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Construction of Facial Expression Dataset in Natural Scene

Ye Jihua, Liu Yan, Li Hanxi, Gan Ying

(College of Computer Information and Engineering, Jiangxi Normal University, Nanchang, 330022, China)

Abstract: Nowadays, there are many facial expression datasets for expression research. But, these
datasets are small amounts of images and little expression information, which limits the expression
research. This paper introduces the construction of the facial expression dataset in the wild (FELW) and
the test case. The FELW dataset includes many facial expression images, and the images of different age,
race and gender are collected from the Internet. Each image includes two labels—the state of facial part
label and the expression label, that labeled by the appropriate method. And the author imported Kappa
consistency check to improve the recognition rate of the FELW dataset. The author used traditional method
and deep learning method to experiment and analysis on this dataset. Compared with other public facial
expression datasets, the FELW dataset has much more amounts of images and more varieties of
expression, and contains two labels to help to the expression research.

Key words: expression dataset; Kappa consistency check; expression recognition; deep learning; in the wild
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Fig.1 FELW partial expression image of data set Fig.2 GUI interface annotation instance
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bR S0, BT LIS RO I S2 IR AN AE FELW 2 50 5088 4 LR F 4bs 2 1 LB AT Curvelet +2DPCA +
BP S5, A T 10405250, 1 T 5 AN [R] 19 52 56 B A8, 43 510 180, 210, 240, 300, 360, 4 F 5l
B Train: Test=1: 15k 2: 1 JEF7 525, LG 25 a3k 2 TR .

®1 JAFFEHEEMERABREN=—HBEEEEL K2 REEHEA N 3 HHIE K # 1T Curvelet+2DP-
WHER CA+BP LI R ZE
Tab.1 Traditional experimental results for JAFFE da- Tab.2 Curvelet+2DPCA+BP experimental accuracy

tasets and three sets of datasets using hard tags for the three data sets in the form of soft tag
Train/ 1 4 S B Ty R MER 3/ Y SEFEA Train/ A [ B A0 A S 0 ME A 3/ 6

LGRS Test Curvelet+2DP-  Gabor+2DP- P8 Test FELW-J{ FELW FELW-1
CA-+BP CA+SVM 180 90/90 41.67 46.88 40.89
FELW-J& 15/15 14.29 14.285 7 180 120/60 43.73 48.23 43.97
FELW-E  20/10 14.29 14.285 7 210 105/105 44.01 50.45 46.11
FELW 15/15 24 38 29 61 210 140/70 44.98 48.11 43.01
240 120/120 40.38 44.92 40.19

FELW 20/10 28.67 26.78
. 240 160/80 41.49 46.44 40.34
FELW-1  15/15 22.12 20.31 300 150/150 40.12 45.89 40.99
FELW-1  20/10 23.33 20.89 300 200/100 4150 4634 41.89
JAFFE ~ 15/15 61.25 95.48 360 180/180  46.91 51.69 46.13
JAFFE 20/10 68.86 59.60 360 240/120 47.24 51.33 45.91
(3) 5543

TE FELW # 51 8048 4 2R ] Part_Label + 805 25 JE X 47 Curvelet+2DPCA+BP ik 88 . 5%
BHARSE G IR 2, LR AR IR 3R

(4) L4 4

T FELW2.0 B EHR B 280 FHR T E , JF A 2R R, AT RE 2 i A R A5 UM . K FELW %L
PR FELW -1 88l 52 Pk ih IE G KR T 5000 3, SC 45 SR AR 4 P .
R3 Part Label+ MR E R AN IAKBEEHRT R4 EMR+Part Label+HIFEH A 3 HHITEEHAT

Curvelet+2DPCA+BP 3258 Curvelet+2DPCA+BP L 56 /f

Tab.3 Curvelet+2DPCA +BP experimental accuracy Tab.4 Curvelet+2DPCA +BP experiment al accura-

for three sets of data sets in the form of cyfor three sets of data sets in the form of pos-
Part_Label+ soft label itive face +Part_Label+ soft label
SCEAEA Train/ A T B die B S g e i %2/ 0 S AEAR Train/ AN TR BN B8 52 30 HE A 5/ 4

iR Test FELW-J& FELW FELW-1 PER 4 Test FELW FELW-1
180 90/90 52.47 57.48 52.56 180 90/90 62.43 60.90
180 120/60 53.77 59.67 53.34 180 120/60 64.67 60.06
210 105/105 60.31 64.34 61.13 210 105/105 69.43 63.05
210 140/70 61.07 64.67 61.56 210 140/70 69.23 64.23
240 120/120 61.37 65.43 62.87 240 120/120 69.59 64.69
240 160/80 62.80 67.66 62.45 240 160/80 72.93 67.27
300 15/150 56.55 63.42 59.67 300 15/150 68.26 63.17
300 200/100 57.91 62.66 58.89 300 200/100 66.49 61.18
360 180/180 63.76 67.90 64.43 360 180/180 72.05 67.11

360 240/120 65.01 69.09 63.12 360 240/120 74.91 69.48
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