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Robust Facial Expression Recognition With Generative Adversarial Networks

YAO Nai-Ming"? GUO Qing-Pei®:? QIAO Feng-Chun':? CHEN Hui'? WANG Hong-An' %3

Abstract In natural communication, people would express their expressions with head rotation and body movement,
which may result in partial occlusion of face and a consequent information loss regarding facial expression. Also, most
of the existing approaches to facial expression recognition are not robust enough to unseen users because they rely on
general facial features or algorithms without considering differences between facial expression and facial identity. In this
paper, we propose a person-independent recognition method for partially-occluded facial expressions. Based on Wasser-
stein generative adversarial net (WGAN), a generative network of facial image is trained to perform context-consistent
image completion for partially-occluded facial expression images. With an adversarial learning strategy, furthermore, a
facial expression recognition network and a facial identity recognition network are established to improve the accuracy and
robustness of facial expression recognition via inhibition of intra-class variation. Extensive experimental results demon-
strate that 90 % average recognition accuracy of facial expression has been reached on a mixed dataset composed of CK +,
Multi-PIE, and JAFFE. Moreover, our method achieves 96 % accuracy of user-independent recognition on CK +. A 4.5%
performance gain is achieved with the novel identity-inhibited expression feature. Our method is also capable of improving

recognition accuracy for non-frontal facial expressions within a range of 45-degree head rotation.
Key words Face completion, person-independent, facial expression recognition, generative adversarial net (GAN), con-
volutional neural network (CNN)
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Fig.1 Framework of our robust facial expression recognition algorithm
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BeAh, LR AU ZRI, M2g N, 1950 R 0 e
J1E55, BRI B A2 By R . Ryt e
Gt i W s SRR L, WIRCE.

B 2
1 +exp(—10p)

Hr, p B AT gRAe Rt R ISR ae R Lu . Bl
HNZRAIEAT, X FBUEZHI 0 JE3E 5] 1.
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41 SEBGE
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CelebA FPafEsr T 10177 A 202599 5K A
B, . Bk afnltae s 55 162 770,
19867 F1 19962 KEG. K T HRGEGIIXN 557
VARFE—F X CelebA I ZREE i E1E 1] Chen
21200 32 Hh A B T = 2 S A o R O AT A
JRXE 55, BRI A), 43 64 18R x 64
BERD, BRBEEE—E [0,1] 2. A
z IYEECH 100, it K MEESR 64, WITR=E>T % 0 Hh
0.01, FESLAEHIRALE N, Sy 1.0, “FIFHERRALE A,
0.5, BEESTEES ¢ S 0.01.

e 25215 H 0 M 4% 2 1, | %6 Chen
21200 5 ) = 2 SR A B O VAN Zhu 45028
F2 B R — A 7 0 R R AT AL B
T = AERIEAZ SR B A IR SR LA S B
R, EEHREERGIEH b E et B RE
S0 1 H RS DI AR AR O Y X AT
Fric, SR JEhhixX 26 DI R AT I kb 4. Ak, W2
FUG AT BE 1 e MG R ] 2 BERTEHE AR O
LT R 64 R x 64 R DPERI/N, PLO.S
A 3] [ 1 AT B ALY 24 Bl A, I HLREATL U &
BB S 2. TR ARG R M 5 1), Ryt
AR YR EF 982 TmageNet Fifa sk b i A
%1 RGB JESE, HR A RGN GRREH—1
#][0,1] Z[8]. #GFT 50 EH 1077, 3 HAEY
I ZR3E478] 1000 A1 4000 FeHt, RF27 > Rk 24
HIERY 0.1 4%, R/ MEE R 128, L2 AUE = FEL
WEHN 2 x 107, BN ZMH s Pt R0t Eh
0.9997.

42 ANERFEIRA

KT PO A SRR R AT R O, BT
CK +38 Multi-PIEP? F1 JAFFEM 5 Hod i
T —MEABIERE, WM T RS RER B
fERAE . CK + B &R0, g B
ESPMN 123 2 ] 2RI 327 N IEZERE v B
H T 2 it TR A O PR AR, CK + 4 8 R A I
B TUA B, TR CK + g AR i i P 1
PATAF 53 neutral FRAFFHAAS IR, HElUE(E
SRR 2 Wt HERRREEARXS 8255 1) fear K1, 15
F % neutral RIFENT 7 FpLE, it 654 ik
FAFEMG. Multi-PTE £ 765 KESE RN 337
£ B PR ) smile, surprise, squint, disgust
scream FAf, $FEHLTHE 13 /NEIFE 15° AUPLA A1 19
FORREDE R A T IR G BB KBk scream R,

PERL —15° ~15° Z[ifY 935 k£ K. JAFFE
Bls PR T AUFE neutral FFEEENE 10 4 H AL
PEF PR R AE B, BEEURR fear 1% 2 AN T &
B i L, IRAERE LIS 474 ZH PR 1802
SRR EG. ILAh, BT IREE b R s A —
B, RN LB ML, SHREABIREST T
Gi—4r2%, M 1 PR,

#1 RGEIEETHGE R
Table 1  Unified expression categories in the

mixed dataset

CK + Multi-PIE JAFFE F—m3
neutral neutral NE NE ()
anger - AN AN (155%)
contempt, disgust  squint, disgust DI DI (%)
happy smile HA HA (%2%)
sadness - SA SA (F&f5)
surprise surprise SU SU (5iF)

fear - FE -

- scream - -

1) TEiR A B EX e R R A AR T
Fi# & (Person dependent, PD) Fif 7 Jg Kk (Per-
son independent, PT) fyZ& M5 51555, YIZge i
IR 90 % 110 % By TR 4. FER PG
KAy, MRS IR -8R, B
SIS IR IR AT IR UER YA E AR 10 IR, HeEd
BRI GE T S5 VA Y BB 1~ 35 TR T A R A 4526
RIGHRAER . 2 2 Xei g5 Rt T 7D, W
RPN BVEAE IR AR M = N EERE & Eny -
BRRBIER R I 90 %, FIH LR DA Xt
Bm AR ry N B B AT R AF RN 5 A K Sk
B AH b, P T 56 S 3 %) 1R 501 1 A SR A TR B i 4,
CK +, Multi-PIE il JAFFE 451K T 6.45 %,
6.7 %, 2.97 % 1 5.09 %o. B/ N B IR B 22 B 1K 51
B S5 BAEUR, BWREXH B AA®
SRR, RIS IIRMS R, KIAR R
&R AMER R AE PD Al PI S22 8] (%) 22 B8 i
T 10%: iR A EdESE, CK+4 f1 JAFFE 43504
22 17.43%, 23.97 % F11 12.86 %. —Fh ] GEHI R N 2
REHHRETH P REEGRE A2 IFHS
Hpk, BRI DO R G AR R AL, SBCRN AT
=R Z ARG . VTR TR E R (W%
3), &5 R ARG RG2S 5 BoR BB AR
NG, M PEREE A 5 5 HoAd ) LA RIS

2) MIE LG R Multi-PIE i 2 HikE T 273 44
FFAE —45° ~ 45° JEENFRIEE IR 8 714 ki
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Table 2 Results of recognition accuracy (%) on the mixed dataset

Bl e R BEE NE AN DI HA SA SU SEE
BEBEE PD 95.41 98.85 94.12 96.55 100.00 97.54 97.07
PI 87.78 95.52 93.15 93.91 82.57 90.82 90.62
CK + PD 100.00 97.64 100.00 100.00 97.37 98.35 99.05
PI 98.60 96.43 94.37 100.00 73.40 100.00 92.35
Multi-PIE PD 87.50 - 91.43 95.45 - 95.35 93.10
PI 85.00 - 86.36 94.34 - 93.94 90.13
JAFFE PD 97.87 100.00 98.73 99.13 100.00 97.80 98.84
PI 90.91 100.00 96.77 100.00 87.14 87.88 93.75

3ROSR B IRYE R

Table 3  Confusion matrix for the mixed dataset

Xt CK+ w118 NHY 327 BUbRk: LA 44 B8 7 4>
A, FHE RN S /N EURHER, SRR Ry
10, RAEE 10 AIIRERT 10 NUIZREE CRAER 4 4]

NE AN DI HA SA SU oo " A Hﬂ
NE 87.77 106 532 319 053 213 1), ﬁﬁ{T—I—ﬁXR%\@' %% 5 AR IS
WO IR B HERA 2R 00 AT THL R, 45 R R BAE S &I
AN 09852 34 0 185 0 RN, FATH RN F LA i % E
DI 3.65 0 93.15  0.04 3.16 0 IR B R 235 3] 96.00 %, #ad T GCNET A
HA 478 043 043  93.91 043 0 M. FEAIIE P S i, A R R R
SA 092 1193  4.59 0 8257 0 KAFEALT 4.5 %, R0 FRAE R AAESS 1
SU 255 204 204 1.02 1.53  90.82 R
R, FEPLIER 90 % MG TN, Hqmy R0 HBORFINAE CK+ RIEdRE LI U e 5
MR, s e B AT DR T — (L TR B, 8% 4 ] Table 5 Comparisons of average recognition accuracy
3t o R 5 R b PRI AT SR L mons different methods on O+
Yo PR B 5% 4 R, M SSSRgE SR . e )
DABLZE S, b A B 1968 15 Sk M 4 4 FE A 15° Br——" "
1 30° 25 N AR IE TR G R 5 A7 2 HERA % 43 1 12 '
BT 2.89% A1 2.85 %, F WA G 2 R MSRE o0
s 30° YU 2 PR BIPERE. a2 e 3DCNN-DAPE 9240
A RE BN, b4 1G0T A% TR HE i 2R 1 1 DTAN 9144
SRAE WS (M 2.89% # —1.13%), XA fEE MSCNN/45] 95.54
FSapliemiiak pNIE Y AN S v EA O] 520 GONET!40) 97.93
F4  F Multi-PIE FEFR R SRS - B4 A (w/o HNZERAWH) 91.48
BEE I NG 3 (%) A (w) 2P ) 96.00
Table 4 Comparisons of recognition accuracy (%)

between settings of face completion for different head
poses on Multi-PIE

4.3 ANEEB*281ER
TEN LIS EMR A B R KB B, WA

o2 S SRR RIS,
w/o Nrkhs: 9324 88.42 86.85  83.33 1) AN T 5 5%) CelebA 34 i iy A 1%
w/ Nrkba: 9324  91.31  89.70  82.20 TN T RATAH EMEAL E AL FE Y. K 2 JBIR

3) 1e CK + Bt ERBI 7 AN, 7+ 5
H Al [ A ol 25 1) 2 OLA R 1A R 00 D R R AT X L

T AR E B Mg RN 1, 50, 75 1100 22
JER AR, AR RN 3 Fos. 4R
W1, REE DL RO RR SN, A5 T4 0 2 AR E
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(a) WNEIZR (b) itk 1 1% (c) fAk 50 &
(a) Input images (b) 1 step (c) 50 steps

(d) 1L 75 % (e) fltfk 100 & (H HELEH®
(d) 75 steps (e) 100 steps (f) Real images

B2 NRAMEMEZTEIZE 1, 50, 75 I 100 562 J5 1 i 1
Fig.2 Outputs of the proposed face completion networks after training 1, 50, 75, and 100 steps
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Fig.3 Training loss curves of the proposed face

completion networks
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(a) Input images {(b) Output images (¢) Real images

P4 BORTE R AR 1 R ) 4
Fig.4 Image completion results on images with

large-scale occlusion
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Fig.5 Image completion results on images with

irregular occlusion
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Fig.6 Image completion results on images taken from
the COFW test set
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Input

[29] [30]
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Fig.7 Comparisons of different image completion

methods on images taken from the CelebA test set
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Fig.8 t-SNE visualization of facial expression features

and facial identity features
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Fig.9 t-SNE visualization of facial expression features
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6 ARFEFFERPN A CK+ LR BIMERZ (%)
Table 6  Comparisons of different descriptors and

methods on CK + (%)

TR s AN DI HA SA SU Ty
LBP +SRCP! 7556 87.93 98.55 64.29 100.00 85.26
Gabor +SRCP2l 84.44 98.28 97.10 64.29 98.78 88.58
LPQ+SVM  70.00 65.30 59.31 76.40 88.32 T71.87
SIFT+SVM  72.86 56.70 88.75 72.22 96.30 77.37
EFM + SVM 88.37 90.20 87.16 78.38 94.00 87.62

AR D AR B R SO B . WGAN A
AU /2 Lipschitz #2400 450F, BIEEDS bR e Hh
AR TR I LSRR R 2 . TR AL B, AR
IR A2 B T K TR F Sk, i bR R
SCARALPE R AL B FR, 325 smwh 4 5 10 i
A EHEH T ARG R H—20H, 23X
Pl e &, ASCER S T — B0 H - B SRR
FRAG RN, REIBAEPE BUERAS R A A% 2t A2 0
P 305 B a2, SEan R R ER . 8
T AEFAT R BT S5 A1 B0 IR BT 55 2 [ AT X B il
Y, ARSI P By B ME BE ST K R R R 4
AT H HCR X Foh B g R R AIE. A CK 4+,
Multi-PIE #1 JAFFE #4118 A 80 2 _E AT 11
SE, R BBRIUY R AT RHERXT P B (5 BN BURS,
REfE o CK+ b P 6 5% B R S 1 1 2Ry ok K 2
4.5% BrEREIRTE. 7F Multi-PIE _FiH 5 4E1E /A
Fr R A S Im 2 SRR, 7E 45° LEBERRTE N, 4
SO ER BRI RGBSR RER . I
A, RVAE AR S FE BN R S G T R T
HEAT T S BRV A, (EAS SO YA B0 BR A% X LA It 3k 4 T
ZEMUFRAT TR, H T A R A kb 4 S FL i Ak P sk
A B T ST, EF X 2 A7 T i A
Al AR AT

T2, AT & B 23R 19 7 AT
W&, 2 Al A 200 i SRR TR R
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