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Improving Chernoff criterion for classification by
using the filled function

Javad Hamidzadeh™ & Mona Moradi
Faculty of computer engineering and information technology,
Sajjad University, Mashhad, Iran

Abstract

Linear discriminant analysis is a well-known matrix-based dimensionality reduction method. It is a
supervised feature extraction method used in two-class classification problems. However, it is incapable
of dealing with data in which classes have unequal covariance matrices. Taking this issue, the Chernoff
distance is an appropriate criterion to measure distances between distributions. In the proposed method,
for data classification, LDA is used to extract most discriminative features but instead of its Fisher
criterion, the Chernoff distance is employed to preserve the discriminatory information for the several
classes with heteroscedastic data. However, the Chernoff distance cannot handle the situations where the
component means of distributions are close and leads to the component distribution overlap and
underperforming classification. To overcome this issue, the proposed method designs an instance
selection method that provides the appropriate covariance matrices. Aiming to improve LDA-based
feature selection, the proposed method includes two phases: (1) it removes non-border instances and
keeps border ones by introducing a maximum margin sampling method. The basic idea of this phase is
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based on keeping the hyperplane that separates a two-class data and provides large margin separation.
In this way, the most representative instances are selected. (2) It extracts features on selected instances
by the proposed extension of LDA which generates a desirable scatter matrix to increase the efficiency
of LDA. In the proposed method, the instance selection process is considered a constrained binary
optimization problem with two contradicting objects, and the problem solutions are obtained by using a
heuristic method named filled function. This optimization method does not easily get stuck in local
minima; meanwhile, it is not affected by improper initial points. The performance of the proposed
method on data collected from the UCI database is evaluated by 10-fold validation. The results of
experiments are compared to several competing methods, which show the superiority of the proposed

method in terms of classification accuracy percentage and computational time.

Keywords: Chernoff criterion; Data classification; Instance selection; Filled function, Maximum

margin.
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(Figure-1): The feature extraction process. (a) Both
traditional and deep learning algorithms detect
discriminative features simultaneously. (b) The features
extracted from a traditional algorithm are considered as the
input of a deep learning algorithm.
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(Table-2): Comparison of Accuracy (%)

11) |62 | 24) | (6) 505) | 47) | () credit

704 | 648 | 605 | 629 | 602 | 59.2 | 60.9 | Primary

41) 1 9(2) | 8(5) | 5@3) | 2(6) | 8(7) | 6(4) tumor

786 | 738 | 614 | 546 | 60.7 | 59.9 | 653 | Haberm

6(1) |52 | 4 5(7) | 8(5) | 7(6) | 8(3) an

779 | 640 581 | 731 | 622 | 575 | 713 "

3(1) 19(4) | 8(6) | 22) | 35) |87 | 8(3)

753 | 671 629 | 724 | 652 6L0 728 _

8(1) | 94 | 2(6) | 8(B3) | 2(5) | 41N | 3(2

113 | 238 494 494 | 513 | 600 | 3.5( A;’eg
W o & & 6 ©© 3 %
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(Table-4): Comparison of Computational Time (s)

o KNN ools acgozme
90.62(1) | 82.74(2) | 81.79(3) Iris
70.02(3) | 75.53(1) | 74.26(2) Liver
75.99(1) | 59.86(3) | 59.88(2) Hepatitis
65.64(1) | 51.85(2) | 50.37(3) Balance-scale
86.24(1) | 78.86(2) | 78.25(3) Hayes roth
68.98(1) | 67.66(2) | 56.25(3) German credit
89.17(1) | 37.54(2) | 36.77(3) New-thyroid
97.59(1) | 67.00(3) | 67.89(2) | Banknote authentication
90.53(1) | 80.63(2) | 79.71(3) Wine
95.75(1) | 85.35(2) | 84.41(3) | Breast cancer Winconsin
86.13(1) | 75.32(2) | 74.54(3) Zoo
94.69(1) | 74.71(3) | 74.76(2) Vote
82.43(1) | 65.17(2) | 64.26(3) Australian credit
70.34(1) | 60.12(2) | 59.18(3) Primary tumor
74.15(2) | 76.27(1) | 65.46(3) Haberman
84.05(1) | 79.17(2) | 75.21(3) Ads
81.36(1) | 73.19(3) | 78.16(2) Census

1.19(1) | 2.13(2) | 2.69(3) Average rank

(39 3ongim Jsl b) T cono 55 :(F-Jgu2)
(Table-3): Comparison of Accuracy (%) (Feature

s 45 JUNERR KNN ool ac goxo
5.24(1) 7.52(3) 6.53(2) Iris
6.84(1) 8.35(3) 7.61(2) Liver
7.36(2) 6.84(1) 8.52(3) Hepatitis

48.66(2) | 47.99(1) | 49.47(3) Balance-scale

48.95(2) | 48.35(1) | 50.14(3) Hayes roth

43.96(3) | 42.78(2) | 41.39(1) German credit

33.03(1) | 35.62(2) @ 35.93(3) New-thyroid

71.01(1) | 71.78@3) | 71.16(2) auth;f’t‘?c';’:;gﬁ
65.45(1) | 66.34(2) | 68.20(3) Wine

106.01(2) | 106.58(3) | 105.73(1) & Breast Wincongn

53.52(1) | 55.22(3) | 54.87(2) Zoo

24.442) | 23.63(1) | 24.63(3) Vote

25.64(2) | 26.92(3) | 24.48(1) Australian credit

33.93(3) | 33.05(2) | 31.10(1) Primary tumor

20.14(1) | 21.15(3) | 20.74(2) Haberman

178.78(2) | 178.47(1) | 179.68(3) Ads

166.78(2) | 166.67(1) | 168.12(3) Census
1.75(1) 2.00(2) 2.25(3) Average rank
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(Table-5): Comparison of Time (s) (Feature Preprocessing)

:3. % ;ﬁ % z ’% ‘3 < ? < z< .;

. 3 q - Z [a) haa) Z [a) [35] 3
HELEEENE
5.8( 6.83 5.63 8.54 12.6 6.96 9.75

Iris

2) @ O 16 [ @ |6

Preprocessing)
13 23 3 3 2. }
i; 11 E %} 13 8@
946 | 91.7 | 863 | 716 | 86.7 | 858 | 914 e
M) @ 1 6G) 27 | 94 | 46) | 9a3)
70.8 | 66.7 | 565 | 60.1 | 56.4 | 55.1 | 66.5 Liver
9aM) | (2 135 |44 | (6) |37 | 703
80.0 | 643 | 634 | 631 | 639 | 639 | 634 | Hepati
41) [ 72) | 6(6) | 5(7) | 14) | 313 | 95 s
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() 182 |24 [ 97) |85 | 7(6) | 1(3) credit
930 | 752 | 420 | 448 | 413 | 406 | 95.2 New-
22) | 1(3) | 4(5) | 9(4) | 9(6) | 2(7) | 1(1) | thyroid
Banki
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31) | 1(2) | 7(6) | 43) | AT | 3(5) | 94) a“‘hf."“
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11) | 9(2) | 5(6) |53 |15 |97 | 14
B t
979 | 955 | 87.8 | 862 | 875 | 865 | 788 | cancer
1(1) |5 | 13) | 16) | 1(4) | 7(5) | 2(7) | Wincon
sin
91(2 | 85.1 | 80.2 | 78.4 | 80.1 | 79.4 | 935 o0
) 93) | 94 | 2(7) | 95) | 1(6) | 6(1)
947 | 944 | 743 | 932 | 747 | 747 | 750 Vote
1) | 72 | 2(7) | 3(3) | 3(6) | 8(5) | 6(4)
839 | 734 | 668 | 659 | 66.6 | 657 | 669 | Autal

OY 2ba V5Ll Ve JLle




OISy 2 @l )9il ST Ay i Sydinb Hlxo (B Sgue

&

obey deasaads o, Slee Laa> pogdle (oolpiinn 9,
Goloainn (g, ,0 aSls! 3l oo ralS s dwloe
BBy 20 lake gl o colaiul caiiS, &bl
el s3leiig by (ila T sl el b
Shy 3l Ssdee Sleidny canl la)lS e
2o 2L o gz wedlhiin (Shy bl
o9y Ol Oleies omimen 09 coliiu] banail
G5l Glahy, (keSS 0 S0g, Olyedr oolgiiny

oz slrosly vgS Siw o adé S Gaes
3,5 oolaiul

7- References &=l =Y

[1] S. Hakak, M. Alazab, S. Khan, T. R. Gadekallu,
P. K. R. Maddikunta, and W. Z. Khan, "An
ensemble machine learning approach through
effective feature extraction to classify fake
news," Future Generation Computer Systems,
vol. 117, pp. 47-58, 2021, doi:
https://doi.org/10.1016/j.future.2020.11.022.

[21C. H. Shen, "Feature Extraction and
Classification of Heart Murmurs Based on
Acoustic  Quialities,” IRBM, 2021, doi:
https://doi.org/10.1016/j.irbm.2021.02.002.

[3] T. Luo, C. Hou, F. Nie, and D. Yi, "Dimension
Reduction for Non-Gaussian Data by Adaptive
Discriminative Analysis,” IEEE Transactions
on Cybernetics, vol. 49, no. 3, pp. 933-946,
2019, doi: 10.1109/TCYB.2018.2789524.

[4] F. Wang, L. Zhu, L. Xie, Z. Zhang, and M.
Zhong, "Label propagation with structured
graph learning for semi-supervised dimension
reduction,” Knowledge-Based Systems, pp.
107130, 2021.

[5] A. Deshpande and R. Pratap, "Sampling-based
dimension reduction for subspace
approximation with outliers,” Theoretical
Computer Science, vol. 858, pp. 100-113, 2021,
doi: https://doi.org/10.1016/j.tcs.2021.01.021.

[6]S. Fazili, J. Grover, S. Wazir, and |. Mehta,
"Recent Trends in Dimension Reduction
Methods," ICIDSSD, pp. 68, 2021.

[7] O. Mokhlessi, S. Seyed Mahdavi Chabok, and
A. Alirezaee, "Selecting effective features from
Phonocardiography by Genetic Algorithm based
on Pearson’s Coefficients Correlation,”" jsdp,
vol. 17, no. 3, pp. 157-176, 2020, doi:
10.29252/jsdp.17.3.157.

Slorde TSl songe s ¢ galie | V1]
lazm,ys sbag)laal )5 i o Shy Sl

OF 2be ¥ o)Lkl 1P JLlo

6.17 | 718 | 455 | 6.95 | 10.7 | 6.32 | 594
@ [® | [6 [170 @ | @
10.7 | 647 | 767 | 976 | 121 | 124 | 873 Hepati
19 @) @ [ @ [36) |57 | G tis
477 | 466 | 47.2 | 50.3 | 50.1 | 494 | 56.0 | Balanc
() 16) | 22) | (6) | 15) | 2(4) | 8(7) | escae
526 | 50.0 | 48.7 | 516 | 50.8 | 53.4 | 54.0 Hayes
20) |12 7)) | 1(4) | 33) | 16) | 7(7) roth
470 | 428 | 416 | 436 | 448 | 47.2 | 505 Ge’mﬁ
8(5) |82 | 6(1) | 13) | 8(4) | 4(6) | 3(7) | credit
342 | 326 | 341 | 363 | 390 | 36.0 | 431 New-
6(3) | 9(1) | 4(2) | 5(5) | 7(6) | 6(4) | 5(7) | thyroid
Bankn
69.4 | 693 | 69.7 | 747 | 729 | 70.6 | 70.6 auﬂ?ets
5(2) | 8(1) | 2(3) | 3(7) | 6(6) | 4(4) | 6(5) | ticatio

n

Liver

67.0 | 66.6 | 652 | 671 | 67.3 | 67.4 | 67.3

63)  6(2) | 7(1) | 7(4) | 56) (1) |86 &
106. 104. 105. 106. 107 107. 106. ?afneg::
133 | 48(1 | 182 | 85(5 | (6)‘ 8(7 | 67(4 | e
) ) ) ) ) )
57.2 54.3 54.7 58.4 55.2 575 60.9 700
@ | 11) | 52) | 5(6)  33) | 85) | 6(7)

27.8 24.2 23.7 24.7 27.7 285 26.9 Vote
76) | 8(2) 91 | 203)  6(5) | 3(7) | (4)

265 | 247 | 213 | 277 | 301 | 27.8 | 265 | Ausra

63 | 72) | 1) | 26)  3() | 56) &) | cear
312 | 299 | 304 | 379 | 328 | 329 | 317 | Prima
43) | 11) | 4Q@) | 5() | 165)  36) | 94) | wmor
195 | 196 | 178 | 23.0 | 228 | 201 | 26.2 | Haer
32 193 | 3(1) | 26) | (5 2(4) | 9N man
183. | 180. | 178. | 182. | 183. | 183. | 183.

26(4 | 21(2 | 95(1 | 88(3 | 94(7 | 46(6 | 32(5 Ads
) ) ) ) ) ) )

168. | 164. | 165. | 173. | 169. | 169. | 166.

04(4 | 921 | 22(2 | 72(7 | 03(5 | 39(6 | 84(3 | Census

) ) ) ) ) ) )

363 | 181 | 156 | 500 | 531 | 556 | 5.13 A"egz

@ @@ O ® | 6 | O06 rank

(S S Ao - F
Serte Baa by (Shs gl jslaneds allis cnl o
Oezes g laib W flee J> 0 LDA 5 Slee
lols 5 e by (Kol slaosls b aglse
OY9y B el odd B A me
J> 9 ke (25090 silwange b Gl L goleriny

ools  als a4y oausS,  slaei ol aliwgay )l
Bl (g0l lrdigel qooloiiny B9y )0 23y o0
Sl anlp wigh e bi> (g5 sladiges i g
Sbrl sl eaisSTaz amio pl (s (Goliiny diges
] oSy gMiie Al
3okl b L @iy jlae SaiSTly slew il
sogdle (oleiday hsy Sediee Sl (5550 slrosls
S50 omae 4SS sloanail b oiils e by,
dls oy g ganaib Cono i 5IKNN 5 gsas
3 ookl Ojse jo wes e lis mls il anslas


https://doi.org/10.1016/j.future.2020.11.022

[18] W. Yan, Q. Sun, H. Sun, Y. Li, and Z. Ren,
"Multiple kernel dimensionality reduction
based on linear  regression  virtual
reconstruction for image set classification,"
Neurocomputing, vol. 361, pp. 256-269, 2019.

[19] D. Zabihzadeh, R. Monsefi, and H. S. Yazdi,
"Sparse Bayesian approach for metric learning
in latent space," Knowledge-Based Systems,
vol. 178, pp. 11-24, 2019.

[20] S. A. R. Al-Obaidi, D. Zabihzadeh, H. J. 1. J.
0. M. L. Hajiabadi, and Cybernetics, "Robust
metric learning based on the rescaled hinge
loss," vol. 11, pp. 2515-2528, 2020.

[21] S. Bell and K. J. A. t. 0. g. Bala, "Learning
visual similarity for product design with
convolutional neural networks," vol. 34, no. 4,
pp. 1-10, 2015.

[22] H. Oh Song, Y. Xiang, S. Jegelka, and S.
Savarese, "Deep metric learning via lifted
structured feature embedding," in Proceedings
of the IEEE conference on computer vision
and pattern recognition, 2016, pp. 4004-4012.

[23] H.-J. Ye, D.-C. Zhan, X.-M. Si, and Y. Jiang,
"Learning feature aware metric,” in Asian
Conference on Machine Learning, 2016:
PMLR, pp. 286-301.

[24] S. Horiguchi, D. lkami, and K. Aizawa,
"Significance of Softmax-Based Features in
Comparison to Distance Metric Learning-
Based Features,” IEEE Transactions on
Pattern Analysis and Machine Intelligence,
vol. 42, no. 5, pp. 1279-1285, 2020, doi:
10.1109/TPAMI.2019.2911075.

[25] J. Hamidzadeh, R. Monsefi, and H. S. Yazdi,
"DDC: distance-based decision classifier,"
Neural Computing and Applications, vol. 21,
no. 7, pp. 1697-1707, 2012.

[26] Z. Shi and J. Hu, "Local linear discriminant
analysis with composite kernel for face
recognition,”" in The 2012 International Joint
Conference on Neural Networks (IJCNN),
2012: IEEE, pp. 1-5.

[27] S. Mika, G. Ratsch, J. Weston, B. Scholkopf,
and K.-R. Mullers, "Fisher discriminant
analysis with kernels," in Neural networks for
signal processing IX: Proceedings of the 1999
IEEE signal processing society workshop (cat.
no. 98th8468), 1999: leee, pp. 41-48.

[28] A. Zollanvari, J. Hua, and E. R. Dougherty,
"Analytical study of performance of linear
discriminant analysis in stochastic settings,"
Pattern Recognition, vol. 46, no. 11, pp. 3017-
3029, 2013, doi:
https://doi.org/10.1016/j.patcog.2013.04.002.

[29] Y. Guo, Y. Zhou, and Z. Zhang, "Fault
diagnosis of multi-channel data by the CNN
with the multilinear principal component
analysis," Measurement, vol. 171, pp. 108513,
2021.

bl bl Sy w681 5l el b8

YA Loosls 5 @dle (Bjlon Ggmm (Siuren
VYE-VOY: (Y) VY

[8] S. Weiss, I. K. Proudler, and F. K. Coultts,
"Eigenvalue decomposition of a parahermitian
matrix: extraction of analytic eigenvalues,"
IEEE Transactions on Signal Processing, vol.
69, pp. 722-737, 2021.

[9] B. Feng and G. Wu, "Revisiting the low-rank
eigenvalue problem,"” Applied Mathematics
Letters, vol. 112, p. 106706, 2021.

[10] Z. Fan, Y. Xu, and D. Zhang, "Local linear
discriminant analysis framework using sample
neighbors,” IEEE Transactions on Neural
Networks, vol. 22, no. 7, pp. 1119-1132, 2011.

[11] H. R. Ghaffari and A. Jalali Mojahed,
"Feature extraction based on the more
resolution of the classes using auxiliary
classifiers,” (in eng), Signal and Data
Processing, Research vol. 18, no. 2, pp. 29-44,
2021

JUECTORNE S TP JEC T IRV PN P DRPS F-Ivel AR Y
)‘ oolw‘ I.: Lbc\)) W' 6}:@&5&4 »

;\f.. laosls 9 pj)l_c w)L))J Gi.o-f GLEM“-D-JD
FE-YA: (1) VA

[12] L. Rueda and M. J. P. R. Herrera, "Linear
dimensionality reduction by maximizing the
Chernoff distance in the transformed space,"
Pattern Recognition, vol. 41, no. 10, pp. 3138-
3152, 2008.

[13] L. Rueda and M. Herrera, "Linear
dimensionality reduction by maximizing the
Chernoff distance in the transformed space,"
Pattern Recognition, vol. 41, no. 10, pp. 3138-
3152, 2008, doi:
https://doi.org/10.1016/j.patcog.2008.01.016.

[14] K. M. Nair, P. Sankaran, and S. Smitha,
"Chernoff distance for truncated
distributions," Statistical Papers, vol. 52, no.
4, pp. 893-909, 2011.

[15] R. P. W. Duin and M. Loog, "Linear
dimensionality reduction via a heteroscedastic
extension of LDA: the Chernoff criterion,"
IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 26, no. 6, pp. 732-
739, 2004, doi: 10.1109/TPAMI.2004.13.

[16] C. Tao and J. Feng, "Canonical kernel
dimension reduction,"” Computational
Statistics Data Analysis, vol. 107, pp. 131-
148, 2017.

[17] Y. Gao, S. Luo, J. Pan, Z. Wang, and P. Gao,
"Kernel Alignment Unsupervised
Discriminative Dimensionality Reduction,"
Neurocomputing, 2021.

OY 2ba V5Ll Ve JLle



OISy 2 @l )9il ST Ay i Sydinb Hlxo (B Sgue

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

IN

Engineering, vol. 18, no. 10, pp. 1312-1322,
2006.

S. Sun, X. Xie, and M. Yang, "Multiview
Uncorrelated Discriminant Analysis," |IEEE
Transactions on Cybernetics, vol. 46, no. 12,
pp. 3272-3284, 20186, doi:
10.1109/TCYB.2015.2502248.

H. Nakanishi and Y. Sato, "The performance
of the linear and quadratic discriminant
functions for three types of non-normal
distribution,” Communications in Statistics -
Theory and Methods, vol. 14, no. 5, pp. 1181-
1200, 1985, doi:
10.1080/03610928508828970.

S. Bose, A. Pal, R. SahaRay, and J. Nayak,
"Generalized quadratic discriminant analysis,"
Pattern Recognition, vol. 48, no. 8, pp. 2676-
2684, 2015, doi:
https://doi.org/10.1016/j.patcog.2015.02.016.

A. Ghosh, R. SahaRay, S. Chakrabarty, and S.
Bhadra, "Robust Generalised Quadratic
Discriminant Analysis," Pattern Recognition,
p. 107981, 2021.

R. Wang, S. Shan, X. Chen, and W. Gao,
"Manifold-manifold distance with application
to face recognition based on image set,” in
2008 IEEE Conference on Computer Vision
and Pattern Recognition, 2008: IEEE, pp. 1-8.

Z. Huang, R. Wang, S. Shan, and X. Chen,
"Projection metric learning on Grassmann
manifold with application to video based face
recognition,” in Proceedings of the IEEE
conference on computer vision and pattern
recognition, 2015, pp. 140-149.

J. S. Abbasi, F. Bashir, K. N. Qureshi, M.
Najam ul Islam, and G. Jeon, "Deep learning-
based feature extraction and optimizing
pattern matching for intrusion detection using
finite state machine," Computers & Electrical
Engineering, vol. 92, p. 107094, 2021, doi:
https://doi.org/10.1016/j.compeleceng.2021.1
07094.

G. Li, L. Yu, and S. Fei, "A deep-learning
real-time visual SLAM system based on
multi-task feature extraction network and self-
supervised feature points,” Measurement, vol.
168, p. 108403, 2021, doi:
https://doi.org/10.1016/j.measurement.2020.1
08403.

C. Huang, Y. Zong, Y. Ding, X. Luo, K.
Clawson, and Y. Peng, "A new deep learning
approach for the retinal hard exudates
detection based on superpixel multi-feature
extraction and patch-based CNN,"
Neurocomputing, 2020, doi:
https://doi.org/10.1016/j.neucom.2020.07.145.

Y e ¥ oldf) Jl

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

S.Du, Y. Shi, G. Shan, W. Wang, and Y. Ma,
"Tensor low-rank sparse representation for
tensor subspace learning," Neurocomputing,
vol. 440, pp. 351-364, 2021.

J. Liu, C. Zhu, Z. Long, H. Huang, and Y. Liu,
"Low-rank tensor ring learning for multi-
linear regression,” Pattern Recognition, vol.
113, p. 107753, 2021.

W. Yin, Z. Ma, and Q. Liu, "Riemannian-
based Discriminant Analysis for Feature
Extraction and Classification," arXiv preprint
arXiv:.08032, 2021.

Q. Wang, Z. Qin, F. Nie, and Y. Yuan,
"Convolutional 2D LDA for Nonlinear
Dimensionality Reduction," in IJCAI, 2017,
pp. 2929-2935.

X. Xiao, Y. Chen, Y.-J. Gong, and Y. Zhou,
"2D quaternion sparse discriminant analysis,"
IEEE Transactions on Image Processing, vol.
29, pp. 2271-2286, 2019.

C.-N. Li, Y.-H. Shao, W.-J. Chen, Z. Wang,
and N.-Y. Deng, "Generalized two-
dimensional linear discriminant analysis with
regularization,” Neural Networks, vol. 142,

pp. 73-91, 2021, doi:
https://doi.org/10.1016/j.neunet.2021.04.030.
I.  Czarnowski, "Cluster-based instance

selection  for machine classification,"”
Knowledge Information Systems, vol. 30, no.
1, pp. 113-133, 2012.

H.-D. Cheng, J. Shan, W. Ju, Y. Guo, and L.
Zhang, "Automated breast cancer detection
and classification using ultrasound images: A
survey,” Pattern recognition, vol. 43, no. 1,
pp. 299-317, 2010.

M. Yang and S. Sun, "Multi-view
uncorrelated linear discriminant analysis with
applications to handwritten digit recognition,"
in 2014 International Joint Conference on
Neural Networks (IJCNN), 2014: IEEE, pp.
4175-4181.

A. Sharma, A. Kumar, H. Daume, and D. W.
Jacobs, "Generalized multiview analysis: A
discriminative latent space,” in 2012 IEEE
conference on computer vision and pattern
recognition, 2012: IEEE, pp. 2160-2167.

Z. Jin, J.-Y. Yang, Z.-S. Hu, and Z. Lou,
"Face recognition based on the uncorrelated
discriminant transformation,” Pattern
recognition, vol. 34, no. 7, pp. 1405-1416,
2001.

J. Ye, R. Janardan, Q. Li, and H. Park,
"Feature reduction via generalized
uncorrelated linear discriminant analysis,"
IEEE Transactions on Knowledge Data


https://doi.org/10.1016/j.neucom.2020.07.145

Slsdls yols s y0 00l) dues Slg>
9 ul.c)l-‘o‘ LS)STQ'Q 6....:..\...9(0 IRURKY
)I w‘ 0L>L..u olKisls quL..u)‘
@ Ol olal slagaeadde
5 pr Shabue il Sk
5,5 o Lol oSN cwliis b
5l l O le Glaol aallly slas
J_hamidzadeh@sadjad.ac.ir

ol )5 Shae slls ol bw

Gl 0 FeelS cwaige al)

ol sgaedddle I .cwl l8le 5

Slesbre (eble GxF3b & Gl

55 o)Ll oS (ulit3l g 3

5 el O le Gliol aslibly glas
MonaMoradi0O@gmail.com

OY 2ba V5Ll Ve JLle


mailto:J_hamidzadeh@sadjad.ac.ir

