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ABSTRACT

Principal Component Analysis (PCA) is one of appearance-base method that is a well-
known classical linear method in face recognition. In the previous work, the pre-processing
method can be help to increase recognition rate, but that methods support for some face
databases. Our propose method is preprocess data before processed by PCA that support many
face databases. This method is combination between low-pass wavelet transform and split image.
After that, we computed the probability of each cell of image and wavelet from training set. This
probability used for weight to make a decision in the similarity step. The experimental results

show the accuracy rate of this method is higher than previous work.
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MEI0INAIUATZUIUAT Wavelet Transform 81817 1



11
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ﬁmTE‘ge“fa“es 10 15 b= | 95 : iy JEU 40 | 45 50 | S5 60
PCA 6749 | 69.95 | 70.73 | 71.10 | 71.36 | 71.47 | 7161 | 71.72 | 71.87 | 72.04 | 72.08
WPCALI 6448 | 6838 | 69.98 | 70.75 | 71.24 | 7156 | 71.76 | 71.87 | 71.96 | 72.02 | 72.05
WPCA2 63.99 | 68.03 | 69.65 | 70.49 | 70,02 | 7134 [ 71.52 | 7162 | 7169 | 7172 | 71.76
WPCA3 64.78 | 6851 | 70.18 | 71.11 | 71.62 | 71.84 | 72.00 | 72.09 | 72.16 | 72.18 | 72.20
WPCA4 64.13 | 67.84 | 6931 | 69.84 | 70.11 | 70.27 | 70.33 [ 7032 | 7032 | 70.32 | 70.32
MPCA4 6637 | 67.18 | 67.40 | 67.31 | 67.34 | 67.38 | 67.41 | 67.36 | 67.43 | 67.46 | 67.51
MPCA9 69.23 | 69.04 | 68.90 | 68.74 | 68.66 | 68.59 | 68.59 | 68.56 | 68.52 | 68.60 | 68.61
MPCA 16 70.96 | 70.52 | 70.18 | 70.07 | 69.98 | 69.84 | 69.86 | 69.75 | 69.71 | 69.73 | 69.74
W-WIM4PCA 68.04 | 70.02 | 7098 | 7132 | 71.55 | 71.69 [ 71.79 | 71.87 | 71.89 | 71.95 | 71.98
w-WIM9PCA 7228 [7271 ) 7301 | 7312 [ 7322 | 1336, 1337 7337 | 73.44 | 73.48 | 73.51
w-WIMI6PCA | 73.78 | 7427 | 7429 | 7439 | 7439 | 74.44 | 7442 | 74.40 | 74.45 [ 7451 | 74.51
W-W2M4PCA 6177 | 69.85 | 7077 | 71.13 | 7145 | 71.60 | 71.69 | 71.70 | 71.78 | 71.81 | 71.85
Ww-W2MOPCA 7204 72631 7299 [ 7301 [ 7322 [ 7333 [ 7331 | 73.33 | 7335 | 73.40 | 73.42
W-W2MI6PCA | 73.70 | 74.20 | 74.23 | 74.4 | 74.42 | 74.46 | 74.40 | 74.42 | 74.41 | 74.44 | 74.44
w-W3M4PCA 68.21 | 70.14 | 71.09 | 71.48 | 71.82 | 71.91 | 71.99 | 72.01 | 72.08 | 72.11 | 72.13
W-W3M9PCA 72291 72.75 | 73.30-| 73.43-| 7357 | 73.63 | 73.64 |.73.63 | 73.68 | 73.73 | 73.76
w-W3MI6PCA | 73.88 | 7433 | 7439 | 74.59 | 74.59 | 74.63 | 74.52 | 7458 | 74.63 | 74.66 | 74.65
W-W4M4PCA 6836.] 7020 | 70.93 | 71.08 | 71.29.] 7133 (7134 aB0 | 7135 [ 7135 | 71.37
W-W4MIPCA 72389 288 |-73.10 | 73293} 7337 F93.41 | 138147336 | 7339 | 73.43 | 73.46
w-WAMIGPCA | 73.07 | 74.44 | 7436 | 7446 | 7452 | 74.46 | 74.42 | 74.43 | 74.47 | 74.48 | 74.49
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Eigenfaces i
SEann & 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
PCA 75.58 | 78.17 | 78.96 | 79.33 | 79.58 | 79.64 | 79.69 | 79.79 | 79.80 | 79.90 | 79.94 | 79.98 | 80.09 | 80.15 | 80.20
WPCA1 72.66 | 76.60 | 78.11 | 78.86 | 79.23 | 79.50 | 79.75 | 79.93 | 80.04 | 80.09 | 80.12 | 80.15 | 80.17 | 80.20 | 80.20
WPCA2 72.06 | 76.30 | 77.95 | 78.69 | 79.08 | 79.32 | 79.53 | 79.69 | 79.82 | 79.87 | 79.96 | 79.97 | 80.00 | 80.02 | 80.00
WPCA3 72,97 | 76.78 | 78.62 | 79.43 | 79.80 | 80.09 | 80.24 | 80.34 | 80.44 | 80.47 | 80.49 | 80.52 | 80.52 | 80.55 | 80.54
WPCA4 7291 | 76.46 | 78.06 | 78.58 | 78.86 | 79.07 | 79.19 | 79.20 | 79.20 | 79.20 | 79.20 | 79.20 | 79.20 | 79.20 | 79.20
MPCA4 75.04 | 76.18 | 7631 | 76.17 | 76.10 | 76.15 | 76.20 | 76.14 | 76.17 | 76.16 | 76.21 | 76.25 | 76.28 | 76.27 | 76.27
MPCA9 78.08 | 77.77 | 77.64 | 77.68 | 77.59 | 77.57 | 771.53 | 7749 | 7747 | 7748 | 77.47 | 7744 | 77.45 | 77.48 | 77.46
MPCA16 79.68 | 79.37 | 79.22 | 79.08 | 78.94 | 78.83 | 78.78 | 78.77 | 78.74 | 78.73 | 78.73 | 78.72 | 78.72 | 78.71 | 78.72
w-WIM4PCA 76.28 | 78.48 | 79.18 | 79.35 | 79.48 | 79.59 | 79.77 | 79.86 | 79.91 | 79.94 | 79.96 | 79.95 | 79.98 | 79.98 | 80.01
w-WIM9PCA 80.47 | 80.82 | 81.02 | 81.07 | 81.18 | 81.21 | 81.24 | 81.32 | 81.34 | 81.38 | 81.34 | 81.39 | 81.37 | 81.39 | 81.38
w-WIMI6PCA 81.74 | 82.10 | 82.35 | 82.32 | 82.33 | 82.30 | 82.30 | 82.36 | 82.39 | 82.41 | 82.38 | 82.41 | 82.40 | 82.42 | 82.41
w-W2M4PCA 76.03 | 78.25 | 79.08 | 79.32 | 79.41 | 79.56 | 79.68 | 79.76 | 79.79 | 79.82 | 79.88 | 79.87 | 79.89 | 79.91 | 79.92
w-W2M9IPCA 8029 | 80.75 | 80.98 | 81.00 | 81.07 | 81.14 | 81.15 | 81.20 | 81.21 | 81.25 | 81.24 | 81.28 | 81.29 | 81.30 | 81.28
w-W2MI16PCA 81.75 | 82.07 | 82.33 | 82.32 | 82.29 | 82.27 | 82.29 | 82.35 | 82.35 | 82.35 | 82.36 | 8237 | 82.41 | 82.39 | 82.38
w-W3M4PCA 76.52 | 78.48 | 7933 | 79.72 | 79.90 | 80.04 | 80.16 | 80.19 | 80.23 | 80.28 | 80.30 | 80.30 | 80.30 | 80.32 | 80.33
w-W3MOPCA 80.52 | 80.86 | 81.16 | 81.30 | 81.48 | 81.48 | 81.50 | 81.50 | 81.50 | 81.52 | 81.52 | 81.57 | 81.56 | 81.59 | 81.57
w-W3MI6PCA 8184 | 82.21 | 82.52 | 82.55 | 82.57 | 82.53 | 82.55 | 82.62 | 82.65 | 82.64 | 82.60 | 82.64 | 82.65 | 82.65 | 82.65
w-W4M4PCA 76.88 | 78.60 | 7933 | 79.51 | 79.59 | 79.67 | 79.77 | 79.76 | 79.75 | 79.78 | 79.80 | 79.80 | 79.81 | 79.80 | 79.82
w-W4MIPCA 80.63 | 80.99 | 81.10 | 81.16 | 8135 | 81.40 | 81.40 | 8142 | 81.46 | 81.44 | 81.43 | 81.45 | 81.44 | 81.43 | 81.43
w-W4M16PCA 82.07 | 82.33 | 82.63 | 82.54 | 82.60 | 82.58 | 82.6]1 | 82.65 | 82.64 | 82.61 | 82.60 | 82.63 | 82.63 | 82.63 | 82.62
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%ﬁmﬁE‘g‘““fms 10 15 | 20 f 25 | 30 | 35 | 40 | 45 {50 | 55 | 60 | 6 | 70 | 75 80 | 85 | 90 | 95 | 100
PCA 80.88 | 83.95 | 84.63 | 85.00 | 85.22 | 8524 | 8522 | 85.30 | 85.37 | 85.42 | 85.39 | 85.45 | 85.49 | 85.50 | 85.53 | 85.56 | 85.60 | 85.66 | 79.28
WPCAL 78.12 | 8229 | 83.69 [ 84.28 | 84.72 | 84.89 | 85.13 | 85.10 | 85.30 | 85.38 | 8542 | 85.46 | 8551 | 85.54 | 85.59 | 85.62 | 85.64 | 85.64 | 85.65
WPCA2 77.80 | 81.95 | 83.52 | 8417 [ 8457 | 84.88 | 85.12 | 85.19 | 85.29 | 85.37 | 8543 | 85.47 | 85.52 | 85.54 | 85.56 | 85.58 | 85.59 | 85.60 | 85.59
WPCA3 78.59 | 82.44 | 84.09 | 84.96 | 85.33 | 85.59 | 85.72 | 85.76 | 85.88 | 85.94 | 85.98 | 86.03 | 86.04 | 86.05 | 86.06 | 86.07 | 86.00 | 86.08 | 86.09
WPCA4 78.60 | 82.05 | 83.62 | 84.10 | 84.45 | 84.60 | 84.77 | 84.81 | 84.81 | 84.81 | 8481 | 84.81 | 84.81 | 84.81 | 84.81 | 84.81 | 84.81 | 84.81 | 84.81
MPCA4 80.54 | 81.84 | 8189 | 81.85 | 81.83 | 81.81 | 81.84 | 81.76 | 81.79 | 81.80 | 81.83 | 8186 | 81.89 | 81.91 | 81.89 | 81.90 | 81.91 | 81.92 | 81.93
MPCA9 83.34 | 83.56 | 8322 | 83.10 | 83.03 | 82.93 | 83.00 | 82.97 | 82.93 | 82.90 | 82.87 | 82.88 | 82.83 | 82.83 | 82.82 | 82.84 | 82.87 | 82.87 | 82.86
MPCAL6 84.82 | 84.67 | 84.40 | 8442 [ 8429 [ 84.24 | 84.16 | 84.13 | 84.13 | 84.07 | 84.06 | 84.06 | 84.04 | 84.03 | 84.01 | 84.04 | 84.06 | 84.04 | 84.06
w-WIM4PCA 81.76 | 83.95 [ 8476 | 8492 | 85.13 | 85.21 | 85.36 | 85.39 | 85.45 | 85.47 | 8547 | 8547 | 85.50 | 85.53 | 85.58 | 85.61 | 85.64 | 85.64 | 85.65
w-WIMOPCA 85.26 | 86.10 | 86.35 [ 86.47 | 86.41 | 86.43 | 86.49 | 86.52 | 86.51 | 86.55 | 86.56 | 86.55 | 86.57 | 86.55 | 86.55 | 86.58 | 86.58 | 86.59 | 86.57
w-WIMI6PCA | 86.45 | 86.96 | 87.18 | 87.14 | 87.13 | 87.14 | 87.15 | 87.14 | 87.15 | 87.15 | 87.16 | 87.18 | 87.17 | 87.19 | 87.17 | 87.20 | 87.19 | 87.18 | 87.19
w-W2M4PCA 81.62 | 8367 | 84.64 | 8487 | 85.03 | 85.19 | 85.33 | 8537 | 85.42 | 8547 | 8549 | 85.48 | 85.52 | 85.54 | 85.58 | 85.58 | 85.59 | 85.61 | 85.61
W-W2MIPCA 85.25 | 85.99 | 86.31 | 86.40 | 86.38 | 86.43 | 86.49 | 86.53 | 86.52 | 86.55 | 86.57 | 86.57 | 86.56 | 86.54 | 86.55 | 86.57 | 86.57 | 86.57 | 86.55
w-W2MI6PCA | 86.47 | 86.89 | 87.15 | 87.12 | 87.13 | 87.16 | 87.19 | 87.18 | 87.20 | 87.18 | 87.18 | 87.19 | 87.21 | 87.21 | 87.18 | 87.22 | 87.21 | 87.19 | 87.20
W-W3M4PCA 81.98 | 84.00 | 84.92 | 8535 | 85.56 | 85.66 | 85.75 | 85.78 | 85.83 | 85.87 | 85.88 | 85.86 | 85.89 | 85.91 | 85.94 | 85.95 | 85.96 | 85.96 | 85.96
W-W3M9PCA 8534 | 86.14 | 86.50 | 86.68 | 86.67 | 86.74 | 86.79 | 86.83 | 86.84 | 86.84 | 86.87 | 86.84 | 86.84 | 86.82 | 86.83 | 86.84 | 86.86 | 86.84 | 86.83
w-W3MI6PCA | 86.59 | 86.99 | 87.25 | 87.33 | 87.37 | 87,40 | 87.36 | 87.37 | 87.38 | 87.37 | 8739 | 8738 | 87.39 | 87.39 | 87.37 | 87.39 | 87.37 | 87.37 | 87.39
W-W4M4PCA 82.51 | 84.15 | 84.86 | 84.94 | 85.16 | 85.24 | 85.33 | 85.36 | 85.38 | 8536 | 85.37 | 8535 | 8539 | 8540 | 85.44 | 85.42 | 85.42 | 85.45 | 85.46
W-W4MYPCA 85.71 | 86.19 | 86.45 | 8647 | 86.54 | 86.64 | 86.68 | 86.72 | 86.69 | 86.60 | 86.66 | 86.65 | 86.63 | 86.62 | 86.63 | 86.64 | 86.66 | 86.66 | 86.65
w-WAMI6PCA | 86.76 | 87.07 | 87.22 [ 87.24 | 87.29 | 87.35 | 87.33 | 87.34 | 87.34 | 87.31 | 8732 | 87.30 | 87.30 | 87.30 | 87.28 | 87.30 | 87.30 | 87.27 | 87.28
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St Sigentaces | 19 15 | 20 ] 25 | 30 | 35 | 40 |45 | 50 | 55| 60 | 65 | 70 | 75 | 80 | 85 90 | 95 | 100
PCA 78.94 | 81.10 | 8243 | 83.54 | 8398 | 84.42 | 84.74 | 84.99 | 84.99 | 85.06 | 85.08 | 85.20 | 85.28 | 85.26 | 85.25 | 8529 8535 | 85.40 | 85.52
WPCAL 77.45 | 80.03 | 81.71 | 82.93 | 83.52 | 84.08 | 84.43 | 84.62 | 84.75 | 84.87 | 84.98 | 85.03 | 85.06 | 85.09 | 85.13 | 8523 85.28 | 85.37 | 85.44
WPCA2 76.27 | 79.72 | 81.82 | 83.37 | 84.05 | 84.66 | 84.96 | 85.21 | 8539 | 85.61 | 85.75 | 85.83 | 85.92 | 85.90 | 85.99 | 86.04 86.12 | 86.18 | 86.20
WPCA3 76.57 | 8025 | 82.68 | 84.29 [ 8517 [ 8564 | 85.95 | 86.16 | 86.29 | 86.41 | 86.54 | 86.58 | 86.67 | 86.70 | 86.75 | 86.80 86.76 | 86.80 | 86.84
WPCA4 7537 | 79.38 | 81.45 | 82.40 | 83.01 | 83.36 | 83.61 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63 | 83.63
MPCA4 77.96 | 80.43 | 80.94 | 81.19 | 81.19 | 81.08 | 81.04 | 80.90 | 80.68 | 80.45 | 80.34 | 80.27 | 80.21 | 80.20 | 80.10 | 80.17 | 80.15 | 80.19 | 80.25
MPCA9 82.27 | 82.83 | 83.08 | 82.90 | 82.77 | 82.47 [ 82.25 | 82.14 | 82.01 | 81.97 | 81.90 | 81.86 | 81.73 | 81.71 | 81.62 | 81.68 | 81.69 | 81.73 | 81.72
MPCA16 8530 | 85.03 | 84.99 | 84.90 | 84.49 | 8427 | 8398 | 83.82 | 83.80 | 83.68 | 83.55 | 83.39 | 83.40 | 83.40 | 83.37 | 83.30 | 83.28 | 83.36 | 83.32
w-WIM4PCA 80.98 | 82.92 | 83.86 | 84.48 | 84.86 | 85.17 | 85.43 | 85.42 | 85.55 | 85.61 | 85.72 | 85.70 | 85.72 | 85.67 | 85.70 | 85.82 | 85.85 | 85.96 | 86.08
wW-WIM9PCA 84.75 | 85.50 | 86.16 | 86.38 | 86.38 | 86.58 | 86.70 | 86.72 | 86.83 | 86.85 | 86.96 | 86.93 | 86.90 | 86.91 | 86.91 | 86.98 | 86.97 | 86.97 | 87.07
w-WIMI6PCA | 87.67 | 87.77 | 87.83 | 88.03 | 88.00 | 88.11 | 88.16 | 88.20 | 88.11 | 83.04 | 88.02 | 87.99 | 83.00 | 88.05 | 88.08 | 88.08 | 83.08 | 88.15 | 88.21
W-W2M4PCA 80.90 | 83.15 | 84.43 | 85.19 | 8562 | 85.95 | 86.06 | 86.09 | 86.15 | 86.30 | 86.40 | 86.38 | 86.48 | 86.45 | 86.56 | 86.53 | 86.63 | 86.70 | 86.75
w-W2MIPCA 84.88 | 85.66 | 86.46 | 86.77 | 87.00 | 87.17 | 87.20 | 87.23 | 87.23 | 87.28 | 87.36 | 87.34 | 8737 | 87.37 | 87.35 | 87.36 | 87.34 | 8737 | 87.42
w-W2MI6PCA | 87.72 | 87.70 | 87.98 | 88.29 | 88.37 | 88.45 | 88.43 | 88.40 | 88.37 | 8828 | 8830 | 88.27 | 83.33 | 88.31 | 88.39 | 8833 | 88.35 | 88.43 | 88.48
w-W3M4PCA 81.56 | 83.73 | 85.12 | 86.10 | 86.62 | 86.91 | 87.14 | 87.16 | 87.21 | 8733 | 87.38 | 87.31 | 87.40 | 87.41 | 87.44 | 87.46 | 87.45 | 87.51 | 87.57
Ww-W3MIPCA 85.22 | 86.13 | 87.12 | 87.39 | 87.60 | 87.67 | 87.85 | 87.87 | 87.89 | 87.96 | 88.05 | 88.02 | 87.99 | 88.00 | 88,02 | 88.07 | 88.04 | 88.03 | 88.09
w-W3MI6PCA | 88.07 | 8825 | 88.47 | 88.82 | 89.01 | 89.01 | 89.01 | 89.05 | 89.03 | 8890 | 88.90 | 88.88 | 88.91 | 88.08 | 89.02 | 89.00 | 88.99 | 89.05 | 89.07
W-W4M4PCA 82.23 | 84.36 | 85.60 | 86.13 | 86.50 | 86.49 | 86.61 | 86.55 | 86.54 | 86.55 | 86.50 | 86.45 | 86.49 | 86.48 | 86.45 | 86.46 | 86.48 | 86.53 | 86.58
W-W4MIPCA 8542 | 86.63 | 87.32 | 87.33 | 87.32 | 87.38 | 87.41 | 87.43 | 87.40 [ 87.40 | 8743 | 87.42 | 87.40 | 87.41 | 87.40 | 87.44 | 87.43 | 87.38 | 87.41
w-WAMI6PCA | 87.98 | 88.38 | 88.59 | 88.73 | 88.76 | 88.72 | 88.75 | 88.68 | 88.60 | 88.48 | 8845 | 88.40 | 88.42 | 88.42 | 88.44 | 88.40 | 88.43 | 88.44 | 88.45
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- Lt 15 | 20 | 25 30 | @&—lQas | ~a5 50 | 55 60 | 65 70 | 75 80 | 85 90 | 95 | 100
PCA 87.04 | 88.62 | 89.48 | 90.23 | 90.62 | 90.95 [ 91.17 [ 91.25 [ 9127 | 91.26 | 91.24 | 91.21 [ 9123 | 91.19 | 91.15 | 91.14 | 91.16 | 91.14 | 9121
WPCAL 85.97 | 87.82 | 89.00 | 89.83 | 9041 | 90.73 | 90.86 | 91.02 [ 91.12 [ 91.17 [ 91.18 | 91.20 | 9133 | 91.33 | 91.31 | 91.30 | 91.33 | 91.35 | 91.44
WPCA2 85.05 | 87.30 | 88.95 | 90.22 | 90.76 | 91.08 | 91.31 [ 91.39 | 91.43 | 91.53 | 91.60 | 91.63 | 91.70 | 91.76 | 91.85 | 91.92 | 91.94 | 91.98 | 92.02
WPCA3 85.03 | 87.85 | 89.52 | 90.63 | 91.20 | 9150 [ 91.72 | 91.85 | 91.89 [ 92.00 | 92.00 [ 92.12 [ 92.15 | 92.18 | 92.21 | 92.25 | 92.27 | 92.27 | 92.29
WPCA4 83.98 | 87.20 | 88.51 | 89.30 | 89.64 | 89.85 | 89.94 [ 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97 | 89.97
MPCA4 85.89 | 87.67 | 88.04 | 88.37 | 88.43 | 88.39 | 88.30 | 88.18 | 88.07 | 87.91 | 87.86 | 87.78 | 87.69 | 87.68 | 87.60 | 87.61 | 87.58 | 87.59 | 87.60
MPCA9 89.03 | 89.55 | 89.67 | 89.73 | 89.46 | 89.31 [ 89.17 [ 88.97 | 88.82 | 88.86 | 88.75 | 88.69 | 88.62 | 88.60 | 88.64 | 88.60 | 88.64 | 88.68 | 88.65
MPCAI16 91.16 [ 91.18 | 91.11 | 91.03 | 90.83 | 90.74 | 90.63 | 90.52 | 90.54 | 90.40 | 90.35 | 90.33 | 90.20 | 90.13 | 90.10 | 90.05 | 90.00 | 89.99 | 89.96
w-WIM4PCA 88.57 | 89.90 | 90.57 | 90.95 | 91.23 | 91.43 | 9156 | 91.63 | 91.73 | 91.69 | 91.76 | 91.75 | 91.80 | 91.81 | 91.78 | 91.74 | 91.75 | 91.75 | 91.82
w-WIM9PCA 90.87 | 9143 | 91.94 | 92.17 | 92.20 | 92.35 | 9223 | 92.24 | 9225 | 9221 | 92.18 | 92.18 | 92.25 | 92.24 | 9225 | 9220 | 92.21 | 92.21 | 92.26
w-WIMI6PCA | 92.93 | 93.20 | 9320 | 9326 | 9336 | 93.40 | 93.34 [ 9338 [ 93.34 | 93.31 | 9333 | 93.25 | 9324 | 93.24 | 93.24 | 93.20 | 93.21 | 93.22 | 93.22
w-W2M4PCA 88.49 | 90.05 | 90.70 | 91.40 | 91.66 | 91.94 [ 92.12 [ 92.13 [ 92.11 | 92.13 | 92.19 | 92.18 | 92.19 | 92.26 | 92.30 | 92.32 | 92.34 | 92.37 | 92.43
W-W2M9PCA 90.96 | 91.58 | 92.05 | 92.44 [ 9248 | 9256 | 9258 [ 92.55 | 92.53 | 92.55 [ 9250 | 92.48 | 92.52 | 92.50 | 92.62 | 92.59 | 92.58 | 92.60 | 92.63
w-W2MI6PCA | 92.88 | 93.15 | 9333 | 93.42 | 93.58 | 93.63 | 93.65 | 93.63 | 93.57 | 93.56 | 93.60 | 93.56 | 93.48 | 93.50 | 93.55 | 93.54 | 93.53 | 93.56 | 93.58
W-W3M4PCA 88.75 | 90.38 | 91.33 | 91.88 | 92.15 | 92.32 | 9250 [ 92.57 | 92.58 | 92.63 | 92.69 | 92.69 | 92.68 | 92.70 | 92.68 | 92.73 | 92.74 | 92.73 | 92.78
w-W3M9PCA 91.21 | 91.98 | 92.62 | 92.80 | 92.84 | 92.83 | 92.85 | 92.85 | 92.85 [ 92.84 | 9281 [ 9279 | 92.79 | 92.76 | 92.81 | 92.80 | 92.81 | 92.80 | 92.85
w-W3MI6PCA | 92.95 | 93.37 | 93.63 | 93.75 | 93.80 | 93.88 | 93.90 | 93.87 | 93.85 | 93.85 | 93.88 | 93.83 | 93.73 | 93.74 | 93.77 | 93.76 | 93.81 | 93.83 | 93.81
w-W4M4PCA 89.08 | 90.65 | 91.40 | 91.93 | 92,03 | 92.12 | 9225 [ 92.25 | 9225 | 92.22 [ 9223 [ 92.19 [ 92.18 | 92.20 | 92.17 | 92.16 | 92.15 | 92.15 | 92.18
w-W4MOPCA 91.32 | 92.17 | 92.74 | 92.78 | 92.71 | 92.62 | 92.57 | 92.53 | 9245 | 9243 | 9235 | 9232 | 9231 | 92.27 | 92.32 | 92.29 | 92.29 | 92.28 | 92.28
w-W4MI6PCA | 93.04 | 93.51 | 93.75 | 93.82 | 93.77 [ 93.79 [ 93.70 | 93.66 | 93.64 | 93.58 | 92.60 | 93.55 | 93.43 | 93.42 | 93.46 | 93.44 | 93.42 | 93.45 | 93.45
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Eigenfaces

SErns 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
PCA 90.35 | 91.51 1 9220 | 92.96 | 93.32 | 93.50 | 93.71 | 93.76 | 93.84 | 93.81 | 93.82 | 93.74 | 93.73 | 93.70 | 93.68 | 93.66 | 93.58 | 93.53 | 89.45
WPCAL 8931 | 90.85 | 92.16 | 92.75 | 93.18 | 93.39 | 93.64 | 93.57 | 93.64 | 93.68 [ 93.66 | 93.72 | 93.72 | 93.76 | 93.81 | 93.83 93.84 | 93.87 | 93.85
WPCA2 88.40 ] 90.29 | 92.00 | 9320 | 93.76 | 93.93 | 94.07 | 94.09 | 94.13 | 94.16 | 94.20 | 94.27 | 94.32 | 94.35 | 94.37 | 94.37 | 94.43 | 94.44 | 94.45
WPCA3 88.47 | 90.95 | 92.64 | 93.81 | 94.22 | 94.40 | 94.50 | 94.61 | 94.63 | 94.69 | 94.74 | 94.77 | 94.80 | 94.81 | 94.82 | 94.87 | 94.85 | 94.89 | 94.87
WPCA4 87.29 [ 90.61 | 91.52 | 92.22 | 92.59 | 92.87 | 93.01 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99 | 92.99
MPCA4 89.16 | 90.55 | 90.67 | 91.02 | 91.05 | 91.10 | 91.03 | 90.85 | 90.76 | 90.75 | 90.77 | 90.65 | 90.63 | 90.55 | 90.49 | 90.45 | 90.39 | 90.26 | 90.30
MPCA9 91.60 | 91.97 | 92.26 | 92.00 | 91.70 | 91.66 | 91.60 | 91.55 | 91.51 | 91.38 | 91.31 | 9122 | 91.15 | 91.19 | 91.17 | 91.14 | 91.11 | 91.04 | 91.11
MPCAI16 93.44 | 93.43 | 9337 | 93.30 | 93.06 | 93.13 | 92.98 | 92.83 | 92.72 | 92.66 | 92.60 | 92.52 | 92.46 | 92.47 | 92.40 | 92.32 | 92.31 | 92.32 | 92.33
w-WIM4PCA 91.84 | 92.82 | 93.31 | 93.69 | 93.81 | 93.92 | 94.10 | 94.11 | 94.10 | 94.08 | 94.04 | 94.06 | 94.06 | 94.05 | 94.08 | 94.06 | 94.07 | 94.07 | 94.14
w-WIMSPCA 93.23 | 93.67 | 9430 | 9440 | 9433 | 9441 | 94.57 | 94.51 | 94,51 | 94.45 | 9437 | 9435 | 94.35 | 94.39 | 94.35 | 94.36 | 94.41 | 94.41 | 94.43
w-WIMI6PCA 95.06 | 95.12 | 95.28 | 95.29 | 95.39 | 9546 | 95.43 | 9533 | 9533 | 95.31 | 9520 [ 9522 | 9522 | 95.20 95,22 | 95.22 | 95.16 | 95.16 | 95.15
w-W2M4PCA 91.81 | 92.81 | 93.48 | 94.20 | 94.41 | 94.53 | 94.61 | 94.55 | 94.52 | 94.49 | 9450 | 94.48 | 94.52 | 94.53 | 94.51 | 94.48 | 94.49 | 94.50 | 94.55
w-W2M9PCA 93.20 | 93.69 | 94.34 | 94.65 | 94.69 | 94.81 | 94.89 | 94.78 | 94.73 | 94.67 | 94.67 | 94.66 | 94.71 | 94.71 | 94.70 | 94.70 | 94.70 | 94.70 | 94.75
w-W2MI6PCA 94.93 | 95.10 | 95.27 | 95.50 | 95.65 | 95.68 | 95.63 | 95.53 | 9552 | 9549 | 95.45 | 95.49 | 95.53 | 95.47 | 95.47 | 95.47 | 95.40 | 95.40 | 95.43
w-W3M4PCA 91.97 | 93.19 | 94.03 | 94.77 | 94.89 | 95.01 | 95.08 | 95.10 | 95.16 | 95.11 | 95.13 | 95.05 | 95.10 | 95.09 | 95.09 | 95.10 | 95.05 | 95.10 | 95.00
w-W3M9PCA 93.44 | 94.08 | 94.93 | 95.14 | 95.06 | 95.10 | 95.16 | 95.11 | 95.15 | 95.09 | 95.08 | 95.05 | 95.08 | 95.09 | 95.08 | 95.08 | 95.13 | 95.14 | 95.12
w-W3MI6PCA 94.98 | 95.27 | 9548 | 95.69 | 95.72 | 95.83 | 95.80 | 95.77 | 95.77 | 95.78 | 95.74 | 95.75 | 95.81 | 95.75 | 95.76 | 95.79 | 95.74 | 95.77 | 95.78
w-W4M4PCA 9225 | 9350 | 94.02 | 94.52 | 94.56 | 94.65 | 94.76 | 94.72 | 94.74 | 94.70 | 94.68 | 94.60 | 94.63 | 94.61 | 94.57 | 94.54 | 9450 | 94.50 | 94.50
w-W4aMOPCA 93.48 | 94.42 | 94.74 | 94.82 | 94.68 | 94.63 | 94.71 | 94.57 | 94.56 | 94.53 | 94.49 | 94.41 | 94.45 | 94.45 | 94.46 | 94.47 | 94.48 | 94.45 | 94.48
w-WAMI16PCA 95.20 | 9537 | 95.41 | 9547 | 9547 | 9558 | 9552 | 95.44 | 9543 | 9543 [ 9537 [ 95.41 | 9542 | 9541 | 95.41 | 95.40 9533 | 95.32 | 95.34
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- Eigenfaces | g 145 | 200 25 | 30| 35 | 40 | 45

PCA 7427 | 7734 | 78.56 | 78.93 | 78.98 | 79.13 | 7935 | 79.48
WPCAL 74.21 | 77.63 | 78.87 | 79.22 | 79.24 | 79.30 | 79.35 | 79.36
WPCA2 7438 | 77.84 | 78.96 | 79.42 | 79.37 | 79.39 | 79.51 | 79.48
WPCA3 74.99 | 7815 | 79.20 | 79.55 | 79.62 | 79.76 | 79.98 | 80.00
WPCA4 76.08 | 7855 | 79.16 | 79.43 | 79.40 | 79.55 | 79.62 | 79.63
MPCA4 74.84 | 76.56 | 77.64 | 78.28 | 78.78 | 79.09 | 79.10 | 79.24
MPCA9 79.98 | 81.06 | 81.66 | 8191 | 82.09 | 82.15 | 82.19 | 82.23
MPCAL6 81.55 | 8237 | 82.32 | 82.55 | 82.61 | 82.68 | 82.73 | 82.73
w-WIMAPCA 76.88 | 79.28 | 80.07 | 80.28 | 80.43 | 80.62 | 80.68 | 80.71
w-WIMOIPCA 80.43 | 81.79 | 82.38 | 82.50 | 82.68 | 82,78 | 82.77 | 82.76
w-WIMI6PCA 81.70 | 82.86 | 83.06 | 83.20 | 83.23 | 83.37 | 83.52 | 83.46
w-W2M4PCA 77.00 | 79.35 | 80.08 | 80.36 | 80.48 | 80.66 | 80.73 | 80.69
w-W2MOPCA 80.43 | 81.90 | 8243 | 8263 | 82.74 | 82.82 | 82.79 | 82.78
w-W2MI6PCA 81.76 | 82.88 | 83.06 | 83.21 | 83.28 | 83.40 | 83.60 | 83.55
w-W3M4PCA 77.39 | 79.59 | 80.30 | 80.48 | 80.63 | 80.71 | 80.93 | 80.97
w-W3IMIPCA 80.68 | 82.02 | 82.54 | 82.75 | 82.89 | 82.93 | 83.01 | 83.03
w-W3MI6PCA 81.83 | 82.88 | 83.13 | 8329 | 83.39 | 83.53 | 83.75 | 83.71
w-W4M4PCA 78.22 | 79.97 | 80.42 | 80.58 | 80.68 | 80.83 | 80.83 | 80.88
w-WAMOPCA 80.94 | 82.22 | 82.58 | 82.70 | 82.79 | 82.87 | 82.86 | 82.86
w-WaMI16PCA 81.99 | 83.14 | 83.18 | 8331 | 83.39 | 83.48 | 83.67 | 83.64
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Eigenfaces .
= 10 | 15| 20 | 25 |30 | 35 | 40 | 45 | s0 | s5 | 60
PCA 7632 | 79.63 | 8030 | 80.38 | 80.51 | 80.62 | 80.70 | 80.86 | 80.96 | 81.03 | 8113
WPCAI 7626 | 79.72 | 8043 | 80.71 | 80.82 | 8099 | 81.05 | 81.15 | 81.07 | 81.07 | 81.05
WPCA2 7651 | 79.81 | 80.60 | 80.88 | 80.95 | §1.09 | 81.02 | 81.07 | 81.05 | 81.09 | 81.05
WPCA3 76.99 | 80.02 | 80.74 | 80.95 | 81.12 | 8132 | 81.38 | 81.45 | 81.50 | 81.56 | 81.58
WPCA4 78.40 | 80.54 | 81.04 | 81.14 | 8120 | 8122 | 81.26 | 8129 | 81.30 | 8137 | 8137
MPCA4 7722 | 7924 | 8025 | 80.70 | 8116 | 8142 | 8148 | 8166 | 81.76 | 81.86 | 81.94
MPCA9 82.62 | 84.13 | 84.62 | 84.76 | 85.10 | 85.10 | 85.15 | 8520 | 85.25 | 85.44 | 83.40
MPCA16 84.21 | 84.56 | 84.85 | 8501 | 8507 | 85.08 | 85.19 | 8525 | 85.27 | 85.25 | 83.23
w-WIM4PCA | 79.15 | 81.42 | 81.71 | 81.95 | 82,09 | 8231 | 8235 | 8245 | 82.44 | 82.54 | 82.50
w-WIMIPCA | 8294 | 8434 | 84.76 | 84.90 | 8492 | 8501 | 85.10 | 85.12 | 85.20 | 85.24 | 85.24
w-WIMIGPCA | 84.23 | 8526 | 8542 | 8549 | 8551 | 85.58 | 85.50 | 85.58 | 85.63 | 85.57 | 85.58
w-W2M4PCA | 79.34 | 81.48 | 81.81 | 82.06 | 82.16 | 82.36 | 82.28 | 82.38 | 82.42 | 82.53 | 82.49
w-WIMIPCA | 82.98 | 84.35 | 84383 | 8501 | 8504 | 8511 | 8513 | 85.19 | 85.21 | 85.26 | 85.25
w-W2MI6PCA | 84.26 | 85.27 | 85.41 | 85.50 | 85.62 | 85.66 | 8550 | 85.62 | 85.69 | 85.68 | 85.69
w-W3M4PCA | 79.73 | 81.58 | 81,91 | 82.10 | 82.26 | 82.43 | 82.45 | 82.58 | 82.61 | 82.73 | 8271
w-W3M9PCA | 8322 | 84.52 | 85.00 | 85.18 | 85.18 | 8531 | 85.34 | 85.36 | 85.49 | 85.55 | 85.59
w-W3MIGPCA | 84.39 | 85.28 | 85.55 | 85.65 | 85.72 | 85.81 | 85.70 | 85.84 | 85.96 | 85.90 | 85.91
w-WAMAPCA | 80.76 | 81.86 | 82.24 | 8232 | 82.38 | 82.45 | 82.47 | 82.58 | 82.53 | 82.60 | 82.56
w-WAMOPCA | 83.72 | 84.75 | 8511 | 8522 | 8531 | 85.36 | 85.39 | 85.43 | 85.45 | 85.51 | 85.55
w-WAMI6PCA | 84.69 | 85.49 | 85.77 | 8570 | 8570 | 85.66 | 85.57 | 85.70 | 85.75 | 85.73 | 85.76
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S5 Bigenfaces | o | s |20 | 25| 300 35/] 40 |-asf-50 [\s5 | 60 | 65 | 70 | 75
PCA 7752 [ 80.78 | 81.27 | 8142 | 8149 | 81.78 | 81.81 | 81.80 | 81.98 | 82.02 | 82.11 | 82.12 | 82.14 | 77.98
WPCAL 7733 | 80.99 | 81.41 | 81,59 | 81.78 | 81.90 | 82.02 | 82,02 | 82.01 | 82.03 | 82.00 | 82.02 | 82.01 | 81.94
WPCA2 77.60 | 81.03 | 81.53 | 81.81 | 8201 | 82.14 | 82.13 | 82.13 | 82.10 | 82.13 | 82.14 | 82.13 | 82.13 | 82.13
WPCA3 78.14 | 81.14 | 8182 | 81.93 | 8209 | 82.24 | 82.48 | 82.49 | 82.61 | 82.67 | 82,69 | 82.67 | 82.68 | 82.69
WPCA4 79.28 | 81.46 | 8198 | 82.12 | 82.14 | 82.19 | 8221 | 8231 | 82.30 | 8240 | 8243 | 82.42 | 82.43 | 82.43
MPCA4 78.83 | 80.76 | 82.00 | 82.60 | 83.07 | 83.53 | 83.63 | 83.72 | 83.84 | 8392 | 83.99 | 84.09 | 84.08 | 84.11
MPCA9 8358 | 85.11 | 85.89 | 86.23 | 86.24 | 86.46 | 86.54 | 86.57 | 86.53 | 86.49 | 86.41 | 86.46 | 86.53 | 86.53
MPCAI6 85.29 | 85.98 | 86.06 | 86.07 | 86.19 | 86.47 | 86.49 | 86.59 | 86.69 | 86.73 | 86.76 | 86.79 | 86.82 | 86.86
W-WIM4PCA [ 81,08 | 82.64 | 83.16 | 83.52 | 83.51 | 83.77 | 83.86 | 83.72 | 83.71 | 83.88 | 8392 | 84.08 | 84.10 | 84.11
w-WIMOPCA | 83.54 | 8549 | 8597 | 86.37 | 86.44 | 86.41 | 8637 | 86.33 | 86.40 | 86.43 | 8649 | 86.44 | 86.50 | 86.57
w-WIMIGPCA | 8549 | 8657 | 86.78 | 87.03 | 86.98 | 87.28 | 87.12 | 87.21 | 87.20 | 87.31 | 8738 | 87.42 | 87.43 | 8737
W-W2M4PCA | 81.21 | 82559 | 83.26 | 83.61 | 83.67 | 83.88 | 83.89 | 83.77 | 83.74 | 83.89 | 8393 | 84.06 | 84.06 | 84.08
w-W2MOIPCA | 83.60 | 8553 | 86.01 | 86.41 | 86.63 | 86.53 | 8649 | 86.48 | 86.48 | 86.50 | 86.56 | 86.49 | 86.54 | 86.60
w-W2MIGPCA | 85.54 | 86.56 | 86,76 | 87.07 | 87.01 | 87.29 | 87.10 | 87.24 | 87.26 | 87.34 | 87.43 | 87.51 | 87.49 | 87.46
w-W3M4PCA | 80.93 | 82.69 | 83.30 | 83.62 | 83.63 | 83.79 | 83.86 | 83.81 | 83.84 | 8397 | 8389 | 8397 | 83.99 | 84.06
w-W3MOPCA | 83.77 | 85.68 | 86.07 | 86.42 | 8661 | 8662 | 86.67 | 86.74 | 86.72 | 86.78 | 86.89 | 86.84 | 86.87 | 86.91
w-W3MIGPCA | 85.57 | 86.60 | 86.99 | 87.19 | 87.14 | 87.39 | 87.24 | 87.38 | 87.42 | 8749 | 87.59 | 87.63 | 87.66 | 87.60
W-WAM4PCA | 8176 | 82.88 | 83.40 | 83.72 | 83.70 | 83.81 | 83,83 | 83.79 | 83.84 | 83.96 | 83.96 | 83.96 | 83.97 | 83.98
w-WAMOPCA | 8426 | 8584 | 86.29 | 86.58 | 86.76 | 86.63 | 86.68 | 86.73 | 86.64 | 86.68 | 86.76 | 86.71 | 86.74 | 86.79
w-WAMIGPCA | 85.76 | 86.60 | 86.92 | 87.16 | 87.00 | 87.19 | 87.09 | 87.21 | 8727 | 87.32 | 8739 | 87.44 | 8749 | 87.44
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PCA in Wavelet Domain for Face Recognition

Wayo Puyati, Somsak Walairacht, and Aranya Walairacht
Department of Computer Engineering, Faculty of Engineering,
King Mongkut’s Institute of Technology Ladkrabang,
Ladkrabang, Bangkok, Thailand
wayo42@hotmail.com, {kwsomsak, kwaranya}@kmitl.ac.th

Abstract — 1In this paper, the preprocessing process aimed to
reduce size of input image by using wavelet transform before
transformed image is sent to the process of PCA for recognition.
We used ORL Face Databases from AT&T Laboratories
Cambridge in the experiments. The results show that the 4™ Order
Symlets level 2 and level 3 improve the accuracy rate of
recognition when compare among Haar wavelets, the 4™ Order
Daubechies wavelets, and Biorthogonal wavelets (orthogonal 6.8).
In the case of overall processing time for training, the length of
filter of wavelet is directly effect the time consuming. Since LL
subband of wavelet decomposition becomes the input for PCA, the
memory usage can be greatly reduced.

Keywords — principal component analysis, face recognition,
wavelet transformation, dimensional reduction

: 1. Introduction

Principal Component Analysis (PCA), one of appearance-
base methods, is a well-known classical linear method in the
field of face recognition. This method performs dimensional
reduction to the input dataset while retaining characteristics of
the dataset that contribute most to its variance by eliminating
the later principal components. These characteristics may be the
most important, but this is not necessarily in some cases,
depending on the application. PCA is a way of identifying
pallerns in data, and expressing the data in such a way as to
highlight their similarities and differences. Since patterns in
data are hard to find in the high dimensional data and the
luxury of graphical representation is not available. PCA is a
powerful tool for analysis data [1] by performing
dimensionality reduction in which the original data is projected
to the lower dimension spanned by k leading eigenvectors of
the covariance matrix of data. Usually, when the size of data for
recognition is huge, the computing covariance matrix is time
consuming and high memory is required.

Wavelet teclmology provides mathematical and statistical
routings for analyzing signals of very large data set. The
wavelet transform refers to the representation of a signal in
terms of a fast decaying oscillating waveform. This waveform
is scaled and translated to match the input signal. The signals
are scaled by the scaling function in part of low-pass filter,
which is most of the important of data. For image or 2-
dimensional signal, the data is scaled in horizontal and vertical
direction, which divides the data into quotients called subbands.
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There are several filters for wavelet transform, for example,
Haar, Daubechies, Symlets and etc.

In this paper, we have tested different wavelet filters in order
to investigate the suitable wavelet transform, which is the
preprocessing process of the input data, for the recognition
process done by PCA. The recognition rates, processing time,
and the processing memory usages are compared among
different wavelet filters used.

The rest of this paper is organized as follows: next section
describes wavelet transformation and the filters. Section 3
describes the Principal Component Analysis algorithm. Section
4 presents our proposed investigating work. The experiments
and their results are demonstrated in Section 5. Finally, Section
6 is the conclusions and future remarks.

2. Wavelet Transformation
Wavelet transform is one of the transformation methods that
used (o transform signal into the low resolution data by the
filters. A function (m) can expressed as a linear

decomposition by
() = Zh(k)x(n —-k),
k

where & 1s an index for the sum, A(%k) is the expansion
coefficients (filters), and x(n) is a set of function of n, called the
expansion set. This operation is called convolution. The
individual coefficients A(i) are the impulse responses of the
system. For Contimious Wavelet Transform (CWT), it can be

defined as follow;
[ (o x—1
CWT(a,v)=—0=| [f(x)y (——de,
fa j—m a

where the function v is a basic wavelet, the parameters, a

and 7, are scaling parameter and shift parameter, respectively.

Wavelet transforms a signal by calculating and splitting it
into two parts, with a low-pass filter and a high-pass filter. The
low frequency part is split again into two parts of high and low
frequencies.

The wavelet transformation for an mxn (or 2-dimensional
signal) image usually computes by Discrete Wavelet Transform
(DWT), defined as follow:

DWT(j k) =WJ12=inf(x)W (%ﬂfc]dx,
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where j is the power of binary scaling and % is a constant of
the filter.

For DWT of any mxn pixels image, we apply the one
dimensional transform to rows and columns of the image (for
each dimension m and 7). The result of wavelet transform is
created by passing the image through a series of filter bank
stages. The filtered data is downsampling by the factor of 2 in
the horizontal direction and being done in the same as last
operator in the wvertical direction. The image is then
decomposed into 4 subbands, denoted by LL, HL, LH, HH, as
shown in Figure 1. The subband denoted by LL is
approximately at half resolution of the original image. While
the subbands HL and LH contain the changes of image or edges
along vertical and horizontal directions, respectively. The
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subband HH contains the detail in the high frequency of the
image. In Figure 2 shows the composition of 1-Level Haar
wavelet of an image of the resolution 92x112 pixels.

In this paper, wavelet transforms for image decomposition
are Haar, 4™ Order Daubechies, 4™ Symlets and Biorthogonal
6.8 (Cohen-Daubechies-Feauveau Biorthogonal). Table 1
illustrates  the comparison of information among Haar,
Daubechies, Symlets and Biorthogonal. Because Haar wavelet
is the 1* Order of Daubechies, so all properties are similar to
the Daubechies. The Symlets is nearly symmetrical wavelets
proposed by Daubechies as modification from the Daubechies
family. Most of the other properties of Daubechies wavelet and
Symlets are similar. The coefficients for the filter of each
wavelet and more information can be traced back in [4].

Haar Daubechies | Symlets | Biorthogonal el

Order N - N strictly positive integer | N=2.3, ... | Nr.Nd
Nr=reconstruction. Nd=decomposition

Orthogonal yes yes yes No
Biorthogonal ves ves yes Nes
Compact support | yes ves yes Yes
DWT possible | possible possible Possible
CWT possible | possible possible Possible
Support width 1 2N-1 2N-1 2Nr+1 for rec., 2Nd+1 for dec.
Filters length 2 2N 2N max(2Nr,2Nd)+2
Symmetry yes far from near from | Yes

Table 1 shows the comparison of information among Haar, Daubechies, Symlets and Biorthogonal.

» Lo D

+@—>LL

—» Lo D —b-@
» Hi D +@—>LH
imag
Lo D -»@—ﬂ-lL
L Hi D (»

Hi D »@—P H

Downsample column

Downsample row
Hi D

.1 Decomposition High-pass filter

Lo D

Decomposition Low-pass filter

Fionre 1 shows 2-dimensional DWT.
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] [
Figure 2 shows an original image (a), a decomposed image by 1 level Haar
wavelet transform (¢),b is block for denotes to subbands.

3. Principal Component Analysis
PCA represents the image of size mxn pixels by mxn-
dimensional vectors, and uses those vectors for computing the
mean of vector that is the average across each dimension. All
vectors are subtracted by the mean of vector. The covariance
matrix is the product matrix between the subtracted mean
vector and ils transpose, as C is expressed as followed

. CIT*H = A:\H X AHIAH’

where (' is the covariance matrix, 4 is the subtracted mean
data matrix, m and » are the dimension of the vector data for
train.

The eigenvectors and eigenvalues are computed from the
covariance matrix. The eigenvectors with the highest
cigenvalue are selected for & vector. The transformation matrix
is formed from these eigenvectors in the column manner. The
extracted feature, y;, of the input data, x,. can be calculated by

the following equation.
R 1
Vi=w (x, -x),
where w is transformation matrix and x is the data and its
mean value.

: 4. The System
Zhang [3] stated that the low-frequency components only can
be sufficient for recognition and the effect of different facial
expression could be attenuated by removing the high-frequency
components. So, if we want to reduce size of the original data
by applying wavelet transform, the LL subband of wavelet
decomposition is used. The reduced image data is then sent to
the PCA process for finding the principal component and
reducing the dimensional space of the image. Faces can be
classified by measuring the Euclidian distance between mean
values of training data in each class and the testing data. Figure

3 shows the block diagram of the system.

Input i'ns.e Wavelet
image transform

l LL subbands

Low-dimensional
space veclor

Recognized by

Fuclidian distance

PCA

Figure 3 System block diagram.
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5. Experiments and Results

In the experiments, we used ORL face database from AT&T
(Olivetti) Research Laboratories, Cambridge [5]. The database
contains 400 of frontal faces from 40 individuals (10 images
per person). Each image of each person is in different views,
expressions and orientations. All images are 8-bits grayscale
and each is of the resolution 112x92 pixels. Figure 4 shows an
example set of one of the subjects in ORL Face Database. We
use dipum_toolbox_pecode tool in [6] for decomposing the LL
subband. The experiments had been carried out by using
Matlab® toolbox for both the wavelet transformation and PCA.

We compared image data among the LL subbands of the
transformed data in different filters at different levels of
wavelets. The family of wavelets that used in the experiments
were Haar, 4" Order Symlets. 4™ Order Daubechies and
Biorthogonal 6.8. The examples of the LL subbands of wavelet
transformation in different levels, ranging from level 1 to level
4, with different wavelet filters are shown in Figure 5. In Table
2, we show the number of pixels containing in LL subbands for
different levels of differcnt wavelets,

Level 1 2 3 4

Haar 2576 644 168 42
4" Daubechics 2891 924 340 156
4™ Symlets 2891 924 340 156
Biorthogonal 6.8 3456 1400 728 462

Table 2 shows number of pixels of LL subband for difference wavelet

and difference level of wavelet.

Figure 4 shows all picture of the first person in ORL Face Databases.
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(e-1) (e-2)
Figure 5 shows the examples of subbands of wavelet transformation in
different levels and differents filters. Picture (a) is the original image, while
(b-1), (b-2), (b-3) and (b-4) are LL subbands of Haar wavelet transform at
level 1, 2, 3 and 4, respectively. The picture (¢-1), (¢-2), (c-3) and (c-4) are
LL subbands of the 4" Order Daubechies wavelet transform at level 1,2, 3
and 4, respectively. The picture (d-1), (d-2), (d-3) and (d-4) are LL
subbands of the 4" Order Symlets wavelet transform at level 1, 2,3 and 4,
respectively. And, the picture (e-1), (e-2), (e-3) and (e-4) are LL subbands
of Cohen-Daubechies-Feanveau Biorthogonal wavelet transform at level 1,
2, 3 and 4, respectively.

Set No. | Image No.
1 | 1,3,5,/%
2 2,4,6,8,10
3 1,2,3,4,5
4 6.7.8,9,10

Table 3 The set of face data for training and testing.

In the experiments, we had selected 5 images of each
individual for training and used the rest for testing. The sets of
face images were organized as shown in Table 3. The
experiments had been carried out in such a manner that if we
used set 1 for training set then we would use set 2 for testing
and if set 3 was used for training, then set 4 was for testing. We
found that the best accuracy rate can be resulted from the 1-
dimensional space to the 150-dimensional space of the leading
eigenvectors. The results are concluded in Table 4, where the
first column is the preprocessing wavelet transforms and the
PCA for recognition. The row labeled PCA is the original data
without any preprocessing by wavelet and the rest are the
preprocessing processes by cach wavelct transform at level 1, 2,
3 and 4, before recognized by the PCA. The 2™, 3™ 4 and 5"

ISBN 89-55619-129-4

- 453 -

108

column show the average accuracy rate of each training and
testing set and 6™ column shows the overall averages.

From Table 4, we can clearly see that by using 4™ Symlets
wavelet at level 2, the accuracy rate is highest. The 4™ Symlets
wavelet at level 3 is the second one and by using 4t
Daubechies, the accuracy rate is at the third place. The
accuracy rate of the original image without wavelet
transformation is lower than by applying wavelet in most cases,
i.c., Haar wavelet level 3, the 4% Daubechies wavelet level 1, 2
3, the 4t symlets level 1, 2 and 3, and Biorthogonal wavelet
level 1 and 2. The accuracy rate of PCA depends on family of
wavelets and their levels. When the level becomes higher, the
original image is scaled to be oo small, the some features of
the image are destroyed. However, at the suitable level, the
feature is emphasized by the scaling function in wavelet, which
resulted in higher accuracy rate.

In the case of measuring the processing time in the overall
processes of training data, we selected 150 dimensional space
of leading eigenvector. Because 150-dimensional space is often
to give best accuracy rate (but sometime, it is not the optimal),
for training with 1200 images (from duplicate the data set to 3
sct). The results shown in Table 5 are the overall time
processing of (raining data that different in preprocessing
methods when using the training data set at 1200 images and
selected 150 of the leading eigenvectors (ordered by
eigenvalues). The preprocessing process using wavelet
transformations for reducing input image data, exclusive
Biorthogonal wavelets, they are Haar wavelets, 4" order
Daubechies wavelets and the 4™ Order Symlets wavelets use
lesser processing time than the method with only PCA on the
original image. The lowest overall time of training data is Haar
wavelet that is because Haar filter length is the shortest when
comparing with the other wavelets used in our experiments. If
we notice the differences between time used for reading file
including the transformation and the overall time for training
data (without time of reading file and the transformation), when
the level of wavelet becomes higher, time for training data
conversely reduces. The reason is that the dimension of data is
reduced by wavelet transformation,

For memory usage, the covariance matrix calculation
(product between subtract with mean of data and its transpose)
is the indicator. We use the feature vectors of the image that
equal to number of pixels of the image. When this vector is
multiplied with its transpose, memory usage is reduced. It is
about 16 times per level of wavelet, or it is divided by 16 in
each level of wavelet (LL subband of wavelet is about 1/4 of
size of image) as shown in the following:

Cﬂ"n :A'Ii;an

mxn?

¢ =A% A
n.n b | n?
= i m¥=  mx—
4 4 4 4

where (' is a covariance matrix, 4 is the difference of the
original data and its mean, » is the number of elements of each
data and m is the number of data. In the experiments, the
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memory usage as shown in Table 3, the memory usage
compared with the original in the 3 column shows the memory
usage that is greatly reduced.

The experimental results show that the accuracy of data from
LL subbands of wavelet transformations is not much different
comparing with the accuracy of the method without the
preprocessing process. That is because the LL subband
approximates the original image but the range of data in LL
subband is higher while the resolution is lower than original.
The accuracy rate of the 4™ Order Symlets level 2 and level 3
are highest because the Symlets is nearly symmetrical wavelet.
In the case of memory usage and the processing time for the
cases of Symlets, they show also greatly reduction.

6. Conclusion

This paper proposes a preprocessing process to reduced size
of input image by using wavelet transformation before
transformed image is sent to the process of PCA for
recognition. In the experiments, we used ORL Face Databases
from AT&T Laboratories Cambridge and the results show that
the 4" Order Symlets level 2 and level 3 give highest accuracy
rate of recognition comparing among Haar wavelets, the 4™
Order Daubechies wavelets, and Cohen-Daubechies-Feauveau
Biorthogonal wavelets (orthogonal 6.8). In the case of overall
time for training, the length of filter of wavelet transforms
effect the time consuming. All LL subband of Wavelet
decomposition can reduce the memory usage for PCA.

109

In the future work, we plan to carry out further experiments
with the other dataset to supporl our investigation. The tests
with different wavelet filters, for example, orders of
Daubechies wavelet and Symlets are considered.
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Accuracy rate (%)
Method | Training setl Training set2 Training set3 Training sct4 8,

Testing set2 Testing setl Testing setd  Testing set3 <

PCA 92,000 88.500 85,000 89.000 88.625
Haar-1 +PCA 92.000 88.500 84.500 §9.000 88.500
Haar-2 +PCA 92.000 88.000 84.000 89.000 88.250
Haar-3 +PCA 92.500 89.000 85.500 88.500 38.875
Haar-4+PCA 93.000 87.500 83.000 82.000 86.375
Db4-1+PCA 92.500 90.000 83.500 89.500 88.875
Db4-2+PCA 93.000 91.000 86.500 90.000 90.125
Db4-3+PCA 91.500 89.500 87.000 90.000 89.500
Db4-4+PCA 86.500 89.500 84.000 85.000 86.250
Sym4-1+PCA 93.500 89.000 84.500 89.500 89.125
Sym4 2+PCA 92.500 91.500 88.500 90.000 90.625
Symé4-3+PCA 92.000 91.000 89.000 90.000 90.500
Sym4-4+PCA 89.000 87.500 81.500 82.500 85.125
Bior6.8-14PCA|  92.500 92.000 85.000 89.000 89.625
Bior6.8-2+PCA|  91.000 90.500 88.000 89.500 89.750
Bior6.8-3+PCA|  86.000 87.000 84.500 85.500 85.750
Bior6.8-4+PCA|  80.500 83.500 77.000 76.000 79.250

Table 4 shows the aceuracy rate of PCA comparing the original data image and the reduced image data by wavelet transformations
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Time(seconds)
e method Reading file and | Overall lime of
= transformation time|  training data

- PCA 7.948 29.313
i Haar | +PCA 12.495 19.974
B haar 4 Haar 2 +PCA 14.422 15.958
B dbd-1 Haar 3 +PCA 16.167 16.271
b4-2 Haar 4+PCA 17.776 17.992
Odba-3 Db4-1+PCA 15.474 23.131
Bdbd-4 Db4-2+PCA 18.068 20.448
Hsymd-1 Db4-3+PCA 21.245 22.047
Osymd-2 Db4-4+PCA 23.094 23.172
O sym4-3 Symd-1+PCA 14.927 22.594
B symd-4 Sym4-2+PCA 18.427 20.812
Bbiord-1 Sym4-3+PCA 21.672 22.432
Bbiord-2 Symd-4+PCA 23.677 23.766
Whiozd-3 Bio16.8-1+PCA 20.771 29.359
N 4 Ll sad /S Bior6.8-2+PCA 27.672 32.583
Bior6.8-3+PCA 31.969 33.719
Figure 6 graph shows the average of accuracy rate of deferent wavelets Bior6.8-4+PCA 34.620 35.651

Table 5 shows the overall time processing of the training data in different
methods when using 1200 images of the training data and consider at 150
dimensional space

Data Number of Pixels g u(ijgelongmzﬂ
Original 10304 100
Haar level 1 2576 6.250
Haar level 2 644 0.391
Haar level 3 168 0.027
Haar level 4 42 0.002
Db4 level 1 2891 7.872
Db4 level 2 924 0.804
Db4 level 3 340 0.109
Db4 level 4 156 0.023
Sym4 level | 2891 7.872
Sym4 level 2 924 0.804
Sym4 level 3 340 0.109
Symd4 level 4 156 0.023
Bior6.8 level 1 3456 11.250
Bior6.8 level 2 1400 1.846
Bior6.8 level 3 728 0.499
Bior6.8 level 4 462 0201

Table 6 the number of pixels when the reduced size of image by different wavelet transforms at different of levels
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Abstract — Principal Com ponent Analysis (PCA) is a well-known
classical appearance-base method in face recognition. In the
previous works, the preprocessing process significantly improved
the recognition rate. Modular PCA and Wavelet PCA are the
preprocessing processes of PCA, which increase the recognition
rate of the original PCA. Modular PCA is suitable for the high-
varied.face dalabase, while Wavelet PCA for the low-varied face
database. In this paper, we propose the preprocessing method
which combines between Modular PCA and Wavelet PCA with
the weightening probability values. The experiments are
compared among our propose method, Modular PCA, Wavelet
PCA and original PCA with face database from Yale, ORL and
UMIST. The experimental results show that the recognition rate
of our methed is higher compared to the other methods and also
support variety of face database.

Keyword — Principal Component Analysis, unconstrained face
recognition, Modular PCA, Wavelet PCA, Modular
PCA and Wavelet PCA combination

1. Introduction

Principal Component Analysis (PCA), one of appearance-
base methods, 15 a well-known classical linear method in the
field of face recogmition. This method performs dimensional
reduction to the mput dataset while retamning characteristics of
the dataset that contribute most to its variance by eliminating
the later principal components. These characteristics may be the
most important, but this is not necessarily i some cases,
depending on the application. PCA is a way of identifying
patterns in data, and expressing the data in such a way as to
highlight their similarities and differences. Since patterns in
data are hard to find in the high dimensional data and the
luxury of graphical representation is not available. PCA is a
powerful tool for analysis data [1] by performing
dimensionality reduction in which the original data is projected
to the lower dimension spanned by K leading eigenvectors of
the covariance matrix of data.

Modular PCA [2, 3] 1s a modified PCA method. The images
are divined mto N equal size sub images. These sub-images are
processed by PCA, result of this process is the individual
eigenfaces of each sub-images. These eigenfaces of each sub-
images is used for feature extraction of each divined mmages.
This method supports some of face database which is high
variant face database in illumination and facial expression.
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While the low variant face database, the recognition rate of this
method 1s1’t better than origmal PCA.

Wavelet PCA [2] 1s also another modified PCA. Wavelet
PCA i1s the preprocessing method using wavelet transform
before process by PCA. This techmque improves the face
recogmition rates for face images with the low-variation. While
the high-varied face database this method gives the recognition
rate lower than PCA.

This paper proposes the combination of Wavelet PCA and
Modular PCA to mnprove the efficiency of PCA. The extracted
feature of the sub-images and the LL subband of wavelet are
considered by the weightenming probability values. The
weightening probability values are the probability weight of
each sub-image of images and subbands of wavelet.

This paper 1s organized as follows: next section describes
PCA, Modular PCA and Wavelet PCA = Section 3 present
proposed investigating work. The experiments and their results
are demonstrated in Section 4. Finally, Section 5 15 the
conclusions and future remarks.

2. PCA and Modified PCA
2.1 Principal Component Analysis

PCA represents the 1mage of size mxn pixels by mxn-
dimensional vectors, and uses those vectors for computing the
mean of vector that 1s the average across each dimension. All
vectors are subtracted by the mean of vector. The covariance
matnx 1s the product matrix between the subtracted mean
vector and its transpose, covariance matrix C 1s expressed as
follow:

&= 0

where X' is the subtracted mean data matrix which its
column is the trained vectors.

The eigenvectors and eigenvalues are computed from the
covariance matrix. The eigenvectors with the highest
eigenvalue are selected for K vector. These eigenvectors are
called eigenfaces. The transformation matrix 1s formed from
these eigenfaces in the row manner. The extracted feature, y, of
the input data, x;, can be calculated by the following equation.

v, =W(x -X),

Where W is transformation matrix and x is the data and its

mean value.
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2.2 Modular PCA

Modular PCA is a modified PCA method. The images are
divined into N equal size sub-images. These sub-images are
processed by PCA. The result of this process is the individual
eigenface of each sub-image. The following presents Modular

PCA steps.

Let the number of trained images is M, and the number sub-

images is N.

Stepl: divines the images into N equal size of sub-images.
Figure 1 shows a image is divined into 9 equal size sub-
images.

Step2: calculates the mean of individual sub-images as follow:

= s
X, = ;{szmn »

m=|

where ¥, is the mean vector of sub-image n,

x,,, s a vector of sub-image n of image m.

Step3: computes the subtracted mean of each sub-image:
x:nn =X ﬁfn’

where” x/  is subtracted mean of sub-image n of image m.

Step4: compute the covariance matrices of individual sub-
images:

C = /Y;; 7

n -

where’ C, is the covariance matrix of sub-image n.

Step5: calculates the eigenvalue and eigenvector, and choose
the highest k eigenvectors for constructing the
transformation matrix }¥, .

Step6: extract feature of each sub-image:
ymn S Wn (xmn f, fﬁ:) r

where y,,, is the extracted feature of image m of sub-image n,
W, is the transformation matrix of sub-image n.

Figure 1 (a) shows an original image, (b) is the 9 sub-images which are
divined from (a).

2.3 Wavelet PCA

Wavelet transform is one of the transformation methods that
used to transform signal into the low resolution data by the
filters. A function y(n)

decomposition by

y(ny=> hUk)x(n-k).
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where ¥ is an index for the sum, A%} is the expansion
coefficients (filters), and x(%) is a set of function of 1, called the
expansion set. This operation is called convolution. The
individual coefficients (i) are the impulse responses of the
system. For Continuous Wavelet Transform (CW'D, it can be
defined as follow:

CWTI(a,7)= jlzj:f(x}w[x - f}ir ;

a

where the function #/ is a basic wavelet, the parameters, a

and 7, are scaling parameter and shift parameter, respectively.

Wavelet transforms a signal by calculating and splitting it
into two parts, with a low-pass filter and a high-pass filter. The
low frequency part is split again into two parts of high and low
frequencies.

The wavelet transformation for an mxn (or 2-dimensional
signal) image usually computes by Discrete Wavelet Transform
(DWT), defined as follow:

DWT(jk)= lej_: f(x)q/[i;— .l-]dx :

where j is the power of binary scaling and ¥ is a constant of
the filter.

For DWT of any mxn pixels image, we apply the one
dimensional transform to rows and columns of the image (for
each dimension # and #). The result of wavelet transform is
created by passing the image through a series of filter bank
stages. The filtered data is downsampling by the factor of 2 in
the horizontal direction and being done in the same as last
operator in the wvertical direction. The image is then
decomposed into 4 subbands, denoted by LL, HL, LH, HH, as
shown in Figure 2(b). A subband, which is denoted by LL, is
approximately at half resolution of the original image. While
the subbands HL and LH contain the changes of image or edges
along vertical and horizontal directions, respectively. The
subband HH contairis the detail in the high frequency of the
image. In Figure 2(c) shows the composition of 1-Level Haar
wavelet of an image of the resolution 92x112 pixels. The LL
subband is processed by PCA to calculate the principal
component and extract feature.

LL HL

LH HH

(b)

(a) ()
Figure 2 (a) shows an original image, (b) is block for denotes to subbands,
and (c) is a decomposed image by 1 level Haar wavelet transform.
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3. The Proposed Method

Our purpose method 1s the combination of Wavelet PCA and
Modular PCA to improve the efficiency of PCA. Since Wavelet
PCA improves the face recognition rates for low-varied face
images, and Modular PCA improves the recognition rates for
varied: face images in 1llumination and facial expression. Thus,
these two techmiques are combined with the weightening
probability values. However the combination 1s not guarantee
to be the best approach to improve recogmtion rate for all face
database. Therefore, two methods to improve recognition rate is
presented in  this paper. These two methods include
combination between Modular PCA and Wavelet PCA with
weightening probability values, and Modular PCA with
weightening probability values. The combination method with
weightening probability values shows good results for low-
varied face database. While the Modular PCA with weightening
probability give the good results for high-varied face database.
These two methods are selected in the variance decision
process. The system overview of the proposed method is
shown m figure 3, and the details of our proposed method are
described as follow:

3.1 The Training Steps

1. The images are randomly selected for 5 1mages per
individuals. These images are used to train the system.

2 <The vanance of the tramned images is calculated from
traimng set. We used tlus variance to decide the
recognition methods. The selecled images are divided
and processed by wavelet transform which 1s the
selected method.

3. Usmg the data from the previous step, image are
“processed by PCA, results from this step are the
eigenfaces of individual sub-images and eigenfaces of
LL-subband.

4. Eigenfaces of individual sub-images are multiplied by
the individual sub-images to determine the extracted
features of training step.

Calculates the weightening probability values from the
similarity of the trained extracted features.

L

3.2 The Testing Steps

1. The unknown images are processed in the same ways as
described in step 2 of the training steps.

2. Using the eigenfaces of individual sub-images m
traimng step to multiply with individual sub-images to

“compute the extracted feature of each face. The results
of this step are extracted features.

3. The unknown extracted features are similarity measured
among the extracted feature of the traning sets.
Euclidian classifier is used in similarity measurement.

Using the heightening probability values in the training

" step to weight the identify face of each sub-images. The
highest summation value of the weighting is used for
identifying the unknown faces.

|SBN 978-89-55619-136-3
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3.3 Vanation Decision
In the variation decision step, each pixel in the gray scale
images are calculated for the variance as follow:

N
Z (xﬁ' Xy )
o 2 _ =l
: N
where o'j2 15 the variance of pixel j,
N 1s the number of 1mages in the training set,
x; 1s values of pixel j of image 1,
x, isthe average of value of pixel .

One of the easy approaches for variation decision 1s the
average value of the all variance of pixels. If the value is high,
it means that these images in the face database have high
variation. Otherwise, these images in the face database have
low variation.

3.4 Similarity Measurement
In our propose method, we use Euclidean classifier to
measure the similarity. Let d, (v)is the distance between the

testing vector v and the referred vector i, , as follow:

dk(v):(v""/uk)[ (V'/u,z;) ZI "7/'115 ‘:

The class of the nearest distance identifies the class of
vectorv. In the decision step, we use the class of each sub-
image together with the weighteung probability values for
voting. The class of the highest vote 1s the 1dentified class of
the unknown face.

3.5 Weightening Probability Values

The weightening probability values are used in the similarity
measurement step. This value 1s calculated from the number of
correct prediction when comparing images in the training set.
The weightenmng probability values are calculated as follow:
a n(T)
1 N ?
where w, is the weightening probability of sub-image i,

n(T ) 1s the number of correct prediction,

N is the number of face of the trammng set.
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4. Experiment and Results

The face database experimented in this paper includes ORL
face database [10], Yale face database [11] and UMIST face
database [12].

ORL face dalabase contains 400 of frontal faces from 40
individuals (10 images per subject). Each image of each subject
is in “different views and orientations. Figure 4 shows an
example set of one of the subjects in ORL Face Database.

P : ¥ ;

Yale face database contains 165 grayscale images of 15
individuals. There are 11 images per subject, one per different
facial expression or configuration include center-light,
w/glasses, happy, left-light, w/no glasses, normal, nght-light,
sad, sleepy, surprised, and wink. Figure 5 shows an example set
of one of the subjects in Yale Face Database.

UMIST face database consist of 564 images of 20
mdividuals. The images of each subject include a range of
poses from left-side to frontal views. Figure 6 shows an
example set of one of the subjects in UMIST Face Database.

e AL

Figure 6 shows some image ol

the first subject in ORL Face Databas

es.

We compared recognition rates among the purpose method,
the modified PCA and the original PCA method. All database
were calculated the average variance, the results is shown in
Table 1

Table 1 the average variance of each database.

Face database | Average variance
ORL 1556.31
Yale 3702.44

UMIST 173231
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Table 1 shows the average variance from each database. The
first column is the name of Face database and the second
column is the average variance of the corresponding database.
The face 1images of Yale database are processed by the Modular
PCA with weightening probability. It is because the average
variance of Yale database is high. For face images of ORL and
Yale are low average variance, so these two databases were
processed by combination between Modular PCA and Wavelet
PCA with weightening probability values. The recognition rates
of our experiments are shown in the following table.

Table 2 the recognition rates when used ORL face database.

The No. sub-image | PCA LL | MPCA | proposed method
4 91.21 95.64
9 94.07 | 95.10 | 91.76 95.57
16 9292 96.22

Table 3 the recognition rates when used Yale face database.

The No. sub-image | PCA | LL | MPCA | Proposed method
4 85.49 86.97
9 82.72 | 8228 | 88.15 89.17
16 87.95 88.81

Table 4 the recognition rates when used UMIST lace database.

The No. sub-image | PCA | LL | MPCA | proposed method
4 81.47 87.71
9 84.80 | 88.02 | 82.89 87.76
16 84.14 88.07

In Table 2, 3 and 4: the first column is the number of sub-
images, PCA is the original PCA, LL is low-pass filter of
Wavelet transform (called Wavelet PCA), MPCA is Modular
PCA, and the last column is our purpose method.

In Table 2 shows the recognition results with ORL face
database. The recognition rates of the combination of Modular
PCA and Wavelet PCA by weightening probability values give
the highest results. The best result 1s obtained by our proposed
method when the images are divided into 16 sub-images

The result of the recognition rate with Yale face database is
shown in Table 3. The highest recognition rates are Modular
PCA by weightening probability values. The proposed method
givens the best result when the images are divided into 9 sub-

“images.

In Table 4 shows the recognition rate when we conduct the
experiment with UMIST. The best result is the combination of
Modular PCA and Wavelet PCA by weightening probability
values when the images are divided into 16 sub-images.

From the face databases used in owr experiments, Yale face
database is the highest average variance, while ORL and
UMIST have lower average variances. From the experiments, it
can be concluded that the high average variance datasets
suitable with weightening probability values of Modular PCA
by weightening probability values, while the low average
variance datasets are suitable for the combination of Modular
PCA and Wavelet PCA by weightening probability values.
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5. Conclusion

This paper proposes to improve PCA methods for
unconstrained face. The advantage of modified PCA, Modular
PCA and Wavelet PCA, are combined in our method. We use
the decision variance for consider the suitable method for each
dataset. The suitable method for the high variance datasets are
weightening probability values of Modular PCA, and the low
average variance datasets are swutable for the combination of
Modular PCA and Wavelet PCA. We experimented with ORL,
Yale and UMIST face database. The results are shown that our
purpose method 1s better than the original PCA and the
modified PCA and this method 1s used for unconstrained face
recognition.
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