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Abstract LSPE (Locality and similarity preserving embedding) feature selection algorithm firstly maintains the locality of the
data based on the pre-defined graph structure of the KNN,and then maintains the locality and similarity of the data based on the
low-dimensional reconstruction coefficients that define the learning data of the graph. The two steps are independent and lack of
interaction. Since the number of nearest neighbors is artificially defined, the learned graph structure does not have adaptive nearest
neighbors and is not optimal, which will affect the performance of the algorithm. In order to optimize the performance of LSPE,an
improved locality and similarity preserving feature selection algorithm is proposed. The proposed algorithm incorporates graph
learning, sparse reconstruction and feature selection into the same framework, making graph learning and sparse coding are carried
out simultaneously. The coding process is required to to be sparse,adaptive neighbor and non-negative. The goal is to find a pro-
jection that can maintain the locality and similarity of the data,and apply a /,,,-norm to the projection matrix,and then select the
relevant features that can maintain locality and similarity. Experimental results show that the improved algorithm reduces the
subjective influence,eliminates the instability of selecting features,is more robust to data noise,and improves the accuracy of ima-

ge classification.

Keywords Sparse reconstruction, Locality and similarity preserving,Feature selection, Unsupervised learning
T FAH K A 8] F1 28 (A B2 . Chang 2501 2 H 2 bR & A9 2 W8
A

Y IE 8 #8775 CSFS (Convex Semi-supervised Multi-label
Feature Selection) , Jo 40 #4 7 ¥ &1 , Fi) FH 4 Jay 48 P [81 19 ok B30k
ATRHAETE B, W 29 1 B ] 12 (8] A, (H 22006 1 20 52 5080 1 IR

i C MU EI P €T S SN W S S
175 JE B4 i R 20 S AR e s I i 6 Y S0 Ao R 23 A 7 A

TREEEWHDY, hANKEEESIE AR REAREE. FEY  EWIES . TR 8L iR A (Locality linear embedding,
é&%ﬁ)& TRELEAD T, RRAERERE B AR YE — 2 MM AR AR RE LLE) D AN B 00 45 AiF B ST (Laplacianeigenmaps. LE)™ fiE

23 [A] o 4 i ELARR A (9 R A 1 2 L 2 T P AR A 2 2 5 A HE A Y A BRBRCHIE A N TR R 54 . (SRR 48 s . R &

PEAF R T R B R AR AR B T IR 2 B T AT
JZ U, Zhao SEPR I o ST 48 v U A N7 AX A B A0 L
Hehr AR P . Liv S0V HE— 25 4 T DU LYo T A 3T A1 AL )
Fi 2 W B 4 AE 3 $% 88 1% TRCFS (TraceRatio Criterion for
Feature Selection) . T &l T 5 A B, {H A% 2 ok 7 A AR 75 28 5

T H . B K E AU LT H (2017YFB0203102)

BORIE 2 07 Ik BN RE AL BB AU REAR . R L, He S5 521 R
AR 5 (Locality Preserving Projection, LPP) , fifi Fi 2% 3]
) 1) B 52 R R BT B A 40 B A 4 - 23 6], AT DU S0 Ak 3R
BIREAS G . He 55807 3E— 20 4 Hh T 3 4B AR F¢ 8t A (NPE) H
TR 1Y R TR AR A5 1

This work was supported by the National Key Research and Development Program of China (2017YFB0203102).

A VE# B E N (zhaolhx@163. com)



22 G 0T, A5 O A JR) AR FIAR LV DR R AR s 1 58 vk

481

B AT, & ] 05 T 45 8] 2% 3 0 R AF 1 40 50 1 AE Ak a4 4
LN B AR 35 4% 5% (Sparsity Preserving Projections, SPP)M Fl
JR 38 A6 % i 5 (Local Coordinate Coding, LCCYM , {H 3% & 7
R 2 BB AR R IR SR o 1 R AT B g A, 2 W T I B AR
P P AEAE R TO AR B e BE R T 4 5 IR . Fang %0
$2 5L T 55 29 S0 J 0 AN AR B O R 7 1% (LSPED L i 4R 1E
T 5% N i A D I A B — AN AE SR b R g T B AR D G A
oAy R, (R LSPE 8k A7 A6 LU IR] A . 1) A w5 A Ak
SEEE IR E JRFE T KNN Wideae X B 450, 36 1 2 L %
IR . RTINS 4y I 3] B BROR BE RS L,
PSR AR B A O . 2) $R 30 40 o DU R RE AT 3 3 & 4 B
B, 3T S EMAL bR BN S 80T BN E S A R B
FM R R T LA 3E IR A AR FRERS . AR ZE A SPP
SR LCC 553k 4 1B 2 2] 5 6 i 44 45 AF 3 45 9F A TR —
AHESE Bl T LSPE B3 Wi A5 58 SR W , (i 45 [ 2 > F4RAIF ik
B2 3 [ B HEAT B0 07 2 20 B 05 00 0 TR 25 4 L w2 Sk T
FIA Lo WO S5 2 10 5 R 2 A A 1) L 3 N 4 AN
T o[RBT 2 37 300 (3 500 AR RR A i 28 7 B i A 7 e 4
T AR e, DT AR A5 A% 0 S R A B ke B i e
PETE R L PR AE 1 5 STk M RO . A AR AR S
PR A 7 — i A 2k ARG o A AR Y

2 MXTIIME

2.1 L. 5%

EHME MER H L, JEHUE SN

Ml =3, Sm M
2.2 WHRARER®

SPP 4 /D kA B M B — A REAS R UM % 5 R ) A s,
M R 1y

min|ls: |1 s t.x;=Xx:,1=1"s, (2)
Heip, o |l #R L EHAERE—DICRE N 1 IHE,

TR BRI AERE S=1[51 28225, T I BN TUE 5, AETE
W S B REAS X, Al x; 22 8] () 3 4B 56 & . IR e m) FH AR 05 B A &
ke, SPP i 2= > 5% 5 Q R MR 5 B AR 2 [B] 14 # i
Y

ngn;z'l | Q" x,—Q" Xs, || * (3

KA anF B bR R %L

ngngl | 0"x.—0" Xs, | 2=Q‘I‘<§<x, —Xs5) (x.—Xs)"H0

€Y)
A g R R AR R A B R Q-
XUI—S—S"+5"SHX"q; =2XX"¢q; (5)
2.3 RBIBEILIREHD
SCHRC13 046 th, — 58 Ml 15 T B0 09 Jmy 3 P L A i 4 o
B2, H AR UE BT 00 4 2 SR AR LA B I LA A 8L B e
0 sy FIASBEAKE JLARI 43 A b 4 B2 30 R e et
MR RE 2 . LCC B 75 1 i 4 B 30T 4B BE A ke 2
P T H A REARS L BIRAIE T SR A 358 A5 A0 0L Y 4 ) B 8K
LCCH#Z B (O H T REL s, ER":

K
min” x; —Ds; \\§+AE\S,| HDak*x; Hi (6)
S; k=1
;H\:EP ’D:[dl »d, v"'ﬁdK]%‘:Ii_\‘$ﬁ~qu%:2ﬂf\‘;H\:%k 9|Jo Eﬂ']

MIA2 s | Dy — x5 G UE B A i ARE A flE 7 Sl

BT AR RE AR LR EL A
3 AXFE

3.1 BAREH

3R C6) oA 0 A 50 0 3o R AR 5 B i)
B 3 B0 A T A RE AR I Oy S B KRR AR T 2 ) %)
(0 AT AT 40 . oA R (05 S 4 AR (0 i A 7
B4k 2 0 o OF IR IS 00 AL 1 6 4 S AR S0 A i
SCH AR BB -

min® | AT (x, —Xs.) |+l E(SOM)]

A.Si=1 (7)
s.t. §20,8;, =0,V

Ho, ACR B HME. d B =RPgEE, MC
R .M;= | x,—x; ;. EER""RILELX T 1 WK, O
PR B BEZ 8] A A IR A5 5

HOPHEWN r[ESOM JEA U TER DR
TE B — > S 40 g 74 i b g L A SRR AR M T A, B LR A
BEAS (5 A R 5 2) AT 4430 A L A% B A B AH (LB 4 3 2R
B3 30 Z5 1 G A 0 RO A B 0 L A T O 40 A R R A

FEUL B R T3 — B 0 LR B S5 3 T AR AL B 4
S BORBOY I E R AT —BERE W B e Sl A L
WAFRBREIEE A, A, BB A WS AT, ARERS
i NFIE W RS, RN BEREECh .

min 3 AT Cx X | HpulEGOM el AL

s.t. §20,8, =0,V )
Hd 020,820 F£RX N IS HL.
3.2 fRILE%

i F T B AR R BCIE S U ME DL . AT —
A kARSI AT R s AR S AR AL R
TG BAR R E S .

min® | A7 (v~ Xs) |2+ palESOM el Al L.

—tr(ATXU—S—S"+S"OX A +al Al ..+

Bir[E(SOM) ] (9)
H E S, B
LA =tr(A"XKX"A)+al Al .., 10)

Hd ,K=1—85S—8"+S'S
EXFABEUER " INF .

1
Ui=sr— 11
2 TA. T, ab
L(ATEE N,
L(A) =1tr(ATXKX"A) +atr(ATUA) (12)

A B[] R BER A E R A TE3, BV QR B AR
PRIK
arg mintr(A" (XKX" +alU)A)

(13)
s.t. ATA=1T
B A PTIEAT AR A R AE (53 i -
(XKX" +al) + a,=a,; (14)

B A=la, az ., a, JJ& MBAQD B R IB A8 /D d
AR X R BT i @, =12+ o) BV g ) 550 A 4

A E A WNT B AR

C($)=min tr(DUI—S—S"+S"$)D™) +Ltr[ E(SOM) ]

s.t. §20,8, =0,V (15)
He,p=A"X, XA ZEANH AFR AL R &, X 15 7T 5



482

Computer Science iTHENE#  Vol. 47,No. 6A, June 2020

A8 A 37 9 A SRR I 2 B [

min > AM~ S% + (DI —S—8" +8"$)DT)
S*ik=1

(16
5. .§20,8; =0,V

Ho, 84 Fm S 5 b A M 2om M S @ A5 1) i

B R ALY . FATTR 388 U7 17 5 (Alternating Direction

Method , ADM) "/ e 3R figt X (16)
MERMLE S A JE M A B—1TX RN L, Y54,

Xof FLRE PP HED e BERT R A X L )RR AE 21 B I G I R AE T AR
DL Al ad el MRS o Bk 1,

ik

A G EESE XER™ ™ IEWAL B8 o 3 W1 IR L UE R ™
LA AR A S= 1,0, Ho 1, AT R 2N 1 HHRE

i Y AER™LS

1. t=1.31% K=1—-S—S" +S's

2. 1 P, =XKX" +aU

3.H B A =P sP2see o PalsProPeoee s Pa A Py /NEY d AR AE E X

N B RALE 1) £
1{ 0
2 Al,
4 U, =
1
0 -
21l A, Il

CEEH SRR (16)
L=t L AR 1P RS
. Return A,S

4 KBWRERSH

4.1 A ERLGHIE
SCU SR XS LT EE AR .
1) All-feature, 888 B A5G & BR1E , 0 285 R HAEA
2)Fisher , &G Fisher 7 M)Al 37 WA 4 A4~ 40 AF 21 2k

~N o ul

1 4 WURAAE e 867 8 .

3)FSNM(Feature Selection via Joint /,,, Norms Minimi-
zation) "V, BIA L JEBURIB AT RFAEREPE

4) TRCFS(TraceRatio Criterion for Feature Selection),
T3 BT L o DU R IR D R R TR

5)CSFS(Convex Semi-supervised Multi-label Feature Se-
lection) , —Ff Ak T 42 JR) £k M 29 A 119 P i 2 B R AE 2 4%
Jiid.

6) LSPE(Locality and Similarity Preserving Embedding) .
HE T L 249 R 014 R 0 RUAR R0 A R AR 19 TG M R AR R A 0

W25 50k N B £ Fh o IR BCHE R 2 #5 BREAST,
WINE, UMIST,ORL, YALE"™ , ${ " UMIST,ORL, YALE
ENRHRAE . 3R 19T B 4R AR A A .

*1 OSEAURE

Table 1 Experimental datasets
Data Size Dimension  Class Selected feature
BREAST 699 10 2 {1,2,+,9)
WINE 178 13 3 {1,2,+-,12}
UMIST 575 644 20 {100,200, ++,600}
ORL 400 1024 40 {100,200,+++,900}
YALE 165 1024 15 {100,200,++,900}
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Tabel 2 Classification accuracy comparison of different feature selection algorithms on 5 datasets
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BREAST 64. 60 94. 66 94. 82 94.71 94. 86 93.68 94. 89

WINE 78.63 82.21 86. 30 85.21 85. 34 83.65 86. 54

10% UMIST 67.76 68. 56 70.79 70. 44 70.50 70.83 73.24
ORL 43.94 41.56 42.19 41.67 44,22 46.61 51.67

YALE 26.98 26. 65 27.72 27.65 28.05 41.93 42.72
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BREAST 65.76 96. 33 96.43 96. 33 96. 67 95. 80 96.58
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