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! Generative Adversarial Networks (GANS)

2 ocal Binary Patterns (LBP)

3 Scale Invariant Feature Transformation (SIFT)
“ Locality Preserving Projections (LPP)

® Neighborhood Preserving Embedding (NPE)

® Large Margin Nearest Neighbor (LMNN)

7 Sparse Discriminative Metric Loss (SDM-Loss)
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Name Classifier Feature F-D F-S M-D | M-S | Mean
M1 Logistic Regression BSIF+LPQ 51.4 53.5 52.8 49.5 51.8
M2 Logistic Regression LPQ+WLD 52.9 54.1 54.3 55.1 54.1
M3 Logistic Regression LBP+LPQ 55.2 67.3 56 50 57.1
M4 Logistic Regression LBP+BSIF 58.9 66.3 56.2 55.1 59.1
M5 Logistic Regression LBP+TPLBP 64.5 74.3 63.1 58.1 65
Mé6 Logistic Regression HOG+BSIF 61.9 78.8 61.4 63.3 66.3
M7 Logistic Regression HOG+LBP 63 78.8 63.3 63.3 67.1
M8 Logistic Regression HOG+LPQ 68.3 76.9 64.5 65.5 68.8
Mo Logistic Regression HOG+TPLBP 71.2 74.3 66.8 63.6 68.9
M10 Logistic Regression HOG-+LBP+LPQ 71.6 78.5 67.3 63.3 70.2
M11 Logistic Regression HOG+LBP+LPQ+WLD 72.4 77.5 65.7 65.5 70.3

KinFaceW-II o:l:olf:»lg &y &,.-)\S‘su_;;, S5 dunlie YU g

Name Classifier Feature F-D F-S M-D | M-S Mean
M2 Logistic Regression LPQ+WLD 50.4 53.6 58.6 54.4 54.2
M1 Logistic Regression BSIF+LPQ 54 59 52.2 57.6 55.7
M3 Logistic Regression LBP+LPQ 57.6 62.2 55.4 57.2 58.1
M4 Logistic Regression LBP+BSIF 63.4 67 62.6 61.8 63.7
M5 Logistic Regression LBP+TPLBP 63.8 67.6 61.4 63.2 64
M8 Logistic Regression HOG+LPQ 65.4 74 65.6 67.4 68.1
M9 Logistic Regression HOG+TPLBP 68.8 74.6 67 65 68.8
Me6 Logistic Regression HOG+BSIF 66.2 77.2 65.2 69.4 69.5
M10 Logistic Regression HOG+LBP+LPQ 67 76.8 67.4 69.2 70.1
M7 Logistic Regression HOG+LBP 69.8 75 69.8 66.6 70.3
M11 Logistic Regression HOG+LBP+LPQ+WLD 68.8 77.2 67.8 69.4 70.8
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Name | Method | Classifier Feature F-D F-S M-D M-S Mean
M12 | NRML _ PML GRCM 60.8 58.6 63.8 58.1 | 60.3
M13 | NRML _ BSIF (HSV RGB) 58.9 63.1 63.8 57.7 | 60.9
M14 | NRML - BL BSIF(HSV RGB) 60.4 64.7 64.9 56.9 | 61.7
M15 | NRML - BSIF(HSV) 57.1 65.7 65 64.3 | 63.1
M16 | NRML - 5REG BSIF 59.9 67.2 66.4 62 63.8
M17 | NRML _ RGB QLRBP 63 67.9 69.1 642 | 66.1
M18 | NRML _ PML RCM1 64.9 68.5 65.9 | 655 | 66.2
M19 | NRML - SREG RCM 63 66.3 68.1 68.6 | 66.5
M20 | NRML - HSV QLRBP 62.2 72.1 67.6 | 668 | 67.2
M21 | NRML _ BL BSIF(HSV) 63.8 71.1 685 | 663 | 67.4
M22 | NRML _ PML RCM2 62.7 68.5 72.1 68 67.8
M23 | NRML - PML GRCM+HSV QLRBP 67.1 72.7 719 | 693 | 703
M24 | NRML - HOG+5REG RCM 69.8 73.3 73.2 68 71.1
M25 | NRML _ HOG-+ BL BSIF(HSV) 70.1 80.1 716 | 668 | 722
M26 | NRML - HOG+5REG BSIF 70.1 80.4 732 | 68.1 73
M27 | NRML - HOG+BSIF(HSV) 71.6 80.1 74 66.7 | 73.1
M28 | NRML - HOG+BSIF(HSV RGB) 68.3 80.8 76.8 | 66.7 | 73.2
M29 | NRML - HOG+LBP 70.9 80.7 74 68.9 | 73.6
KinFaceW-II o.>|.>a\§flg Sl Yeslgin ) @L’.S 0J 9>
Name Method Classifier Feature F-D F-S M-D M-S | Mean
M12 NRML - PML GRCM 628 | 638 | 61.6 | 61.8 | 625
M14 NRML _ BL BSIF(HSV RGB) 63 69.4 | 67.6 | 71.2 | 67.8
M16 NRML _ 5REG BSIF 63.6 | 728 | 69.2 | 69.8 | 68.8
M12 NRML _ BL BSIF(HSV) 64.2 | 73.6 69 70.4 | 69.3
M21 NRML - BSIF (HSV RGB) 63.8 72 70 71.8 | 69.4
M15 NRML - BSIECHSV) 65.6 | 71.6 | 718 72 70.2
M20 NRML _ HSV QLRBP 66.4 75 682 | 762 | 71.4
M17 NRML _ RGB QLRBP 67.4 78 70 72.8 72
M22 NRML - PML RCM2 69.6 | 69.6 | 77.2 | 746 | 727
M19 NRML - 5REG RCM 67.6 | 74.6 78 746 | 737
M18 NRML _ PML RCMI1 68 772 | 758 | 786 | 74.9
M30 NRML _ PML RCM1+BSIF(HSV) 682 | 77.4 | 758 | 788 75
M31 NRML - PML RCM1+HOG 68 78.6 75 78.8 | 75.1
M32 NRML - BL BSIF(HSV RGB)+5REG RCM 71.2 77 78.6 75 75.4
M33 NRML _ RGB QLRBP+5REG RCM 71.6 | 79.6 73 78 75.5
M34 NRML - BSIF(HSV RGB)+5REG RCM 702 | 768 | 79.2 77 75.8
M35 NRML - HSV QLRBP+5REG RCM 712 | 80.8 | 742 | 798 | 765
M36 NRML - PML RCM1+PML RCM2 69.6 | 76.8 | 82.6 | 81.4 | 77.6
M37 NRML - RGB QLRBP+ PML RCMI1+PML RCM2 69.6 | 79.2 | 814 | 816 | 77.9
M24 NRML _ HOG+5REG RCM 72 828 | 79.6 78 78.1
M38 NRML - 5REG RCM+PML RCM1+PML RCM2 69.6 | 79.4 | 83.6 | 81.2 | 78.4
M39 | NRML N HOG+ PML RCM1+PML RCM2 71 | 77.8 | 828 | 82 | 784
M40 NRML - HOG+5REG RCM+BSIFHSV RGB) 71.4 | 82.8 | 80.4 | 798 | 78.6
M41 NRML _ HOG+5REG RCM+BL BSIF(HSV RGB) 732 | 824 | 802 | 786 | 786
M42 NRML _ HOG+ PML RCM1+PML RCM2+PML GRCM 714 | 786 | 842 | 828 | 79.2
M43 | NRML N N HOG+ N
PML RCM1+PML RCM2+PML GRCM+5REG RCM 724 786 | 834 832 | 794
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NAME year Method Classifier Feature F-D E-S M-D M-S Mean
[YA] 2018 PML SVM COov 50.7 50 50.3 48.2 49.8
[¥A] 2017 NRCML - LE 61.1 66.1 73 66.9 66.3
[v#] 2012 MNRML SVM LBP + TPLBP + SIFT + LE 66.5 72.5 72.0 66.2 69.9
M11 2021 - LGR HOG+LBP+LPQ+WLD 72.4 77.5 65.7 65.5 70.3
[ra]* 2016 QMD 7 QMCBP 681 | 72.2 76 67.8 71

Simple
[¥:]* 2016 R - - 65.7 69.9 79.6 70.7 71.4
scoring
[he] 2018 Shallow ELM BSIF 64.2 70.0 77.2 73.0 71.7
%] 2016 SMCNN - - 75 75 72.2 68.7 72.2
[V#] 2019 - SVM LBP 69.2 78.1 72.2 70.8 72.6
M28 2021 NRML - HOG+BSIF(HSV RGB) 68.3 80.8 76.8 66.7 73.1
[¥v]* 2017 QIWLD - QWLD 69.7 73.7 78 72.8 73.6
M29 2021 NRML - HOG+LBP 70.9 80.7 74 68.9 73.6
[¥r] 2015 CNN-Basic - - 70.8 75.7 79.4 73.4 74.8
[¥¥] 2016 SF-GFVF - SIFT 74.6 76.3 80 75.5 76.1
M29* 2021 NRML HOG+LBP 74.6 83.6 78.7 711 77
[\A]* 2015 NRML - HOG 83.6 74.6 71.5 79.9 77.4
CNN-
[¥r] 2015 . - - 71.8 76.1 84.1 78 77.5
Points
M28* 2021 NRML - HOG+BSIF(HSV_RGB) 75 83.3 80.7 71.5 77.6
[¥v] 2020 E-ADvKin - - 77.3 76.6 86.2 78.4 79.6
. Zé S o . u S *
KinFaceW-IIe51505GL (61 crmion sla 29, b (s3lgdon sla iy amolin Vi
NAME year Method Classifier Feature F-D F-S M-D M-S Mean
[¥A] 2018 PML SVM COv 51.4 51.4 50.6 50.8 51

M11 2021 - LGR HOG+LBP+LPQ+WLD 68.8 77.2 67.8 69.4 70.8

N 2015 NRML B HOG 72 80 70 74 74

[va]* 2016 QMD - QMCBP 71.6 77.2 73.4 79 75.3

[¥o]* 2016 ESL - HOG 73 81.2 73 75.6 75.7

Multiview
[¥7] 2016 SSL B HOG, LBP 74 | 818 72.5 75.3 75.9
[r#] 2012 MNRML SVM LBP + TPLBP + SIFT + LE 74.3 76.9 77.6 77.4 76.5

[¥v]* 2017 QIWLD - QWLD 73.6 77.4 76.8 78.4 76.6
[vo] 2018 Shallow ELM BSIF 73.6 78.6 79.6 81.0 78.2
[*A] 2017 NRCML - LE 76.1 79.8 80 79.8 78.7
)] 2016 | SMCNN B N 79 75 85 78 79.3

HOG+
M43 2021 NRML - 72.4 78.6 83.4 83.2 79-4
PML RCM1+PML RCM2:PML GRCM+5REG RCM
Simple

[¥:] 2016 . - - 73.2 78.2 88.2 87.2 80.1

scoring

[¥v]* 2016 SSML - HOG 77 85 78.4 80.4 80.2

[¥A]* 2017 EHRMEFS - LBP+LE+SIFT+TPLBP 84.4 80.6 84.4 77.6 80.2

[¥a]* 2017 BNRML - LTP 79 84 80 79.2 80.5
[¥#] 2020 CNN SVM - 80.4 82.1 82 79.8 81.1

HOG+
M43* 2021 NRML - 74 81.6 86.6 86 82
PML RCM1+PML RCM2+PML GRCM+5REG RCM
Yy E-ADvKin - - 85.2 91.6 92.4 90.2 89.9
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