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Feature Extraction Method of 2D-DCT for Facial Expression Recognition
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ABSTRACT

This paper devices a facial expression recognition method robust to overfitting using 2D-DCT and EHMM algorithm. In particular,

this paper achieves enhanced recognition performance by setting up a large window size for 2D-DCT feature extraction and extracting
the observation vectors of EHMM. The experimental results on the CK facial expression database and the JAFFE facial expression
database showed that the facial expression recognition accuracy was improved according as window size is large. Also, the proposed
method revealed the recognition accuracy of 87.79% and showed enhanced recognition performance ranging from 46.01% to 50.05% in

comparison to previous approaches based on histogram feature, when CK database is employed for training and JAFFE database is

used to test the recognition accuracy.
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Fig. 1. Sample facial expression images
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Fig. 2. Feature extraction procedures of histogram-based
facial expression recognition approaches
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Table 1. Recognition results of previous approaches for CK database

Feature Number of regions
descriptor 3x3 5x5 )
LBP 69.94% 74.25% 76.35%
LDP 66.12% 74.02% 74.80%

Table 2. Recognition results of previous approaches for JAFFE database

Feature Number of regions
descriptor 3x3 5x5 =6
LBP 51.96% 60.47% 61.39%
LDP 51.96% 56.72% 60.56%

Table 3. Recognition results by different window size for CK database

Width
Height 8 16 24 32
8 58.66% 66.21% 67.18% 67.08%
16 63.98% 68.69% 69.37% 71.02%
24 65.39% 69.45% 71.71% 73.51%
32 67.82% 69.43% 72.39% 73.36%

Table 4. IV Recognition results by different window size for
JAFFE database

i) 16 2 32
8 4755%
16 5273%
2 52.60%
B> 55.46%

Height

56.79%
56.82%
62.50%
61.49%

57.52%
59.04%
63.33%
59.11%

54.95%
60.50%
66.69%
62.95%
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Table 5. Recognition results of previous approaches

Feature Number of regions
descriptor 3x3 5x5 76
LBP 24.88% 38.96% 41.78%
LDP 36.62% 38.49% 37.74%
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Recognition Accuracy (%)
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Fig. 3. Recognition results of proposed approach
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