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Facial Expression Recognition Based on Deep Residual Network

Lu Guanming, Zhu Hairui, Hao Qiang, Yan Jingjie

(College of Telecommunications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing,

210003, China)

Abstract: The training of deep convolutional neural networks becomes more and more difficult and its
performance is degraded with the increase of the number of convolution layers to solve the problem. A facial
expression recognition method is presented based on deep residual network. The method uses building
blocks for residual learning to improve the training and optimization process of the deep convolutional neural
network model and reduce the time cost of the model convergence. In addition, to improve the
generalization ability of the network model, a hybrid dataset for training network model is made up of the
expression image samples which are selected from the KDEF and CK + expression datasets. The
comparative experiment was conducted with 10-fold cross validation method on the hybrid dataset. In term
of expression recognition accuracy, we compared the residual networks with residual learning and the
conventional convolution neural networks without residual learning and demonstrated the effect of network
depth on the recognition accuracy. The average recognition accuracy of 90.79% is achieved as a 74-layer
deep residual network is adopted. The experimental results show that the deep convolutional neural network
constructed with building blocks for residual learning can solve the contradiction between the network depth
and the model convergence, and can improve the accuracy of expression recognition.
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4 ZWHERSHM

R 305 B A TF R I 2 ST HE AR Calfe 152 MM . 55 50 B8 PFF & 24 Intel(R) Core(TM) i5-6500
CPU, £#% 3.2 GHz, W47l 8 GB, #:4F & 48 Ubuntul6.04 LTS KA , 34 2 Linux P9 4%, [F] i 45 B
NVIDIA GTX 1080T1 GPU #E47 il 4b 3
4.1 RBEHEE

AR F KDEF ( The Karolinska Directed Emotional Faces)?2/f1 CK+ ( The extended Cohn-Kanade
Dataset)™ P> R 15 K 5 . KDEF =15 £t 4
604 T 202 % 30 2 AF IS LM 70 (il A0 (35 F1 KDEF RGBSR SXRBEBRHNE
A7 L PR35 7 AR ) (1 7 K B R, A 4 900 Tab.1 The number of images for each expression clas-
W b AT e I S AR A i R AL AT 4 898 iR L 452K sification on the KDEF dataset
FWEEG R BRI R LR, MEAEaF LA T BEE RE ER we B
i (Full left profile) . 7= il i (Half left profile) . Neutral Angry Disgusted Afraid Happy Sad Surprised
1E 1A ( Straight) 245 M i (Half right profile) 47 il 70 700 700 700 699 699
If7 (Full right profile) .

CK+ R HUE LA T 1236752 50 19 593 ST 81, o A 327 SR 91 19 4 5 — Wb i
T RN RS, BRERN R EE MR 2R .

M1 T CK+F1 KDEF 17 808 4 h i 32 05 2 A 58 & — B0, 52 30 vh FATT N CK A2 19 Bl 4 b 5 3¢
TR B bR % R i 1 18 Wi F 5 R, N KDEF il CK -+ 2 1% #8842 h ik B T 7 23R 45 38 5170 il F 155 &
B, B R R BN R 3 PR
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F2 CK+RBHEEHSERBEGHEE ®3 ZXRPEANEBERBEEGHNHEE
Tab.2 The number of images for each expression clas- Tab.3 The number of used images for each expres-

sification on the CK+ dataset sion classification in experiment

B RE Fmo om0 BF ey

. o R B RSB EM R B BiF
Angry Disgust Fear Happy Sadness Surprise Contempt
45 59 25 69 28 83 18 700 740 750 720 760 720 780

S8 T SR I A R BT R 128 18R 3R X 128 R K/ W IE 8 iz, IF R AR SR (B A7 0 — (LB A
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K8 S TR 7 26 A KR B R 1)

Fig. 8 Samples of seven classifications of facial expression images used in the experiment
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Fig. 9 Comparison among different neural networks
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in term of expression recognition accuracy
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