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Facial Expression Recognition via Optimized Bilinear ResNet34
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Abstract: An optimized bilinear structure based on ResNet34, termed OBSR-Net, is proposed for more accurate and
quick facial expression recognition. OBSR-Net adopts a bilinear network structure as its overall framework and
incorporates ResNet34 as the backbone network to model the local paired feature interaction by translation invariance, to
extract more complete and effective features. At the same time, transfer learning mitigates the limitations imposed by
small sample image data sets of facial expressions on deep learning. In addition, gradient concentration, a new general
optimization technique, is utilized during the training process. This technique operates directly on gradients by
concentrating gradient vectors to zero mean, which can be regarded as a projected gradient descent method with a
constrained loss function. Experiments on two public datasets, namely Fer2013 and CK+, reveal that OBSR-Net achieves
recognition accuracy of 77.65% and 98.82%, respectively. The experimental results show that OBSR-Net is more
competitive than other advanced facial expression recognition methods.
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5, ASCHE Fer2013 Hif 4 EAEFHH GC kA AdamWBO]
(1) 5k m, 7 CK+Ed 4 A GC #k A Adam I35
W T LASRAS B AR Epochs ¥ B 200, o781 25
TR A AR AR HEAT 200 F I 25
3.3 TENIERR

BTSN 22 432 e R, AR PPA R AR 3 K example-
based metrics 1 label-based metrics. S8R FH F i
RSB (1 4 I, VIR R I A N T R Ak o A i FH Y

BERPEN 7%, & PR fa br G e s 22 . H ml
&5, ASCAEF label-based metrics WAL EARE AARTE, LA
WERIR (Accuracy)~ FEWAZR (Precision)s 3 [01% (Recall)
N F1 53480 (F1_score) RUGUEFTER 7 VA RIA 8k, Hr,
AT 2R 27 TOUIN T PR ARE AR S0 o R A S B B A5 K
Tt 2 3 s TN P AT TE A A o 0 TR T 10 LU g 4 [l 2
FEOR TN EAA B BT TEREAS |5 SEBR BT A IEREAS I LA
F1_score 77 B IHEHAZ S A B Z A% 4 T
EiFEZNIORA N SUR I

TP+TN
Accuracy = (14)
TP+TN+FP+FN
TP
Precision = ———— (15)
TP+FP
TP
Recall = —— (16)
TP+FN
Precision X Recall
F1_score =2x recision X Reca 17

Precision + Recall
Forpr, TP 9T Oy IE T B SERR B B FP TR
W IER, SRS BR 2R 545 FN 9B A 5, 9%
T SERR RIS, TV e i Haehr bt 4.
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3.4 LILER

¥ Fer2013 Al CK+EHR 48 N H B AL b, 20K
BEMIZAF 2L R T AR, B9 BRI
Fer2013 I CK+HE A2 M i IR IA A5 B &1 10 Ron i)
RRIAILE Fer2013 Il CKHEURAE FitadetiZl; £ 1
I 2 73l R 2 AL AE Fer2013 Al CK+E#5 4
PG EE. HEERL F1L 5L

Confusion matrix

angry MUEEN 8 G 200 22 WSy 6 1000
disgust | 8 127 0 0 0 1 0
800
@ fear | 78 3 28 66 24
2
= 600
B happy | 26 1 39 12 16
o
2
& neutral | 50 0 49 4 371 84 6 400
dt 4
sadf 100 8 137 20 88 331 200
surprise 16 0 49 16 8 6 303
2 = = = = o 0
s E 8§ & T 3§ 2
g o ha IS 2 =
< 2 = 5}
o = a
True labels
(a) Fer2013 %34
Confusion matrix
40
anger [RFES 0 0 0 0 0 0
35
contempt 0 9 0 0 0 0 2
30
= disgust | 0O 0 30 0 0 0 0
2 € . 25
=
B  fear| O 0 o SN o 0 0 20
Q
2
£ happy | © 0 0 o [EES 0 0 15
10
sadness [ 0 0 0 0 0 14 0
5
surprise - 0 0 0 0 0 0 41
. L L - L L 0
= = + =1 > 0 13
s i3] .2 E 3 e
= oS s ]
=} @n
5]
True labels
(b) CK+¥i4E

K9 HEAITE Fer2013 AT CK+HE S M ) Vi v o
H 9 AT R, (a) FosHIIEAE Fer2013 Hda e L
TRVEFERE, BT DA Fer2013 H0HE 55 1 70 JS kA
N T7.65%; TMAE (b) CK+HE4f 4 1wl A #8423
surprise ZRFRAH MR A contempt, HA S 1R 1
MRAERfA 2352 100%, BT LAAS H CR+H0HE 42 1) 40 2k

8

3N 98.82%. L] LIFE H BT W 48 4 7 HLF #5247
B R RE.

1.4+
1.2+

1.0 |

loss

0.8 F

0.6 +

0.4+

0 25 50 75 100 125 150 175 200
iters

(a) Fer2013 %4z 4

0 25 50 75 100 125 150 175 200
iters

(b) CK+¥ ¥4
B 10 HALE Fer2013 Al CK+EPE 4 b4 2k h 2k

1 BUAE Fer2013 Bl R IINRZ . ARIE, F1 08

Type Precision Recall F1_score
angry 0.870 0.790 0.828
disgust 0.934 0.864 0.898
fear 0.835 0.773 0.803
happy 0.879 0.880 0.879
neutral 0.617 0.667 0.641
sad 0.481 0.616 0.540
surprise 0.761 0.844 0.800

K2 BUMAE CKHBURAERI BB, Al F1 08

Type Precision Recall F1_score
angry 1.0 1.0 1.0
contempt 0.818 1.0 0.9
disgust 1.0 1.0 1.0
fear 1.0 1.0 1.0
happy 1.0 1.0 1.0
sadness 1.0 1.0 1.0

surprise 1.0 0.953 0.976

3% 1 3% 2 O 51, Precision J9RE T W K IERE
AR BEASHER, W20y, 1A R W A TEREAS R ]
15; Recall #85, R4 ; 7F Fer2013 i £,
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disgust FERAF MR RS 1 2 i 1, happy KRR K I
45 CKAER SR R Z HEERI I AR08 1.0.
3.5 SERGEMELR

A 5HG P 2 05 R 5 O S #E 1K U7 A AE Fer2013
A CK+PIAS AT HUE B Bk AT LB 40 . A IE 2%
£ Fer2013 A1 CK+E 4 46 b (i #EmH R 70 75 4 3% 3 A
R4 PR,

3 ARFEJELE Fer2013 Bl e FAIHERIZ (%)

Jrik HERf R
ResNet34™ 70.55
VGG16°" 71.52
MobileNetV3F? 68.24
ResMasking!™! 71.97
Deep-Emotion”*! 70.02
GARAN™ 72.14
VGNFLEY 72.49
FERDL®" 75.80
Ours 77.65

A R, ARSCHE T RAVE RS, IS INAS R 5
W% i I AR R i) 8, 7E Fer2013 BLK CK+HAN AFF
Ktk L RHERI R W13 5 B, Ho, ResNet34 R i
B BEATAE ] S SE Al 4%, ResNet34 Pretrain R~
{FH 7 &% 21 # ResNet34 4%, ResNet34 Pretrain__
BCN IR TIE /% 2% 2 I WM ResNet34 /4%,
ResNet34 Pretrain BCN_GC /<7t ResNet34_Pretrain_
BCN [#2EA EA N 1 AR A 2 s .

RS RFEIBLHGET AR RN L (%)

Jiik Fer2013 CK+

ResNet34 (baseline) 70.55 97.81
ResNet34 Pretrain 74.29 97.98
ResNet34 Pretrain BCN 75.61 98.31
ResNet34_Pretrain BCN_GC 77.65 98.82

=4 ARFEIFEE CKHEURE EHERE (%)

ViR’ HERf 2
AlexNet™?”! 93.59
ResNet34# 97.81
VGG16°Y 97.12
DenseNet1215* 94.69
ResMasking"™! 98.46
GARANP?! 98.67
DeRLP" 97.30
Ours 98.82

SIRTEE 3 AT, AR SCHEH I 5 VA TE Fer2013 AR
PR AE FEUR TR U ROR. e g T LLE
BT 5 i LR R T R 3R 7.10%, Eo A 323
46 CNN BLEY 2 /b3 57 6.13%; H IR, AR SCIEXT
T 5 MRS NG R AE R 7, BT 7 i X
SR RSB TR DR & T 1.85%, X 2L 45 SR E
T HHRITIEAE Fer2013 Hudls 4 b 104 20k,

S HTEE 4 ATHN, BT CKA%E 4 i UG o i
BT, AR 21 LU HE R, Pt AR 2 307 V2 E % A 4
e IR B 0 o ORE B, AR SCHR I IR AE
CK+HUE S 13815 T 98.82% M4 M58, LR IA £+
M3 m 1.01%, WA BNt iE R D itm
0.15%, RILH SR ITES ).

3.6 jHRRSCLG
N T B8 TIE UL 1 I 4% 2 ) LA R BT A FE P 3T R e

MRS RS T DA H, U2 T A T %
K. aneh E d K Adam AL 28 FRBE I A 4R
FEN G Z G N H R 2, HL R IR 51N LA S
Xof A5 2R HE AT S5 S R T A R AR T O R, T
Fer2013 Fll CK+¥ 4 4 I 193 5 TR A HE A R 2 ) N
77.65% A1 98.82%, 5 ResNet34 il X 2%+ LE 4 1) $2
T 7.10% A1 1.01%, MTSIE T A S g 7k A
RRHE.

4 FR5RE

AR PSRBT AL BRI BE T~ ResNet34
R £ (1R XL 1 X 2% 36 g SR o N A AT IR ). 5 18
BN RAG B B 42 8 T /AR B 46, 2T iE
F& 2 ) HS, A SCH ] ResNet34 W 2545 7 /1 ImageNet
KEGEAE S AT P45 B P BLAL, SR 5K 2% > 3
FRVRE 28 2 B0 % 1) N 3 1 TR0l R e JE AR 55 R AT,
AR SR FH XA I 2% S5 R A g AR HE R, WLZ 1 ) 245
SERIE R AL RN R R RO B TR BUZ
B BVREAE, AT A8 75 A T R A SR I B BE e 4. B
BRBVRHE. AN, FERRL I 250 72 oA — Pk 4R
eHAR, BIBE L (GC), Fil it 51 N E 7] & 15T
2 TSR 2 SRA K PR B, 1% 40 RO B A R AT T IR U
b, $om 7 REARLZ A I Re, T HL29 A Ok e A L 5 A
WK BB AP Lipschitzness, {31 25t 72 5 infa
8RR AL B, ARSCAE Fer2013 A1 CKAH AN A FF 50
£ BEAIE T FTERITVEI A Rk S S5 AR, P s
LA BN T AR E, R R ) 5 S .
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WF FT AT DURE R VR0 5% 21 BN R 2% 13 5%, Bl i
H, PR O AN 2 2 R TP A DA O ) KT
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