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Fig. 1 Key feature point location

MUENL . HSCHERLO I AT BN R B AU 4G, Hrfr,
AU6 + AU12 + AU25 E PN FWEREE F, A A IR
JEf TR, AU IF B " A &, R
CPUR” BIFRNE (FEWLSCHR[1]) o SFhE UL A
FAE P AU AR 1 PR,
1.4 MLtk

Ak Rl ] R oR I I (1) (X (2) 1)
51T E

maximize f;(x) (1)

subject to f(x) <0; r=1,2,---.m (2)
K, fo A, R eRE, m PR SRE . = (2) XA Y
A FAL PR G MG ARSI,

®1 AMEARBEHNAUAS

Table 1 AU combination of six basic expressions

da PR REF FEM B RE Eb

AUl 1 2
AU2 1
AU4 1
AUS 1
AU6 2
AU7 1
AU9 1
AUI2 2
AU15 1
AU17 1
AU23 1
AU24 1
AU25 2
AU27 1 1

TR R R R 2 R R

15 BN S # b @ ML K g ml LIk
INAFIERER LA RES . Wi, BN S 80
F Jg(1) (3(2) BB, WAl ) o 18 A 5K
S BN 2RO

2 1 1 2
1 1 1 1
2 2 2 2
1 1 1 1
1 1 1 1
2 2 2 1
1 1 2 1
1 1 1 1
1 1 1 2
1 2 2 2
1 2 1 1
1 2 1 1
2 1 2 1
1 1 1

[T NG YO U U U S e S )

2 EF/NEIEET BN 2 R
FIRANEE
2.1 EF HOG HEEB4FIEIREL

UntEl 2 frzR oy HOG A ARSI 2 , AR S0k HI B
HOG §AE Ay GE A T

FT,— K image 5PN x NHe M x MARZE K
INFHIE ) cell,
BB I cell BARK SRR, SITEEE T

BEBREE SN

i =N L E L ONE WS ey o 3 i3l R S
cell FIERRE

HEM UL x LA cell 41§ block, 1144 block
& H T RIS

TBE R IR AR % R XA
block #HIH—fbAb #7551 block FFF .

HEN HA A block [1ERIE 1] 5 #4124
i) HOG 4%1E
BEGABNN| [ Fllicell 542 :
MABFIA (> T rmpneiig (> 0L
cell iy 77 10 H T
v
WAL BT A block ¥ HfblockH fFcell KL< LA cel 4L R
FOEFBLAR || A8 ]| —iblock, HEE
HOGHHE blockF4E & H 7 B2 BE

2 HOG FHfEfRIGS e

Fig.2 HOG feature extraction process
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Facial Expression Recognition with Small Data Sets Based
by Bayesian Network Modeling
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[ Abstract] Aiming at the problems of facial expression recognition with the scarce feature samples, a Bayesian
network ( BN) modeling facial expression recognition method based on small data sets is proposed. Firstly, the geo-
metric feature and HOG feature of facial expression image are extracted, the feature fusion and normalization are
used to form the set of action unit label samples; Secondly, the BN structure is constructed according to the expert
experience, and the qualitative expert experience is transformed into the constraint set of the BN conditional proba-
bility, and the BN model parameter is derived in the light of the convex optimization; Finally, junction tree infer-
ence algorithm was used to recognize facial expressions. The experimental results show that the method can obtain
more accurate facial expression recognition results than support vector machine, Adaboost or convolution neural net-
work method under the condition of small data sets.

[ Key words] facial expression recognition action unit small data sets Bayesian network modeling



