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A Fast Discriminant Feature Extraction Framework Combining Implicit Spatial

Smoothness with Explicit One for Two-Dimensional Image

Zhu Kuaikuai, Tian Qing, and Chen Songcan
(College of Computer Science & Technology, Nanjing University of Aeronautics & Astronautics, Nanjing 210016)

Abstract Images have two-dimensional inherent spatial structures, and the pixels spatially close to
each other have similar gray values, which means images are locally spatially smooth. To extract
features, traditional methods usually convert an original image into a vector, resulting in the
destruction of spatial structure. Thus 2D image-based feature extraction methods emerge, typically,
such as 2DLDA and 2DPCA, which reduce time complexity significantly. However,2D-based methods
manipulate on the whole raw (or column) of an image, leading to spatially under-smoothing. To
overcome such shortcomings. spatial regularization is proposed by explicitly imposing a Laplacian
penalty to constrain the projection coefficients to be spatially smooth and has achieved better
performance than 2D-based methods, but sharing the genetic high computing cost with 1D methods.
Implicit spatial regularization (ISR) constrains spatial smoothness within each local image region by
dividing and reshaping image and then executing 2D-based feature extraction methods, resulting in a
performance improvement of the typical bi-side 2DLDA over SSSL (a typical ESR method).
However, ISR obtains the spatial smooth implicitly but has lack of explicit spatial constraints such
that the feature space obtained by ISR is still not smooth enough. The optimization criteria of bi-side
2DLDA are not jointly convex simultaneously. resulting in high computing cost and globally optimal
solution cannot be guaranteed. Inspired by statements above, we introduce a novel linear discriminant
model called fast discriminant feature extraction framework combining implicit spatial smoothness
with explicit one for two-dimensional image recognition (2D-CISSE). The key step of 2D-CISSE is to
preprocess spatial smooth for images, then ISR is executed. 2D-CISSE not only retains spatial smooth
explicitly, but also reinforces the explicit spatial constraints. Not only can it achieve globally optimal
solution, but it also have generality, i. e. any out-of-shelf image smoothing methods and 2D-based
feature extraction methods can be embedded into our framework. Finally, experimental results on
four face datasets (Yale, ORL, CMU PIE and AR) and handwritten digit datasets ( MNIST and
USPS) demonstrate the effectiveness and superiority of our 2D-CISSE.
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GIMED, Jay #B [#115 Kk [X #E B3 % 1 5375 LIMED FI XL
NP BLE ik A 2D-CISSE HEZg v, 155 3 Fif
#: . GIMED-ISR-S, LIMED-ISR-S, BLF-ISR-S.
2.5 HEEFESW

BiZA N DNUGRFEA, B4 AR AL R
rXc, 2 EEH 0K/ mXn, ZXH B GIMED,
LIMED,BLF = A5G 83k 0 1158 2 4% B 4000 R
O(Nrc(r+¢)),O(Nrc(m—+n)),O(NrcM?*), H.
M g BLF % 1258, 43¢ 2D-CISSE HEZ it [E {5
R E 45 R AR S 2 AP BRI B R 2%
ISR-s, ¥ H O ) [ (m*n® ) 5 1 ISR-b 2 H 3B
5] R AR AT A A 1k AR Ak i iy 2 AR R B
Ite, M HiF BB R B Z2E R On*n + (FF))
(m*n®)) X Ite) s SSSL 5 2DMLV [ 35 i} [ia] & 74
FEA OGS ) H OCN? re+r°¢®) . BT DL & 31
ST EATH Stepl Hxd G B 2 DG TR
A fH 2D-CISSE #E 48 75 %% /& 4R S8 B A7 Fe A 1Y
TR AR,

3 £

Sy gk 2D-CISSE HE S8 76 9 50 848 % by 70 26
PEBE B B L BT 32 ) GIMED-ISR-S, LIMED-
ISR-S,BLF-ISR-S =AML 43 HIAE 4 A N 58 48
(Yale,ORL,CMU PIE,AR) .3 ™ F 5 ¥ F 54
(MNIST350, MNIST2k2k, USPS) |- 5 SSSL. 3k &
% ISR + XW i 2DLDA (fijicd 8 ISR-b) .,k & &
ISR+ #1341 2DLDA (i & ISR-s) fil 2DMLV 44~
PR By 25 (45 B R Bk AT 8. 3R 1 AR S
FT 7 A B S TR A A 4

Table 1 Introduction of Datasets

1 HIEENE
Number Number Number . L.
Original Resizing
Data Sets of of of Each . . . .
. . Dimension Dimension
Samples Classes  Class
Yale 165 11 11 32X32 33X33
ORL 400 40 10 32X32 33X33
CMU PIE 11560 68 170 32X32 33X33
AR 2600 100 26 33X33 33X33
MNIST350 3500 10 350 28 X28 27 X27
MNIST2k2k 4000 10 * 28X 28 271X 27
USPS 9298 10 * 16 X16 15X15

Note:* * ” means each class has different numbers.

SSSL 5 2DMLV #5% F 5 47 (5-fold) 38 X B iiF
VEHU S B, AR S0 B ISR 75 B % R 4y 5 416 200
25 [ 7 1R /NBER 3 X 3 (SCRR[26 7 56 31F Ry Fe i) &
R 7% G ¢ # AR B R 4y A AR 25 Tk
— SO A P S FE AT TR EE gk 1 TR, AR SO
BLF-ISR-S # i i1 5 #7538 I E IR A5 [F] Y1l kA
KBNS 6. 5 o, 5T EME B K ) GIMED
5 LIMED B2 8 o %Il 2 b A %0 B 55 8% 4 Itk
BB B 58 B AIE AR5 19 o W] 32 F T 0 AR TR
YIZRA 2. SE5 e, B3 U1k 35 2 A 58 8 ol 4 Bl
MR AR K15
3.1 ARafiEsE

2 AR 3 B 9 NG B s 4 Yale, CMU
PIE,ORL b /ys2segh L, 3= 2 hg5 Lk 20 W Rl AL
KAV GRS S AR 22, T LU A B DA SCHy 3 Fif
BRI F ISR-s . B Wk 35 X 5 ih AR 1 6 18 O g
(StepD #f 42 TH T 40 2 B85 2) 2 Bl & )5 G IE SRk
GIMED-ISR-S 5 BLF-ISR-S ¥ 15 [t. ISR-b., ISR-s,
SSSL,2DMLV )t i) 43 2P 68 5 3) Jy 38 't Wit o mg
LIMED-ISR-S #4325 M BB L e 2 Fh 42 Jm) 3R s R A1
HFE SRR 245 REAS BURAR T 4 AT LE B 9

(b) ORL datasets

(c) CMU PIE datasets

Fig. 3 Sample images from Yale, ORL and CMU PIE

datasets

K3 kA Yale, ORL, CMU PIE ¥ #i4 fE A & 1%
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Table 2 Recognition Accuracy on Yale, CMU PIE, ORL Datasets
%R 2 7E Yale,CMU PIE,ORL ##E & F 4y 2R 5] R

Data 4N Mean=+ Std

Sets ‘ GIMED-ISR-S LIMED-ISR-S BLF-ISR-S ISR-s ISR-b SSSL 2DMLV
4 0.7829£0.0484 0.7729+0.0419 0.767140.0431 0.7667=40.0467 0.7964+0.0467 0.7643+0.0364 0.655240.0319
5 0.8367£0.0368 0.8228+0.0339 0.831140.0322 0.813340.0328 0.8289+0.0248 0.806140.0276 0.700040.0403

Yale 6 0.8607+0.0345 0.845340.0444 0.8653%0.0367 0.8453+0.0385 0.860040.0378 0.848040.0373 0.7313+0.0476
7 0.8850£0.0259 0.8758+0.0317 0.8692+0.0307 0.8608+0.0255 0.865040.0378 0.858340.0273 0.752540.0801
8 0.9056£0.0413 0.8956+0.0402 0.9033+0.0490 0.8867+0.0401 0.895640.0445 0.898940.0326 0.778940.0737
5 0.7757+0.0134 0.7667+0.0120 0.7784£0.0072 0.764240.0123 0.755140.0160 0.6755+0.0127 *

CMU 10 0.8807+0.0075 0.8768+0.0068 0.8813+0.0062 0.876440.0069 0.871140.0070 0.8295+0.0104

PIE 20 0.935740.0036 0.9338+0.0041 0.9365£0.0040 0.9308+0.0047 0.925540.0038 0.914940.0067 *
30 0.9535740.0025 0.9515+0.0025 0.9545+0.0024 0.9497+0.0023 0.947540.0020 0.942440.0038 *
2 0.8317+0.0283 0.805540.0341 0.8338%0.0212 0.8025+0.0380 0.823340.0317 0.826140.0281 0.6950+0.0355
4 0.9619£0.0114 0.9548+0.0147 0.958540.0144 0.947940.0232 0.9596+0.0135 0.94174+0.0191 0.843140.0224

ORL 5 0.9780£0.0123 0.9763+£0.0119 0.977840.0099 0.972540.0127 0.9750+£0.0131 0.96234+0.0164 0.874540.0266
6 0.9838+0.0104 0.9834+0.0119 0.9878+0.0098 0.978140.0098 0.983440.0102 0.9703+0.0134 0.9056+0.0225
8 0.9900£0.0112 0.9888+0.0107 0.9894+0.0109 0.9844+0.0090 0.986340.0128 0.978840.0129 0.9263=+0.0190

Notes: The best performance in each line has been bolded;*“ # N,”means number of samples for training in each class;*

(similarly hereinafter).

K40 AR S Bt 48 1 TRl 70 2Rk A
AN FRPERE. I 5 h 50 IBENLR AT SE 50
AIE R /R DASCHEZR R 3 AL EI3A5 L ISR-b

Fig. 4 Sample images from AR dataset
K4 AR BHRE N HEA KR
0.16
0.14 Il GIMED-ISR-S
I LIMED-ISR-S
» O [ BLF-ISR-S
3 [ ISR-s
5 0 [ ISR-b
E 1 SssL
g0
g
E 0.
8
O .
0.
0.
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Number of Training Samples from Each Class

Fig. 5 Error rate (err) comparison on AR dataset

Bl 5 AR Bril 4k b5 iR R gL

* "means out of memory

Eh kTR YRR 2) JR L 1 1) LIMED-ISR-S
B AT N 240 53 vh 3R A5 e A 43 2 Mg,
3.2 FEFBHIESE

FEHFER%E MNIST tig HI) MNIST2k2k
A 2000 YIZREA S 2000 MR AEAS & F 5 5K
F0~9 10 NG|, — L EGFEAME 6 FTR. K
T30 43 U G BE AR, 4 SC N MINIST o 4 25 i L 4
B 350 AMREAS 4 BG4 MINIST350, 3% H: 50 ¥k
BEDLRAFE I LR, il 7 Fios i) USPS $ 4k 465w 7
291 MREAAE IR A T T I, 2 3 e
LZEE L. 1) GIMED-ISR-S 5 BLF-ISR-S ¥ fig 3k
73t ISR 5 SSSL B /) 43 2 vk dE ., B 518 1
ISR-b 43 5 $2& & 10 FN 154> & 43 s, 1l & 78 USPS

QOO0 ©

wwlwhwwww

Fig. 6 Sample images from MNIST
Kl 6 MNIST #5454 14 |5 450s 1
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Fig. 7 Sample images from USPS
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Table 3 Recognition Accuracy on MNIST350, MNIST2k2k, USPS Datasets
% 3 7 MNIST350. MNIST2k2k. USPS ##& & 4> 2R 5l &

Mean=+ Std
Data Sets # N,
GIMED-ISR-S LIMED-ISR-S BLF-ISR-S ISR-s ISR-b SSSL 2DMLV

100 0.7845%£0.1507 0.72014+0.1284 0.8855%0.0072 0.7026=£0.1507 0.704640.1604 0.7728=£0.0075 *

150  0.789640.0788 0.726940.1015 0.8992£0.0052 0.7164+0.1173 0.745340.1071 0.7980=40.007 2 *

MNIST350 200 0.8262740.0515 0.765440.0944 0.9095£0.0067 0.7518+0.0905 0.750540.0816 0.817240.0087 *
250  0.8304+0.0454 0.7783+0.0875 0.91331+0.0087 0.7557+0.0937 0.7594+0.0937 0.824140.0115 *

300 0.8552£0.0395 0.8226+0.0720 0.9194%0.0105 0.7541+0.1045 0.7746+0.0739 0.833540.0151 *

MNIST2k2k 0.8800 0.8201 0.8840 0.7535 0.7955 0.8715 *
USPS 0.9537 0.9492 0.9512 0.9482 0.9287 0.9402 *

Notes: The best performance in each line has been bolded;“ # N,”means number of samples for training in each class;*“ * "means out of memory

(similarly hereinafter).

BB AR i, 5 % 8 MNIST350 5 MNIST2k2k
ARG SR A TR 2R R d 5 9 AR 1 5 2) LIMED-ISR-S
FasE it F ISR J5 ik . Wik T SSSL.
3.3 IWERSW

bR —FRF LA R EM D i GIMED-
ISR-S,BLF-ISR-S if & LIMED-ISR-S 7£ 7 4~ $ 4%
£ B o3 SRR R ER 43T ISR-s, ISR-b, SSSL.,
2DMLV. H 1, GIMED-ISR-S 5 BLE-ISR-S 7£ fif
A A v #4013 3R B AR S AE
ZRAE TR AR D 38 22 ) A S 18 [m] B %o P A5t P 4 S
SV A % TN 7 40 ELAT Rkt B PR 0 25 ] S5 K 45
BT SRR, 2) LIMED-ISR-S 78 7 A~ U4 48
T 4 ASBOIE AR PR RE AL TR LT I A YA
W B A AR B 1 4 28 1 BB W 3 S, BlCAE Stepl
SR I Je 368 6 Vi 110 SR Wik L L 4 e ' i O W o — i PR 4%
Sy RPEREEETHAL ST L (R X T 3P R o K T
HESTE N

TR

e

AR S 2 S P AR 2 ) 25 0 A 204 78 4 1) R
HEAM AR IR T 1 a4 B 5 Bk 23 a
JEE Y AL A RS OH) ) R AE i ERHE 22 (2D-
CISSE). 1£ 2D-CISSE 1, {7 fA] #. Hi 7 ISR 5K W
A R AR W R R O A
T AR R AR S R 45 RAUH 45 4 #31 2DLDA
Bin] 3k #5 b ISR 45 &5 Wil 2DLDA 8 3% 574 (1) P
AE. I 3 Pl EIBOG I S S ik A X HEZR IR B 1Y 3 45
TR AE bR B B 1 S 45 B0 IE T AR SCHE R 19 A 3L
PR I BB 0 DB | [ B o AR BT — e 1 P A
e 7 . 2D-CISSE HL AT 3 &S #.1) 5 SSSL

AHEG A SCRYHESR 2 2 T R 2D J5 s MERE AL T
SSSL 1 [F] B BEAR T 3H 5 R 45 2) 5 2DMLV A
e 2D-CISSE A Jaj FR T+ G BRI B 18 o — Sl 3,
XU 25 [R]'G W i 45 25 [R] 45 245 DL T 58 0 b A S
A W 2 WAL, ok, 2DMLYV 358 23 6] &2 2% BE 4R i
THEA K A, 2D-CISSE W ¥t 1 H Il 5 A A 5 i
BMASHEME R NN 3 59EES ISR ML,
2D-CISSE ffi # 31 2DLDA B 7] 3845 H ISR + Wi
2DLDA B4 () 4y 2Pk Re, 7H 58 5 2 B A5 31 3 [
fik. &% 2D-CISSE 7 ZAE Stepl A i KR =5 [A]
S SRR o AH 3 A AR A AR XS TR AR A R
JE B REARAR /N, FEX O i BHR ) sy A R R R A
23 6] 2 AR R XS 43 288 H IE HL. Rt R — 20 AR
— 2 o 2L A R A . R R T D ) o ) O ke s
[) 727 11

2 % X #

[1] Krizhevsky A, Sutskever I, Hinton G E. Imagenet
classification with deep convolutional neural networks [C] //
Proc of the Advances in Neural Information Processing
Systems 25. Cambridge, MA: MIT Press, 2012;: 1097-1105

[2] Sun Yi, Wang Xiaogang, Tang Xiaoou. Deeply learned face
representations are sparse. selective, and robust [C] //Proc
of the 28th IEEE Conf on Computer Vision and Pattern
Recognition. Piscataway, NJ: IEEE, 2015; 2892-2900

[3] Dahl G E, Yu Dong, Deng Li, et al. Context-dependent pre-
trained deep neural networks for large-vocabulary speech
recognition [J]. IEEE Trans on Audio, Speech, and
Language Processing, 2012, 20(1) . 30-42

[4] Collobert R, Weston J. A unified architecture for natural
language processing: Deep neural networks with multitask
learning [C] //Proc of the 25th Int Conf on Machine

Learning. New York: ACM, 2008; 160-167



1066

HENM R S KB 2017, 54(5)

[5]

L6]

[7]

(8]

(9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

(191

[20]

Belhumeur P N, Hespanha J P, Kriegman D J. Eigenfaces vs
fisherfaces: Recognition using class specific linear projection
[J]. IEEE Trans on and Machine
Intelligence, 1997, 19(7): 711-720

Pattern Analysis

Turk M, Pentland A. Eigenfaces for recognition [J]. Journal
of Cognitive Neuroscience, 1991, 3(1). 71-86

Murase H, Nayar S K. Visual learning and recognition of 3-
D objects from appearance [J]. International Journal of

Computer Vision, 1995, 14(1): 5-24

Tian Qing, Chen Songcan, Tan Xiaoyang. Comparative
study among three strategies of incorporating spatial

structures to ordinal image regression [ J]. Neurocomputing,
2014, 136. 152-161

Wang Liwei, Zhang Yan. Feng Jufu. On the Euclidean
distance of images [J]. IEEE Trans on Pattern Analysis and
Machine Intelligence, 2005, 27(8): 1334-1339

Li Jing, Lu Baoliang. A framework for multi-view gender

classification [C] //Proc of ICONIP’07.
2008, 973-982

Berlin: Springer,

Li Jing, Lu Baoliang. An adaptive image Euclidean distance
[J]. Pattern Recognition, 2009, 42(3); 349-357

Chen Songcan, Wang Zhe, Tian Yongjun. Matrix-pattern-
oriented Ho-Kashyap classifier with regularization learning
[J]. Pattern Recognition, 2007, 40(5); 1533-1543

Wang Zhe, Chen Songcan. New least squares support vector
machines based on matrix patterns [J]. Neural Processing
Letters, 2007, 26(1): 41-56

Tian Yongjun, Chen Songcan. Matrix-pattern-oriented Ho-
Kashyap classifier with regularization learning [ J]. Journal of
Computer Research and Development, 2005, 42(9) . 1628-
1632 (in Chinese)

CHZKZE, BRAR . 1T o] A8 PR A5 2 1 1E A Ho-Kashyap 55 %%
(1. 5L S & &, 2005, 42(9): 1628-1632)

Wang Zhe, Zhu Changming, Gao Daqi, et al. Three-fold
structured classifier design based on matrix pattern [J].
Pattern Recognition, 2013, 46(6): 1532-1555

Wang Zhe, Chen Songcan, Liu Jun, et al. Pattern
representation in feature extraction and classifier design:
Matrix versus vector [ J]. IEEE Trans on Neural Networks,
2008, 19(5): 758-769

Yang Jian, Zhang D, Frangi AF, et al.

PCA: A

Two-dimensional

new approach to appearance-based face
representation and recognition [ J]. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2004, 26(1). 131-137
Ye Jieping. Generalized low rank approximations of matrices
[J]. Machine Learning, 2005, 61(1/2/3). 167-191

Li Ming, 2D-LDA. A statistical linear

(.

Yuan Baozong.

analysis for image matrix Pattern

Recognition Letters, 2005, 26(5): 527-532
Li Qi

discriminant analysis [C] //Proc of the Advances in Neural

discriminant

Ye Jieping, Janardan R, Two-dimensional linear
Information Processing Systems 17. Cambridge, MA: MIT

Press, 2004: 1569-1576

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]
[29]

[30]

Luo Luo, Xie Yubo, Zhang Zhihua, et al. Support matrix
machines [C] //Proc of the 32nd Int Conf on Machine
Learning. New York: ACM, 2015. 938-947

Cai Deng, He Xiaofei, Hu Yuxiao, et al. Learning a
spatially smooth subspace for face recognition [C] //Proc of
the 20th TEEE Conf on Computer Vision and Pattern
Recognition. Piscataway, NJ: IEEE, 2007 1-7

Zuo Wangmeng, Liu Lei, Wang Kuanquan, et al. Spatially
Smooth Subspace Face Recognition Using LOG and DOG
Penalties [M]. Berlin: Springer, 2009: 439-448

Lotte F, Guan C. Spatially regularized common spatial
patterns for EEG classification [C] [/Proc of the 20th Int
Conf on Pattern Recognition. 2010. Piscataway, NJ: IEEE,
2010 3712-3715

Gao Feifei, Two-

Gao Quanxue, Zhang Hailin, et al.

dimensional maximum local variation based on image

Euclidean distance for face recognition [J]. IEEE Trans on
Image Processing, 2013, 22(10): 3807-3817
Zhu Yulian, Chen Songcan, Tian Qing. Spatial regularization
in subspace learning for face recognition: Implicit vs. explicit
[J]. Neurocomputing, 2016, 173 1554-1564
Yan Shuicheng, Xu Dong, et al.

Zhang Benyu, Graph

extensions: A general framework for
reduction [J]. IEEE Trans
Analysis and Machine Intelligence, 2007, 29(1): 40-51

Franklin J N. Matrix Theory [M]. New York: Dover, 2000

embedding and

dimensionality on Pattern

Tomasi C, Manduchi R. Bilateral filtering for gray and color
images [C] //Proc of the 6th Int Conf on Computer Vision.
Piscataway, NJ. IEEE. 1998. 839-846

Chen Songcan, Zhu Yulian, Zhang Daogiang, et al. Feature

extraction approaches based on matrix pattern: MatPCA and
MatFLDA [J]. Pattern Recognition Letters, 2005, 26(8):
1157-1167

Zhu Kuaikuai, born in 1992. Master
candidate. His main research interests
include machine learning and pattern
recognition.

Tian Qing, born in 1984, PhD candidate.
Student of CCF. His

member main
research interests include machine learning

and pattern recognition.

Chen Songcan, born in 1962. Professor

and PhD supervisor. Senior member of
CCF. His main research interests include
pattern recognition, machine learning and

neural networks.



