BHSRE

Control and Decision

NIRRT B BEHLAR AR R 5B
BB, AR

FIHASC:
P (L5, BRGNS S 20T TR BE REATLAR MR I NI, #5165 PR, 2021, 36(7): 1693-1698.

TEZRIR]IE View online: https://doi.org/10.13195/j kzyjc.2019.1703

BT BRSO HAB S EE

Articles you may be interested in

A NP R B > 7 ISt T
A survey on metric learning in person re—identification

FEH 5P, 2021, 36(7): 1547-1557  https://doi.org/10.13195/j.kzyjc.2020.0801

ST MR IE RN TC 7 > 7 IR feoi AL 512
Recommending best suitable metaheuristic based on landmarking feature and meta—learning approach

bl 53 2021, 36(5): 1223-1231  https:/doi.org/10.13195/j.kzyjc.2019.0993

il BT 20 -5 TR E 2~ Y R PR AR AR SRR
A feature representation of sketch based on fusion of sparse coding and deep learning

Pl 5H K. 2021, 36(3): 699-704  https:/doi.org/10.13195/).kzyjc.2019.0941

BT BRI 28 14 = 55 R B AR iR
Obscured ship target recognition based on convolutional neural network

Pt 5. 2021, 36(3): 661-668  https://doi.org/10.13195/).kzyjc.2019.0781

ST IOhRZE . AT WA Bl i3 s AT AL 7 ik
Equipment health risk assessment based on unlabeled, unbalanced data under uncertain initial condition

Pl 5 PR, 2020, 35(11): 2687-2695  hitps://doi.org/10.13195/;.kzyjc.2018.1493


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1703
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0801
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0993
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0941
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0781
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.1493

8363 5578 = % 5 xR Vol.36 No.7
20214 7H Control and  Decision Jul. 2021

AR LR TRV R E R AR MR B IR 5]

A RBEL Bl R
(L WIAE R 2 0% LR SRR 6, WAL BLT 4371005 2. VLU B ZI i P i AW, B E 330096)

O T ARRIEE AR TP F A, AR R T Bk, 52 H—Fh e T 0 %
PEL R BENLARAR IR BE 15 TR 77 725, fid e NI 15 R e 75 | Ve S5 AR A AN 1) L. 1 2%, RAIHIRE 2
TN 27 2 TR U A P N IS REAE,, 8 e A B SEERRIEG 20 23 A5 PR A s il A Lk, R FH A 31 2% 1 BT AR
WRAF EINVEAT N4 4 B350, f e NP 0 B8 25 4 1) AL 7E A JF 1) CK+. BU-3DEF. LFW A e 3£ 154k
e BTz e Al R B B T VETE 3 R AR B4 A F T 98.83 %. 90 % 60.58 % iK%, 5
Stk 75 AR B A M R R E R . S Ab, 5 A S VR B 2 3] U VE (TR BRI ZR AR 1) AR B, TR Y
T3 R TR NS ZRRE A A Rl BT ROR.

KHEIR): FRAESRHG AR RAE RG] MEAh T PR
FE S TP39I SCHRARAERS: A i
DOI: 10.13195/j.kzyjc.2019.1703 FRFRE (FiRBR 5) #RIRAD (OSID):
SIARE: B R U, B, AR 205 AROUR BE BT AR PR R VU3 (], 421 5 UK, 2021, 36(7): 1693-1698.

21 BEHLARM

Facial expression recognition using deep random forest under gender
constraints

ZHONG Liang-ji*, LIAO Hai-bin*?

(1. School of Computer Science and Technology, Hubei University of Science and Technology, Xianning 437100,
China; 2. Jiangxi Smart City Industrial Technology Research Institute, Nanchang 330096, China)

Abstract: Facial expression recognition is still faced with great challenges due to the intra class variation and interclass
interference. In this paper, a method of deep facial expression recognition based on random forest with gender constraints
is proposed to solve the problems of noise, gender and other variation and interference. Firstly, robust facial features are
extracted by deep multi-instance learning to solve the problems of illumination, occlusion and low resolution. Secondly,
the face expression classifier is designed by using gender conditional random forest classification to solve the problem of
gender interference. Extensive experiments on the public CK+, BU-3DEF and LFW databases show that the recognition
rate of the proposed method is 98.83%, 90% and 60.58% respectively, which has better performance and robustness
compared with the state-of-the-art methods. In addition, compared with other advanced deep learning methods (requiring
a large number of training databases), the proposed method only needs a small number of training samples to achieve
better results.

Keywords: feature extraction; facial expression recognition; gender estimation; deep learning; random forest
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methods features accuracy STD
CNN image 95.17 0.7
ROR image 97.26  0.65

A3 deep transfer feature 98.03 0.5
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features CK+ BU-3DFE LFW
deep multi-instance feature  97.12 82.78 47.24
CONV.13 from VGG 93.28 74.85 37.65
SIFT 78.66 56.02 29.83
HOG 75.83 67.53 30.57
SIFT+HOG 71.35 5391 32.33

distances between 21points 86.25 65.37 44.84
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features CK+ BU-3DFE LFW
deep multi-instance feature  98.83 89.42 55.72
CONV.13 from VGG 94.67 74.24 43.20
SIFT 80.23 72.57 31.62
HOG 80.73 67.58 32.67
SIFT+HOG 83.58 73.93 36.61

distances between 21points 90.87 74.68 50.32
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anger disgust fear happy sadness surprise

anger 1 0 0 0 0 0
disgust  0.030  0.955 0 0 0 0.015
fear 0.0015 0 09985 0 0 0
happy 0 0 0 1 0 0
sadness 0 0.01  0.004 0 0.986 0
surprise 0 0 0 0.010 0 0.990
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anger disgust fear happy sadness surprise

anger 0.915 0 0.04 0 0.045 0

disgust  0.08  0.863 0 0.017  0.04 0
fear 0 0.08 0.861 0.059 0 0
happy 0 0.022 0.021 0.916 0 0.041
sadness  0.055 0.045 0 0 0.90 0

surprise 0 0 0.04 0.05 0 0.91
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anger disgust fear happy sadness surprise

anger  0.487 0.265 0.176 0 0.059  0.013
disgust 0.157 0.444 0.098 0.02 0.142 0.139
fear 0.054 0.136 0.545 0.016 0.195 0.014
happy 0.021 0.17 0.04 0.746 0.032 0.021
sadness 0.155 0.163 0.126 0 0.531 0.025
surprise 0.021 0.151 0.166 0.033 0.036 0.593
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HE!" 87.1 — —
PCRF*! 96.4 76.1 51.42
AU-DNN'®! 92.22 — —
M-SVM*4 93.6 71.1 —
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G_DRF 98.83 89.42 5572
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ResNet-50 480 60 80.6 0.8
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JEDNN!?! 480 60 93.3 1.0
G_DRF 480 60 95.65 0.5
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