846 & 26 W D2 M- N 1 M = A < Vol. 46 No. 6
2019 4F 6 H COMPUTER SCIENCE June 2019

BT L ESE TR ARRIB IR RE

EsE E #
(AR IV A% ENBFERARFER X 211816)

W OE OANAAEANRAEERE E RN ERR R A BT B0 P L3RR — AR T RO AR S kg Sk 3
K5 (RF-HPE) M%& 5 ARV Z MBS, §hm NB§AFRE )T — 40, X5 # A RF-HPE # & &
HFELES N TR FFENLE . RE ﬁi)ﬂ%ﬁx#éﬁr@%ﬁﬂl%ﬂf‘%wl*ﬁ;‘iﬁ FAE R BAR T R R 5% B AR
MERG Y, FELERBRLZXEFAFEATRETINSEHE, FHREREAV IR BORERERGF T4 H 4L
HtuR REAFRRED > EHELEIFRS.

KEIR REE I MALAM I, AL AMEH AR
HhEESES TP183, TP391 XHERFRIRED A DOI 10.11896/j. issn. 1002-137X. 2019. 06. 049
Face Expression Recognition Model Based on Enhanced Head Pose Estimation
CUI Jing-chun WANG Jing
(School of Computer Science and Technology,Nanjing Tech University, Nanjing 211816 ,China)
Abstract Aiming at the problem that the existing expression recognition algorithm does not consider the head pose and

cannot use the high-pixel picture,this paper proposed a model based on the random forest algorithm-head pose estima-
tion (RF-HPE) network combining a convolutional neural network. First, the input image is normalized by intensity.
Then the key points of the face marker are determined by using RF-HPE to determine the position of the face marker.
Finally,a convolutional neural network is used to extract features and train model. This model reduces the influence of
light intensity on the recognition result and improves the training accuracy without sacrificing the efficiency of the algo-

rithm. Experimental results show that the improved model has greater advantages than other similar models, and the

classification accuracy is also significantly improved.
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pose estimation
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Table 1 Number of emoticons in each dataset
An Co Di Fe Ha Sa Su
CK+ 45 18 59 25 69 28 83
Oulu-CASIA 80 — 80 80 80 80 80
MMI 1959 — 1517 1313 2785 2169 1746
FERA 1681 — - 1467 1882 2115 —

4.2 BHKE

TEREED Y DI R BE L S B0 m 80 0T T 4% 14 g B 2k i
HOR 2 AR KA ZME?*”EF' i R bR 2 A B 2
BUJR TR A B S B L O 1 R IR AR R B B N R B A R

B uﬁﬁﬂﬁjﬂ/ﬁ? nuﬂm,u 68 M5 AE L 1Y
oL 45 R 4 TR,

=3

R
8 i\i 20
ST P
el = O
= - 8](; CASIA é —S—CK+
*® -2 T FERA -20 —+— Oulu-CASIA
| —— MMI —FERA
—— MMI
3t -40
2 19 68 98 109 2 49 68 9% 109
(a) (b)
P& 4 b a5 e B X A5 BORG Ay B S I [] 52 2% BE A9 5% i)

Fig. 4 Effect of landmark point number on model accuracy and

time complexity
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Table 2 Expression recognition on CK-+ database

CRAT - )
An Co Di Fe Ha Sa Su
100 0 0 0 0 0 0
Co 0 95.15 0 0 0 4.85 0
Di 0 0 100 0 0 0 0
Fe 0 0 0 92 2 0 6
Ha 0 0 0 0 100 0 0
Sa 7.76 0 0 0 0 92.24 0
Su 0 0.98 0 0 0 0 99.02

%3 Oulu-CASIA i 3 b 245 UM 5

Table 3 Expression recognition on Oulu-CASIA database
LA 06D

An Di Fe Ha Sa Su

An 73.6 16. 25 1.25 0.15 8.75 0

Di 21.25 76 2.75 0 0 0

Fe 4 1.25 77.83 3.42 2.5 11

Ha 0 0 5.9 90. 35 4.15 0

Sa 12.25 0 2.5 0 85. 25 0

Su 0 0 7 2 0 91

# 4 MMI i 2 23 245 U 175 B

Table 4 Expression recognition on MMI database

L %)

An Di Fe Ha Sa Su
An  62.31 25.8 0 0 11.89 0
Di 13.62  74.88 0 8.37 0 3.13
Fe 10. 71 0 46.34  10.71 12.29  19.95
Ha 0 0 3.76 96.13 0 0.11
Sa 13.38 3.13 9.27 0 71.1 3.12
Su 2.5 0 18 2.5 0 77

# 5 FERA B0 53 215 U S L

Table 5 Expression recognition on FERA database
LA 6)
An Fe Ha Sa
An 68.41 10.23 0 21. 36
Fe 22.56 45,32 32.12 0
Ha 4.66 10. 89 84.45 0
Sa 22.78 21.33 0 55.89
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Table 6  Algorithmic accuracy comparison
AT 2 %)
Hk CK+ Oulu MMI FERA
HOG 3D 91. 44 70.63 60. 89 —
STM-ExpLet 94.14 74.59 75.12 —
DTAN 91. 44 74.38 62. 45 —
DTGN 92. 35 74.17 59.02 —
3DCNN-DAP  92.40 — 63. 40 56.10
X #[15] — — — 55. 60
A XM A 96. 92 82. 34 76.53 63.52
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