 4N 96 pixel X
96 pixel#l 128 pixel X 96 pixel,

-~
s -

(b
B 5 >k H FABO ¥ R RGBSR,
(DR (WAER
Fig. 5 Facial expression and body gesture samples from

the FABO database. (a) Happy; (b) angry
42 BEREESHERIARLE

T XoF 2 1 R 22 25 7 2 R AT R SRR 5 T,
Fe Xt FAE LS PIA RS PEAT B S . T
PG e /N 23 52 i B TR 45 2R e 3o S8 %)
HENE 6 2528 RG22 6 pixel X6 pixel T3,

LRI 4 pixel X4 pixel T, I B HRE .
10

E
=1 4
S

£ 0.7
§ 0.6 —a— expression
05 —— posture

0.4 - - -
2X2 3X34X4 5X5 6X6 7TX7 8X8
Block size /(pixel X pixel)

6 sk /NG i % e R IR

Fig. 6 Relationship between block size and recognition rate

Xt T B 2 AE 7 G0 M b B A Y G AT AR AE 42
B, 45 5] SLTOP H 7 FURRAE L O ) FH A5 21 9 5 AF )
BTGSeIl SVM /N B 4 2K 7%
FINN b A7 43 28 1, Heih NN 43 28 2% A 30
AR T HABT A2 8%, 2 1M 2 4045 NN
J7 1 o FEAR 0 B, A7 A A TR VB R L 6 F R
(01 22 7R BEAR 1 IE B IR B ME R . X T TR — 43 25 4%
FAE ML A PR A AT TSR] MR Z5 Bk F
BA BRI W TR R R, RHENEE

7 A R JRE R T A 78 A W RE L HL S0 BRRR AL B W
2 B R T 1 R A 45 R
F 1 RAE ST IR B R
Table 1 Expression single modal emotion

recognition confusion matrix

Emotion  Happy Fear Angry Bored Unsure
Happy 0.91 0.02 0.03 0 0.04
Fear 0.03 0.92 0.03 0 0.02
Angry 0.02 0 0.94 0.03 0.01
Bored 0 0 0.04 0.92 0.04

Unsure 0.04 0.01 0.03 0.01 0.91

F 2 LRSS R IR B R

Table 2 Posture single modal emotion

recognition confusion matrix

Emotion  Happy Fear Angry  Bored Unsure
Happy 0.96 0 0.01 0 0.03
Fear 0 1 0 0 0
Angry 0 0 0.97 0 0.03
Bored 0.05 0 0 0.95 0
Unsure 0.01 0 0.04 0 0.95
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Table 3 Comparison of the average recognition rates of

different feature extraction methods based on single modal %

Average recognition rate

Algorithm -
Expression Posture

MHI-HOGM" 66.50 66.70
Optical flow method"" 76.40 89.90
VLBP 73.79 70.17
LBP-TOP" 70.17 67.23
TSLTPM—+3DHOG 83.06 94.78
MSLOP 87.68 90.81
SLTOP 92.21 96.76
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Table 4 Comparison of the average recognition

time for different feature extraction methods

based on single modal ms

Algorithm Avcragc recognition time
Expression Posture

VLBP™ 423.15 467.85
LBP-TOP" 215.77 226.33
TSLTPM~+3DHOG™ 244.22 253.42
MSLOP™- 281.46 296.23
SLTOP 298.57 308.16
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