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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, trénsfer 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 ze‘rokmean, which can be regarded as a projected gradient descent method with a
constrained loss function. Expefiments 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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8  CK+Em AL 737~ 1l ]
32 NBFBMLSHIGE BURLSEA 7 35, 3 FI ROV bR B B 2. 7 [

ARICH AT A S8 HORE 243435 & Intel(R) Core i7- & KR8 label-based metrics BEALFE bR E bnUE, LA
10870H 221 GHz 43 2%, 16 GB N f#; GeForce RTX HERIR (Accuracy)~ FETHHR (PrectszXn) A EIZ (Recall)
2060 {1 GPU. B AFH 55 /% Windows 10 64 f7#:1E & A F1 535 (F1_seore) %%EWEEJEE’J% bk, Ho,
45, Python 3.8 NZmfEiE 5, KM PyTorch 1.11 HEZL#E /EE%K%TWEEM#ZIK%I A L R
e SR TR I Ao 2T E R H i 74 3

E S, 5 R BB I R S e SORBUIEH 1951 T REA &5 SRR TERE A L
batch size X E N 16, .Jﬁt#%%)\ﬁ%i FRE 4 Ny F1_score 73 AR %15 1 M Z (K T AP 4 4 00
16 BB S E T e

S 13107, FEBUR YIS, MR 2 AR SR B, i Accuracy =z Ll (14)
IR P P22 4 PSR B (0 DR AL RS AT AR AL, Tt

5%, A CAE Fer2013 Hdfa 4R FA AN GC kA Adamw[”] Precision = % (15)
5w, 75 CK+Htia%e B8 K GC N Adam I 5 p

W AT LASRAS AR s Epochs 8 A 200, Fs7E Y145 Recall = 75-—% (16)
S o 4 B RE AR B HEAT 200 $E 114 __ PrecisionxRecall

3.3 1N IERR F1_score =2 Precision+ Recall an

50} 22 o3 2 il 1, AT PR Al b 73 PR KK example- Horp, TP TN R 1 1 HL SRR b2 IR FP R T
based metrics £l label-based metrics. AN ¥8¥5 H F KAT R IER, SR SRR EE T, FN RTINS 5, SR
TR TR (R U 3 YR B A N T e ATk vh i FH 11 SERR & IEE; TN AT A ) i B Szbr bt ).
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4 Fer2013 Al CK+E4R 48 N H B AL b, 20K
BEMIZAF 2L R T AR, B9 BRI 2B
Fer2013 I CK+HE A2 M R R IE HE R &1 10 Ron i)
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B 10 HALE Fer2013 Al CK+EPE 4 b4 2k h 2k

H 1 BUBLE Fer2013 SURSERIIRAE L A%, FL A%

angry 8 63 20 22 37 6 1 000
disgust | 8 127 0 0 0 1 0
800
@ fear | 78 3 28 66 24
2
= 600
B happy | 26 1 39 12 16
._?%
& neutral | 50 0 49 4 371 84 6 400
sadl 100 8 137 20 88 331 4 200
surprise 16 0 49 16 8 6 303
- % 5 » = = @ 0
5 5 & & £ 8§ £
§ =2 = 5 £
o = a
True labels
(a) Fer20 13434
Confusion matrix
40
anger [RFES 0 0 0 0 0 0
35
contempt 0 9 0 0 0 0 2
30
= disgust | 0 0 30 0 0 ] 0
3 1sgus 3 25
=
B  fear| O 0 0 SN © 0 0 20
%
£ happy | © 0 0 o [EES 0 0 15 .
10
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5
surprise - 0 0 0 0 0 0 41
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= = - > i Q
o a, 7] < @
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True labels
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B9 BiRILE Fer2013 1 CK+HUHE AR ) TR R F

H 9 AT R, (a) FosHIIETE Fer2013 Hda e L
TRVEFERE, BT LA Fer2013 HHE 55 10 70 JS ikl
N T7.65%; TMAE (b) CK+H4f 4 1wl A #8423
surprise ZRFR AR A contempt, H A 1R 1
MRAERA 2352 100%, BT LIS H CR+H0HE 52 1) 40

34 HifeL5ik Special Issue

Type Precision ‘ AQRecaTl F1_score
angry 0.870 0.790 0.828
disgust | § 0934 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
2 A CKHER R BUR B . AR, F1 03
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
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