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HR
ICCA
LDA
MPCA
NN
PCA
RSM
SAR
SSS
SVD
HSV
LLE
MRF
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Appendix A
List of Abbreviations

Two-Dimensional Principal Component Analysis
High Order Singular Value Decomposition
Low Resolution

High Resolution

Image Cross-Covariance Analysis

Linear Discriminant Analysis

Multilinear Principal Component Analysis
The nearest neighbor classifier

Principal Component Analysis

Random Subspace Method

Synthetic Aperture Radar

Small Sample Size Problem

Singular Value Decomposition

Hue, Saturation, Value

Locally Linear Embedding

Markov Random Field

multiview face hallucination



Appendix B

Some Experimental Results

Table 1 PSNR results of Fig. 2 with a linear regression model in MPCA method

Case 90 percent | 95 percent | 100 percent
1) the 1°t row 31.49dB | 31.52dB 32.57 dB
2) the 2™ row 3140dB | 31.43dB 31.61 dB
3) the 3™ row 24.61dB | 24.67dB | 26.89dB
4) the 4" row 27.45dB | 27.52dB 27.87 dB
5) the 5" row 35.60dB | 35.61dB 35.71dB
6) the 6" row 26.31dB | 26.39dB 26.77 dB
7) the 7" row 27.24dB | 27.40dB 29.61 dB
8) the 8" row 3434 dB | 34.55dB 34.68 dB
9) the 9** row 36.53dB | 36.67 dB 37.33dB
10) the 10" row | 42.74dB | 42.79 dB 43.56 dB
11) the 11" row | 28.28dB | 28.30dB 28.63 dB
12) the 12" row | 33.69dB | 33.71 dB 33.96 dB
13) the 13" row | 26.56 dB | 26.73 dB 26.85 dB
14) the 14" row | 31.90dB | 31.96 dB 32.25dB
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Table 2 PSNR results of Fig. 3 with a linear regression model in MPCA method

Case 90 percent | 95 percent | 100 percent
1) the 15t row 31.52dB | 31.58dB 32.62 dB
2) the 2" row 3143dB | 31.45dB 31.69 dB
3) the 3" row 24.67dB | 24.73dB 26.96 dB
4) the 4" row 27.49dB | 27.55dB 27.95dB
5) the 5" row 35.61dB | 35.63dB 35.75dB
6) the 6" row 26.36 dB | 26.44 dB 26.90 dB
7) the 7" row 27.25dB | 27.47dB 29.70 dB
8) the 8" row 3439dB | 34.58 dB 34.86 dB
9) the 9" row 36.62dB | 36.70 dB 37.45 dB
10) the 10" row | 42.75dB | 42.83dB 43.58 dB
11) the 11*" row | 28.35dB | 28.39dB 28.77 dB
12) the 12" row | 33.70dB | 33.74dB 34.06 dB
13) the 13" row | 26.59dB | 26.75 dB 26.95 dB
14) the 14" row | 31.99dB | 32.03dB 32.35dB

Table 3 PSNR results of Fig

. 4 with a linear regression model in MPCA method

Case 90 percent | 95 percent | 100 percent
1) the 15 row 30.22dB | 30.35dB 30.87 dB
2) the 2™ row 30.13dB | 30.24dB 30.54 dB
3) the 3" row 23.56dB | 23.61dB | 23.97dB
4) the 4" row 26.24dB | 26.39dB 26.98 dB
5) the 5" row 35.12dB | 35.24dB 35.54dB
6) the 6" row 25.86dB | 25.97dB 26.25 dB
7) the 7" row 26.89dB | 27.06dB | 27.66dB
8) the 8" row 31.03dB | 31.51dB 32.18 dB
9) the 9" row 33.37dB | 33.92dB 34.85dB
10) the 10" row | 41.12dB | 41.56 dB 41.94 dB
11) the 11" row | 27.52dB | 27.78 dB 28.01 dB
12) the 12" row | 31.76 dB | 32.12dB 32.72 dB
13) the 13" row | 26.08dB | 26.23 dB 26.54 dB
14) the 14" row | 30.67dB | 30.86 dB 31.15dB
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Table 4 PSNR results of Fig. 5 with a linear regression model in MPCA method
Case 90 percent | 95 percent | 100 percent
1) the 1% row 31.58dB | 31.61 dB 32.75 dB
2) the 2" row 31.57dB | 31.63dB 31.88 dB
3) the 3" row 2470 dB | 24.78 dB 26.87 dB
4) the 4" row 27.53dB | 27.58 dB 27.92 dB
5) the 5" row 35.64dB | 35.73dB 35.94 dB
6) the 6" row 2643 dB | 26.52dB 26.98 dB
7) the 7" row 27.47dB | 27.71 dB 28.13 dB
8) the 8" row 3448 dB | 34.67 dB 34.96 dB
9) the 9** row 36.68dB | 36.75dB 37.49 dB
10) the 10" row | 42.79dB | 42.87dB | 43.64 dB
11) the 11*" row | 28.37dB | 28.41 dB 28.83 dB
12) the 12" row | 33.75dB | 33.78 dB 34.19dB
13) the 13" row | 26.65dB | 26.88 dB 27.24 dB
14) the 14" row | 31.98dB | 32.11 dB 32.52dB

Table 5 PSNR results of Fig. 6 with a linear regression model in tensorPCA method
Case 90 percent | 95 percent | 100 percent
1) the 1 row 31195122 dB 32.27dB
2) the 2™ row 31.06 dB | 31.09 dB 31.21dB
3) the 3™ row 2431dB | 24.33dB 26.52 dB
4) the 4*" row 27.20dB | 27.32dB 27.47 dB
5) the 5" row 3534dB | 35.41dB 35.62 dB
6) the 6! row 26.02dB | 26.03 dB 26.39 dB
7) the T row 2711dB |:27:32 dB 29.48 dB
8) the 8" row 3426dB | 34.32dB 34.38 dB
9) the 9" row 36.03dB | 36.09dB 36.56 dB
10) the 10" row | 42.63dB | 42.71dB | 43.13dB
11) the 11%* row | 28.14dB | 28.23 dB 28.51dB
12) the 12" row | 33.07dB | 33.29 dB 33.78 dB
13) the 13" row | 26.29dB | 26.45dB 26.68 dB
14) the 14" row | 31.53dB | 31.72dB 32.18 dB




Table 6 PSNR results of Fig. 7 with a linear regression model in tensorPCA method
Case 90 percent | 95 percent | 100 percent
1) the 1% row 31.36dB | 31.44dB 3255 dB
2)the 2" row | 31.14dB | 31.32dB | 31.44dB
3) the 3" row 24.49dB | 24.52dB 26.78 dB
4) the 4™ row 27.36 dB | 27.42dB 27.68 dB
5) the 5" row 35.50dB | 35.61 dB 35.71 dB
6) the 6 row 26.19dB | 26.25dB 26.63 dB
7) the T row 26.89dB | 27.11 dB 28.95 dB
8) the 8" row 34.03dB | 34.31dB 34.56 dB
9) the 9" row 36.43dB | 36.52dB 37.01 dB
10) the 10** row | 42.21dB | 42.42dB 43.19dB
11) the 11" row | 28.09dB | 28.27dB | 28.63dB
12) the 12" row | 33.25dB | 33.47dB 33.87 dB
13) the 13" row | 26.18dB | 26.42dB 26.74 dB
14) the 14" row | 31.27dB | 31.78 dB 32.04 dB

Table 7 PSNR results of Fig. 8 with a linear regression model in tensorPCA method
Case 90 percent | 95 percent | 100 percent
1) the 1% row 30.14dB | 30.25dB 30.56 dB
2) the 2™ row 30.01dB | 30.11dB 30.26 dB
3) the 3" row 2331dB | 23.44dB | 23.62dB
4) the 4" row 26.01dB | 26.22 dB 26.45 dB
5) the 5" row 3451dB | 34.77dB 34.92 dB
6) the 6 row 25.64dB | 25.71 dB 25.97 dB
7) the 7** row 26.21dB | 26.83 dB 27.19 dB
8) the 8" row 30.92dB | 31.20dB 31.85dB
9) the 9" row 33.18dB | 33.54 dB 34.17 dB
10) the 10" row | 40.68 dB | 40.94 dB 41.37dB
11) the 11** row | 27.36 dB | 27.52dB 27.78 dB
12) the 12" row | 31.61dB | 31.99 dB 32.32dB
13) the 13" row | 25.89dB | 25.97 dB 26.02 dB
14) the 14" row | 30.11dB | 30.24 dB 30.79 dB




Table 8 PSNR results of Fig. 9 with a linear regression model in tensorPCA method
Case 90 percent | 95 percent | 100 percent
1) the 1" row 31.47dB | 31.53dB | 32.38dB
2) the 2™ row 31.32dB | 31.49dB 31.74 dB
3) the 3" row 24.56 dB | 24.62 dB 26.31 dB
4) the A" row 27.48dB | 27.52dB 27.88 dB
5) the 5 row 35.47dB | 35.55dB 35.86 dB
6) the 6" row 26.38 dB | 26.49 dB 26.78 dB
7) the ™" row 27.41dB | 27.63 dB 27.99 dB
8) the 8" row 34.16dB | 34.56 dB 34.85 dB
9) the 9" row 36.29dB | 36.44 dB 37.08 dB
10) the 10" row | 42.61 dB | 42.75dB 43.59 dB
1) the 11" row | 28.08dB | 28.26 dB 28.73 dB
12) the 12" row | 33.38dB | 33.57 dB 33.93 dB
13) the 13" row | 26.58 dB | 26.62 dB 27.01 dB
14) the 14" row | 31.69dB | 32.05dB 32.46 dB

Figure 1 Some original high-resolution color face images (30 x 30) for testing.



91

- g - =1 =

=

Figure 2: Some of experimental results (RGB color model) with a linear regression model
in MPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15) with
noise, motion and blur in LR images; (c) face hallucination result with 90 percent MPCA;
(d) different image of face hallucination result with 90 percent MPCA; (e) face hallucination
result with 95 percent MPCA; (f) different image of face hallucination result with 95 percent
MPCA; (g) face hallucination result with 100 percent MPCA; (h) different image of face
hallucination result with 100 percent MPCA;
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Figure 3: Some of experimental results (YCbCr color model) with a linear regression model
in MPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15) with
noise, motion and blur in LR images; (c) face hallucination result with 90 percent MPCA;
(d) different image of face hallucination result with 90 percent MPCA; (e) face hallucination
result with 95 percent MPCA; (f) different image of face hallucination result with 95 percent
MPCA; (g) face hallucination result with 100 percent MPCA; (h) different image of face
hallucination result with 100 percent MPCA;
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Figure 4: Some of experimental results (HSV color model) with a linear regression model
in MPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15) with
noise, motion and blur in LR images; (c) face hallucination result with 90 percent MPCA;
(d) different image of face hallucination result with 90 percent MPCA; (e) face hallucination
result with 95 percent MPCA; (f) different image of tace hallucination result with 95 percent
MPCA: (g) face hallucination result with 100 percent MPCA; (h) different image of face
hallucination result with 100 percent MPCA;
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Figure 5: Some of experimental results (CIELAB color model) with a linear regression
model in MPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15)
with noise, motion and blur in LR images; (c) face hallucination result with 90 percent
MPCA; (d) different image of face hallucination result with 90 percent MPCA; (e) face
hallucination result with 95 percent MPCA; (f) different image of face hallucination result
with 95 percent MPCA; (g) face hallucination result with 100 percent MPCA; (h) different
image of face hallucination result with 100 percent MPCA;
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Figure 6: Some of experimental results (RGB color model) with a linear regression model
in tensorPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15)
with noise, motion and blur in LR images; (c) face hallucination result with 90 percent
tensorPCA; (d) different image of face hallucination result with 90 percent tensorPCA; (e)
face hallucination result with 95 percent tensorPCA; (f) different image of face hallucination
result with 95 percent tensorPCA; (g) face hallucination result with 100 percent tensorPCA;
(h) different image of face hallucination result with 100 percent tensorPCA;
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Figure 7: Some of experimental results (YCbCr color model) with a linear regression model
in tensorPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15)
with noise, motion and blur in LR images; (c) face hallucination result with 90 percent
tensorPCA; (d) different image of face hallucination result with 90 percent tensorPCA; (e)
face hallucination result with 95 percent tensorPCA; (f) different image of face hallucination
result with 95 percent tensorPCA; (g) face hallucination result with 100 percent tensorPCA;

(h) different image of face hallucination result with 100 percent tensorPCA;
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Figure 8: Some of experimental results (HSV color model) with a linear regression model
in tensorPCA method. (a) original HR images (30 x 30); (b) input LR images (15 x 15)
with noise, motion and blur in LR images; (c) face hallucination result with 90 percent
tensorPCA; (d) different image of tface hallucination result with 90 percent tensorPCA; (e)
face hallucination result with 95 percent tensorPCA; (f) different image of face hallucination
result with 95 percent tensorPCA; (g) face hallucination result with 100 percent tensorPCA;

(h) different image of face hallucination result with 100 percent tensorPCA;
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Figure 9: Some of experimental results (CIELAB color model) with a linear regression
model in tensorPCA method. (a) original HR images (30 x30); (b) input LR images (15x 15)
with noise, motion and blur in LR images: (c) face hallucination result with 90 percent
tensorPCA; (d) different image of face hallucination result with 90 percent tensorPCA; (e)
face hallucination result with 95 percent tensorPCA; (f) different image of face hallucination
result with 95 percent tensorPCA; (g) face hallucination result with 100 percent tensorPCA;

(h) different image of face hallucination result with 100 percent tensorPCA;
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