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Conditional Random Forests for Spontaneous Smile Detection in

Unconstrained Environment
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Abstract To reduce the negative influence of smile detection due to head pose diversity in unconstrained environment,
a conditional random forests (CRF) based approach is proposed to detect spontaneous smile. First, the conditional
random forests based approach is presented to learn the relations between image patches and the smile/non-smile features
conditional to head poses. Image patches from different eye and mouth regions are separately trained for two different
conditional random forests. Then, a two-layer smile/non-smile classifier based on the two conditional random forests
is constructed. Furthermore, a K-means based voting method is introduced to improve the discrimination capability of
the classifier. Experiments are carried out with spontaneous facial expression datasets including GENKI-4K, LFW and
CCNU-Classroom, and the proposed approach reaches 91.14 %, 90.73 % and 85.17 % accuracy rates, respectively, on these
datasets. The proposed approach outperforms the SVM-based, AdaBoost-based and random forest based methods.
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Smile detection based on conditional random forests
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The flowchart of the proposed smile detection method
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Hllnde B R
Table 1  The proposed approach compared with [15—16]
on GENKI-4K dataset
Jitk FHIE Es HERHZ (%)
An 4gl1o] LBP LDA 76.60
An %g010] LBP SVM 84.20
An %l10] HOG ELM 88.50
Shan!*?] LBP AdaBoost 86.43
Shan!*?] Gray AdaBoost 80.38
Shan!*5] Pixel Comparisons  AdaBoost 89.70
RITTVE LBP CRF 86.99
AICHE Gray CRF 88.36
VNN LBP, Gray, Gabor CRF 91.14
DT 3CHR [15—16]. 72K EEEALATE BB/ R 1K B

T, ALK . Gabor #il LBP =FRHE
WIRAR T 91.14 % AHERGSR, FE(UEEH K E B LBP
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The accuracies for different numbers of trees in CRF

FRAE RS A HERR 2255 31k 88.36 % Fi1 86.99 %.

R TG UE A% AR R I R A ST S AR A
BORHOUTPERE, ReA SO . BT X fFrm &
ML (SVM) FIkETFFEALARA (Random forest, RF).
HF AdaBoost )5 A I Ty ¥ 4 B AE LEW F
CCNU-Classroom /™S EEAT X6 FEaegs. 58
It R, A SO VA AR R IR 2 AR T. SVM
%A LbSVMEBS RF 3% H SCiik [27]) #A5 s2 31,
AdaBoost R SCHR [15] B ¥ASCEL. SEERT, R A
J DI —A40 R 125 3R x 125 B E, RN A
AR i HR DXk m I B2 X k40 0 H —4k A 120 1%
E x 40 BFEM 120 B FE x 60 BE. AT HRIA
P, DOFR RIS R A R G K EEAE . Gabor 1 LBP
ZRERAE, 3L CRF F1 RF &% AdaBoost 7E45 1K
O S el B O SR 55 4 2 an i BE AL = Fh R AE e —
FERRE. TENZR SVM IHRE A i % b RS 1 K B
. Gabor fil LBP $FfEiES R — K m& (29 71
4E), SR )G R A R4 #riE: (Principal component
analysis, PCA) $ H =454 5000 4E (F£8 99.9%
HIREE:). PUAP I yE IS MIHE ELAT S IR DX IR S R 15 e,
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Fig.4 The exemplar results of the proposed smile detection method
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4) M TR T R DK B I B SRR TR R B, R
JE I 2 GRS RERLARAR (TS (Q,) )3, Fi
(T5(Q.) ., BIFSHBREILERMK TS 1 TS 42
G R GER HEAT S IR

3 G A R 2 B, SR AR LA RS
TSR BRI, s 0 G — 3R A SCHR 1
K-Means BEHE. A DUFRE R T-HoREE )y 2

Table 2 Accuracies of head pose estimation on LEW S 1 22 B A TR L 4, WIS L1 i L X st
i CONU-Classroom datasets () BURE [ T L2 G5t SR B
SR A - 1 11
S . S %4 RREBTIRE R LEW S Ly
SRR AR (%)
R 80.00 81.60 Table 4  Accuracies of smile detection with different
D 83.73 83.33 image sub-regions on LFW dataset (%)
e 82.72 83.41
LS BOAR S BEXE JERKE mE+ ER
T A% SO R B A B S L 3R SR i 78.00 91.08 67.74 95.09
3 AEE T4, AL T &M T ENHEAR N o 75.50 88.50 64.50 90.05
Z= 5, (A4 2548 B8 S A RORN B A A U1 Rk i 72.08 86.86 62.08 86.86
2. A ELE LFW Fil CCNU-Classroom $(fi4 e 74.79 88.71 64.59 90.47

Ay HIEAS T 90.73% A1 85.17 % MYUERAR, T
HT SVM. AdaBoost fl RF [ 5. Ak, 43211
SR SRS TN Y25 1 Y it S i o T SR S A T SR 1
W, UL B RSB SA T A R e — B R
JFE b5 ma S 1 A I, (H AT SR SR 4 R
TEAR LSS T A U 1 RE AR KB T, PARAS
BASHA T I A I 3 S TR I
—EME R, DR A R T SRS Y R
3.2.2 A RIEGTFHREHSRBELE

N HCBA [ 8 1 BeoR A T i 22 5%, £ LEW
Bt LR DU A7 R AT 55

1) MEEAS N X I REAILRAF R 55, SRS AX
B 2R AEREOLAR bR { T2 () 15—y SHASHAEBEHLARA
Ty FEAT RIS

2) DU ELDX I AL R AE 1R 15, SRS 66 1
FAFRENLARMR { T3 () Yomy BHASHIERBENLARA T}
AT SRR N

3.2.3 A EWEEFBREE X E LA AR LI

oy HEAREAN [ I EEL M IR I DXl 14 7 37 7 4200 S
R4 520, 53 305 P NG T LA o7 B O RIS 1
I £ i AR DX IR SCHE (27] 5 H By IR A A £
7 YRR R S I B DR R JE R X3, e LEW %%
P gl EEATSEie. Sl o HAt R SR A T, S
SRS E RN B AR, R PRI ELRIE R
DR 14 R 37 7 0 L PR SRR 0 HEff R L3R B A
Tl 5 2 L2 DX i R DX ] PASE— 2 4R T AR S5
TR SR A I R R (EAG 0 E MR SR S
TR 5 i TR S 2AH LU, (8 RS 0 7 D2 AE
LEW Biffi 46 _E 0B A7 S0 AR 0 4 1R P 42 )-S5 ARG I

F2 5 N[ EUR i R DR o7 s ) AR B T HE fife . (%)
Table 5

approaches to locate eyes and mouth regions (%)

Accuracies of smile detection using different

3) (LA i IR X B LA 16 T, S T it BB e RA
SR (TS(Q) Y., SISHABENAM TS JUDeREmEG 9500 9005 5686 9047
AT SRR N JASTE SRR G 95.79 9100 88.74 9137

3 ARZEBANFPAE LFW Il CONU-Classroom $iii4E FiuERH (%)
Table 3  Comparisons of accuracies of different smile detection algorithms on LEW and CCNU-Classroom datasets (%)
LFW CCNU-Classroom
B zall D e 1Ef Bl D e
AL 92.86 90.67 89.04 90.73 88.89 86.96 79.66 85.17
SVM 85.63 77.00 81.85 83.25 77.56 74.51 68.53 73.52
RF 78.00 77.14 85.99 81.74 78.89 79.85 59.17 72.38
AdaBoost 75.00 72.35 68.54 71.96 70.00 65.56 61.24 66.27
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Table 6  Accuracies of smile detection using different decision boundary methods (%)
LFW CCNU-Classroom
L K-Means = DL K-Means = PR
IEH 95.09 90.78 52.91 88.89 87.78 75.56
el 90.50 88.50 80.00 86.96 85.04 71.43
I 86.86 85.23 74.22 79.66 77.94 61.90
BE 90.81 88.17 69.04 85.17 83.59 69.63
i'%ﬁj][] 19 ms. 3 Shah R, Kwatra V. All smiles: automatic photo enhance-

3.2.4 AEPRFKIDFHEF ERIELE

R LGS [ e SR A YR B, a3 il A
SCHR ) K-Means 326, w5 222027 g ok
PEBY =R 2k s Bt E 53k, A LEW diigE
Fl CCNU-Classroom iffise_FFATsC86. Ayt feH
MR R PTHE, SLIRETSK S A R &E AR,
PR T~ B DB 2 DX e A i AR XS R 4R, IF 4% 2 3t
FEAEAT S AN, SR =Pk 3R 100 S5 o Ty YR 0
A SR RO AS, D A % L3R 6. AR SR 1) K-Means 2
FVEBUG T B RRCR, M Bk, JORAER
RO 2.

4 £

AT — T T2 A BELARARRY B 2R SR A
M7k PASK RS R B A I o Bt s 1), #4)
TR ARF BELAR ARG SR AG I A, PR AR TR
PEI NS, DA RO T AR 20 RR 5T T KT
LS AR AR I H SR WA R M. FEH T —
Fii T K-Means 173 JE HBHTTIA. A EEREHLAR
MR AP (E R B 2 Wik S B3k, A
T K-Means 195y 201 53575 18 1T B pe 3 25 A
(1T, PRI R B e 14 SR SRR 6. [,
J91] DX IS EEL DX S T i IR DX S R 8 [ 41 B 2 P AL 4
1 BELAR AL J80Z G E HEAT SIS I, 3R T
HERRAR. SEIREERR I, AR SO IR AR AR R Y
2% S IR I 2L 25 B R HE R PE A B . ek
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