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Real-time Facial Expression Recognition Based on Boosted Embedded Hidden Markov Model

ZHOU Xiao-Xu HUANG Xiang-Sheng XU Bin WANG Yang-Sheng
(CASIA-SAIT HCI Joint Lab. Institute of Automation, Chinese Academy of Sciences, Beijing 100080)

Abstract Understanding human emotions is one of the necessary skills for the computer to interact intelligently with
human users. The most expressive way humans display emotions is through facial expressions. Facial expression recog-
nition is necessary for designing any realistic human-machine interfaces. In this paper, we propose a novel framework
to real-time facial expression recognition in the interactive computer environment. There are two main contributions of
this work. First, we propose a novel network structure and parameters learning algorithm for embedded HMM!"} based
on AdaBoost!*l, Second, we apply this optimized embedded HMM to real-time facial expression recognition. In this pa-
per, the embedded HMM uses two-dimensional Discrete Cosine Transform (2D-DCT) coefficients as the observation
vectors opposite to previous HMM approaches which use pixel intnsities to form the observation vectors. The classifi-
cation accuracy is improved because our algorithm modifies both the network structure and parameters of embedded
HMM. Our proposed system reduces the complexity of the training and recognition system. It can offer a more flexible
framework and can be used in real-time human-machine interactive applications. Experimental results demonstrate that
the proposed approach is an effective method to recognize facial expression.

Keywords Real-time, Humanrmachine interactive, Facial expression recognition, Embedded HMM, Boosting, Face a-
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2.1 Boosting J %

Boosting Wik RIEJLER KB RN ERT RERNER
Z—. Schapire £ PAC¥ JHERFF R TR —ITREK
Boosting # . Boosting ZE7R % #1453 iR SCRR 4R
AHFRRED O R MZRIKRE ., ROFERHREH
A8 AdaBoost J U A B M #( AdaBoost, EH Ada-
Boost & Fi# Bt Boosting 3B+ B LA T =M EARRE: (D
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AdaBoost LR MBS B AR VNG K2E fa (2,
BIALE 5 B A 3 SRR B A BEE R ROAE . Rk
xt—RFUIMAUE SR A AT VI 4, B R KIS KB E SORRTE
HIMBRSABHRIEH S, BB AdaBoost 3 5 W Ik
RTF

0. Input
(1) Training examples (x15 y1)+***y (ZNs YN)»
ere N = g + b; of which a examples have y;=-+1 and &
examples have y;=—1;
(2)The number M of weak classifiers to be combined;
1. Initialization

a£=2—la-for those examples with y;=-+1 or

o =2—lb-for those examples with y;=—1.

2. Forward inclusion
For m=1, «+, M.
(1)Choose optimal f,, to minimize weighted error;
: emem }
(3)Update wf™ <wf™, expl —v:ifm(z:)Jand normalize to Z;w{™

(2)Choose am=log

3. Output '
F(x)=sign[ ZMa1amfm()].

2.2 #AX HMM

—% HMM E— T AA AR R ARENDRAR
#, GRAREMNG—MREBRA SHERMES
KRB, — RV, BRI RREFAREET UM
WP K, M HMMZERE  MatE, MBI ERE - A EHN
FABPEERRBCEREGER RBRERNS) . REES
BERAE M R R A U R 5 TR H BB E X R
BORER BB R BT F HMM M THIFIER R R EE K.
Fir AR HMM H, §4~— 4 HMM 1 BRRSEE— 157
g HMMY, g2, HMM B8 — M BRRER S, I
BAE—TRARERES. BEREATHE T HBEE_
HRAR , Tk AR WA 55 50— A7 e B , N/ 1 B
. XMEAMEEM % HMM Z2ARRS, B AR KE
ZREZBAR G, AKX HMM BT adE:

M No:iﬂf&’{k?&m/l\&i
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<TI0 M BOBRARER S, [L={m.w»}, HP
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< AP RAREBHFEBBRBERS, AP ={a1x (D} IN
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« BY, BO = (6 (0, )} RAES 1o 1785 1 FIHIME
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BRI
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Initialize weights
over training data

Learn structure of
EHMM

Leam parameters:
A, B, I7

Classify training data

Output classifier

Modify weights
over training data

2 AKX HMM S Wik emE s

SREBI—FHAAR. MEEHSATHIIGHK
THATH, RN BRI BEUE#R T T —RER. &
SRV RBIT .

Training;

Given;

D={(s1 ")t .(rr.y-r)) ywith s €{—1, +1),y. €Yra sequence

of T data reco ;

Initialize %(Z)_T y1=1,+,T;

For i=1-N,

Bj=LearnStructure(D,P5')
& =LearnParameters(D, P5* , Bi)
(a’ pr)=ReWeight(Dpr"l DB§ W)

End;

Testing;

Given test data yr, evaluate N classifiers;

?}'=axgmax,~P(s,=i|yT.B§' v&),i=1,,N;

The combined classifier output is;

si=sign(Sia* 51); (weighted average)

5e='s} k=argmax.P (3| 5i» Bi &) s (mazx—select)

Function B,=LearnStructure(D,Pp)

Local var L* , initially L* =0;
Repeat

I = sampled node order for the static network;

(Bc PL)=K2(D’PDv I);

Accept or reject B, given L, L*
Until accept;

L*=L;

Return{B;,Ba};

Function = LearnParameters(D, Pp, B;)
By=Histogram(D, Pp,B;)3
{A,x}=Histogram(D,Pp,Bs);

Return {Bj,A,x};

Function

(a‘ -Pb)=ReWeight(D,Pb—l »Bsr @)

’;: =afgmaij(Sx =] !YT vB: N »fOl’ = 1"'T;
E‘ EIP(R“'}* l)(h#&)"
== 1 log(1

1 -~
Pb_(tzexpz‘i if 505,

V4
PE'(Dexp—a* ..~ _
Zr if se=s»

Return {a*,Pb};
3 AR#FFSFF

3.1 T Haar $H{ERHARME N

Bl , ¥ EMNRETREARKERRIEAEHR LS
BIABBBER ., —MRUL XL ARTT LIS B E TR
BB SERE N BRI R 5 R AMETIME M .
LRERBRAZ TN T R R EAFYK. Viola %F
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» proposal dist;

Ph(e)= for t=1---T;
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cET-RERABH, —-FHHEH - "ERAR
Viterbi IR, B 5 BRTERZEHBAR Viterbi
SEN:, Viterbi M RPN A TFERPHE—1T, 3T
HHAEE PO, 1Oy » 019 i, 129, 1<<ENG » H o
gi3)  1<n<Ty RESREA O, . MREDBEREHRE.
EHENBRREEE D, — T P& MREAMEE N
g Viterbi S B 3, EURFBRREWOBE. BEREM
EAHBRBRREEEL, BTN LB TAHEERK
Viterbi 4%, 3805 «

P(O1.-0,, 7, Ory1.-Ory 1y @07, IDBREIE P(O,QJ 1)
“ oy » 1S KT HFRTF 0 FTTHBRRE.

- RS BCR A KEREHAITEIT FURA NS K

BB T E&A4BE:

o __number of transition s from S{ to S{&
i number of transition s from S{9

= mR i FEBEIRE b TR ERSE
UP = @RS & PHRE  BEARITZER.

_number of transition s from S, to So,;

@i number of transitoin s from So,:
» ¥ Viterbi 433 87T SEMEFE LML E R h AT —
&ﬁﬁﬁ%ﬁﬁﬂ: » HMM 8811kt .

A

|20
_P(g..QM)

1D Viterbi

On.1...0nn

M5 _EAZR Viterbi Wk

5 mAlSER

MEREBRFVSGTERZE kAKX HMM £1FiR 5
BRAHNMEFFINEREEITR. TRERKMERNE
Bk &, FARRBIR MR .

BATAT 20 4MEE 1000 BB KR #FTVNS, B
50 AR, BrA MBI A — MK R A B R R SLIREL,
R 320X 240 R E S Hr, 256 KEE, FMEHERHE
HAE 10 MEAER.
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& MRS S AREFHRME, BRAFIFRIMER 2P,
A1 MNUERETAHGRINER

Expression Correct Wrong
Normal 18 2
Laugh 19 1
Anger 17 3
Sleep 20 0
Surprise 19 1

A2 AHARBRAER

Expression Correct Wrong
Normal 17 3
Laugh 17 3
Anger 14 6
Sleep 20 0
Surprise 18 2

B6 RERBLHRE
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HTF BT 50~80 ST AR HEATR R H X 2 AF T II.
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