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Facial expression recognition based on local gradient
DT-CWT dominant direction pattern
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Abstract: A novel facial expression recognition is proposed in the paper, in which the local gradient dual-tree complex wavelet transform
dominant direction pattern is used. Firstly, four layers DT-CWT are used on normalized expression image. For each layer, we can obtain
the feature images of eight directions, which include 6 high-frequency directions and 2 low-frequency directions. A new DDP (IDDP) is
constructed, and which is used to code for each DT-CWT feature image. Secondly, the IDDP feature images of each layer in different
directions are fused based on rules of gradient direction, and every fused image is divided into several non-overlapping and equal-sized
blocks. The corresponding histogram of the fused feature in each block is calculated respectively, and the final feature of facial
expression image is obtained by cascading all of them. Finally, the nearest neighbor method based on Chi Square statistic weighted by
Fisher is used to classify and identify. A large number of experiments show that the proposed method has a certain advantage on the
recognition rate and recognition time.
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Table 1 The comparison of recognition rate and
recognition time of different DT-CWT layer on
JAFFE and CK database

DT-CWT JAFFE [ CK J#
R HIERE/ms PR/ % IR /ms IR %
1 1750 81.08 2435 88.57
2 1 940 89.19 2775 93.33
3 2 030 94.59 2885 97. 14
4 2 050 96.85 2910 98.41
5 2 055 96.85 2920 98.41
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Table 2 The comparison of recognition rate of different
block size on JAFFE database

DT-CWT 43HF N
[0 2 %2 4 x4 8 x8 16 x 16
1 58.10 72.97 81.08 62.16
2 68.92 81.08 89.19 74.32
3 77.03 87.84 94.59 82.43
4 81.34 89.19 96. 85 -
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Table 3 The comparison of recognition rate of different
block size on CK database

DT-CWT 43HFN
=25 2x2 4 x4 8 x8 16 x 16
1 75.36 84.95 88.57 73.25
2 79.57 88.52 93.33 77.18
3 83.03 90.28 97.14 80.75

4 85.41 92.35 98.41 -
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Table 4 The experiment results based on JAFFE database

g UL IEBIR I St
ook Bmim Mok Bk R
h 10 10 10 10 100
P 1A 11 11 11 11 100
HAR 10 10 9 10 96.67
R 11 10 10 11 93.94
A=k 11 10 11 10 93.94
P 11 11 11 10 96.97
JR 10 10 10 9 96. 67
Js8an 74 72 72 71 96.85
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Table 5 The experiment results based on CK database

S I Eam
TomAs Bk B2k B3 W%

o 15 15 15 15 100

FERUA 15 15 15 15 100

HR 15 15 14 15 97.78
AE45 15 14 15 14 95.5
HUH 15 14 15 15 97.78
T 15 15 15 15 100

TR 15 15 15 14 97.78
Js8an 105 103 104 103 98.41

(a) MR R
(a) Sadness is misrecognized as anger

(b) A= T N R

(b) Angeris misrecognizedas disgust
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Fig. 10 Mistaken images samples
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Table 6 The comparison of recognition rate and

recognition time of different algorithm on JAFFE database

, Bk rEng

Rk P/ % U ]/ ms
Gabor + Radial Encoding®’ 89.67 2310
GLDPE!"] 83.67 3379
2 e S 94.77 28 140
Shape + Texture!® 93.25 3 580
Gabor + LBP 97.1 33 830
DT-CWT + DDP + il & 87.84 1 950
DT-CWT + LBP + fil & 90. 05 2250
DT-CWT + IDDP + il & 90. 54 1 960
DT-CWT + DDP + fili & (W) 93.24 2 040
DT-CWT + LBP + Gl & (W) 95.94 2 380
DT-CWT + IDDP + Gl & (W) 96.85 2 050

*7 CK ELREEZEIRAZE IR 56 E LB
Table 7 The comparison of recognition rate and

recognition time of different algorithm on CK database

rEERE

Sk PR % B ms
Gabor + Radial Encodingj61 91.51 3 280
GLDPE!"] 97.08 3128
SHRAE S 43 (8] 97.21 38 643
Shape + Texture!® 95.94 5 080
Gabor + LBP 97.81 48 000
DT-CWT + DDP + Bl & 90.48 2770
DT-CWT + LBP + fii & 92.86 3190
DT-CWT + IDDP + fili & 94.29 2 780
DT-CWT + DDP + fili &5 (W) 95.24 2 890
DT-CWT + LBP + i & (W) 97.14 3 380
DT-CWT + IDDP + i & (W) 98.41 2910
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