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Abstract: Collaborative representation classification methods have been increasingly applied to hyperspectral image
classification. However, collaborative representation methods fail to describe characteristics of hyperspectral images as they
emphasize sparsity and ignore locality, which leads to low classification accuracy. To solve this problem, this paper proposes
a Locality Projections Kernel Collaborative Representation Classification (LPKCRC) method under space spectrum
fusion. Firstly, learning model of space spectrum features is used to learn the feature of hyperspectral images; secondly,
graph embedded matrix is used to extract local geometric structure and local discriminant information of the data, which
is introduced into CRC(Collaborative Representation Classification) as a popular regular term. At the same time, kernel
mapping is petformed on hyperspectral data using the kernel characteristics. Experimental results prove that the proposed
algorithm is superior to other corresponding algorithms in classification results of Indian Pines and Salinas hyperspectral data
sets, and it can improve the classification accuracy.

Keywords: kernel collaborative representation; local manifold structure; space spectrum feature learning; hyperspectral

image; sparsity
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T P 15 B B A ) LA 45 4 £ B R 591 45 B 5 AK CR CHRL Y
o, B TR R RSN 4 K Re
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2 5 E A (The basic research)

2.1 THE4FHEFSI(SSN)

A7z HLPKCRCX mot il i B g oy 2 v, H o
o P 2SR AT 2 S AR (SSIND' T 3R B i TR 140 ) 2 1 T A5
fiE. SSNA] DATEZ5 B 114 [7] PR Rp R A B R 2544, AT BE N
T T HB RIS e G AR, SSNTES: S W B2 th 2 4~ St
HIT(SSFLU)M L) — 2 B IR M %%, E 1, 5%
—J2R—ASSFLU, —ASSSFLUHW#A 4L : 4002 ok
TR 2 RS AET . i 2R b0 30 A (LD A™) B 5 BIOE
TERFE 2> . EILDA, Al b i R i 4t B A T
Wt b, [ AT DA K DA AN R 2R RS EME B . (A 2
AT R B 0 7 2 TR0 U 5 (AWEE) U LD A g b FH 455 51
BEAT 23 (R, REAS IR A5 R o [l IR i) REE SRR

Frmotil EIG R =g E R A FER A TE—E.

B1 SSNZ 45 /e 5 5]

Fig.1 SSN space spectrum feature learning
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ALERL, W FOREARFEA AN, LPPRY H AR AT
min |y, =, I* #; (1)
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3 LPKCRCE ;£ (LPKCRC algorithm)
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a=argnin| |®(y)-®D)al| [} +4||al ],
=argmin||K(D,y)-Gal| [ +A] |l [;

X (8) %, KDy=[Kd,y), - Kd,y] er™
MG=¢p" cR™ H R Grami M, Ko &G4 LH
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a=argmin |y Daf 4@ Ly laly )

RO, (o La)HRIEIENI, B RIiENLS4L,
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L=D-S,

FEKCRCH, MR b TR, w e m it
%% (Gaussian Radial Basis Function Kernel)R[ % H 1)
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d—d:

K(d,d,)=exp PT‘Z} (10)

Kb, o R R S T L 3OOl el s
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m@Mme@mﬁﬂﬂwﬁwém>
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d=«MDY®un+%+%n*®%Dmxw (12)
Fi 24 513 N7 2%
r(y)=argmin || y-Dé, |} ¢=1,2,-k (13)

SARBUEN AR R 1 2 s R A, REE A S
ik 25 ] H /N 22 4 U T AR E ) 9 SR B . BT AR
MR B, AR LPKCRCE S, BIZS A 1= i
BRRE R KRR, HAKSRIT .

. SSNAFAEFEHUS s i B e .

BB ARG A (O)—() I F R L

B2 WA A O —( 2 F A R e

B3 B AK()ER R METEREY , RFiz il
I IYLPK CR CHA N 8 il I Q MA S AT J , 45210
AR

. MRBHREA TAREE

4 LRSS H7(Experimental results and
analysis)

AT YR A SO R AU, FRATEP A =GR E B
R BT SRS, 43k Salinas#i#E4E flIndian  Pines
4.1 EESIEERIFHIERR

AT B SGHR R L TLPKCRCH £ #4328
Fponf scs, SRC, KSRCM™, KCRC!M, KSVM!™,
SVMCK"™  JSRC!"! MFASR" JSaCR"#y:, %tF
SalinasfilIndian Pinesf$#i 5, £ CH6] 45 H R4
FRBUEVE M TR A REA YRR, IS RERRE A 70 2R 58
YRR A KR . 7ESalinas¥idiade £, FAIBE LA 20
95 % MRS HEA BEAT NS5, R4 MeAs A Tl s FEIndian
Pines#itddE b, FRATHENLERED NN 10% IR0 A< 3
TN, TR T,

AT BAR G R E(OA), P oI E(AA)M
Kappa R 8 =MV Rl 21073 84558
4.1.1 ZeSalinas#iE L F) LA R

A by TILRIOR [ Sk e Salinas Bl 48 EARYOA . AA
MKappa B3, “BARRRIFMWEER . ARIPIRAITAF
i, LPKCRCEEIEOA . AAFIKappa R EH T Hit
I\ TN

1 SalinasIE N L FAE D LK EEALE (%)
Tab.1 Comparison of different classification algorithms in

Salinas data classification (%)
ik

T SRC KSRC KCRC KSVM SVMCK JSRC MFASR JSaCR LPKCRC

Brocoli_green_weeds I | 99.08 97.69 97.59 100.0  100.0 99.49 99.95 100.0  100.0

Brocoli_green_weeds 2 | 98.17 99.45 99.45 99.75  99.89 100.0 99.86 100.0  100.0
Fallow 71.66 95.51 98.8 99.16 99.53 99.27 99.84 100.0  100.0
Fallow_rough_plow | 93.49 99.41 99.48 98.82 98.22 93.33 99.85 9993  98.89
Fallow_smooth 90.57 98.5 98.77 99.38 99.81 94.37 99.04 99.04  99.77
Stubble 99.92 99.48 99.48 9.9 99.97 99.37 99.79 100.0  100.0
Celery 99.7499.22 99.22 98.96  98.7 99.28 99.45  99.91  100.0
Grapes_untrained 80.24 715 83.05 99.52 98.81 93.64 97.47 9999 99.85
Soil_vinyard_develop | 98.49 98.47 98.87 100.0 99.62 99.0  99.78 100.0  100.0
orn_senesced_green_weeds| 69.96 89.08 90.53 99.87 98.99 98.85 97.64 99.4  99.78
Lettuce_romaine_4wk | 93.24 94.01 94.69 100.0 99.71 99.13 99.23 100.0  100.0
Lettuce_romaine_Swk | 53.72° 99.89 100.0 98.93 99.95 9.2 100.0  99.3  100.0
Lettuce_romaine_6wk | 66.67 98.76 98.76 98.65 99.44 98.48 98.31 98.2  100.0
Lettuce_romaine 7wk | 77.05 93.83 94.41 99.81 100.0 95.43 97.01 99.52  100.0
Vinyard_untrained | 41.35 57.23 71.68 9994 99.48 89.49 95.82 99.8  99.8
Vinyard_vertical_trellis | 98.57 93.78 95.03 99.77  98.8 100.0 98.12 100.0  100.0

0A 81.32 86.55 91.23  99.63  99.35 96.33 98.46 99.82  99.89
AA §3.24 92.86 95.23 99.53  99.43 97.40 98.82 99.69  99.88
Kappa 79.09 85.03 90.23 99.58 99.28 95.91 98.28 99.79  99.88
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BI2ER TIUMBRIRR 73 RE R . N RERE W AR
H], AEFELPKCRCI MR AT

(f)JSR CHi:(g)MF ASR#(h)ISaCR# (1) LPK CR CH-:() R iR 25
B2 R R H % /£ Salinas 3 38 £ L o4 xf bt 52 36
Fig.2 Comparison experiment of different algorithms on
Salinas data set
4.1.2 ZIndian Pines#{3E& FRISCISER
AR HEFAEIndian Pines$tiide b2 R an3k2

PR, 245 T IUFRR B % FEIndian  Pines¥iEsE b4
JOA. AAFIKappaZR %, MEFIRELER, NF2H K
IIATLAE R, ACEIETEOA . AAMIKappa RECEIIN T H
(VAN 5= 78

#2 Indian Pines##E N KR RE 0K E LR LLR (%)
Tab.2 Comparison of different classification algorithms in

Salinas data classification (%)

- W SRC KSRC KCRC KSVM SVMCK JSRC MFASR JSaCR LPKCRC
Alfalfa 16.67 35.42 35.42 100 95.83 76.79 L 97.92 91.67 . 100
Corn-notill 5271 55.04 53.41 95.81 96.28 95.95 "95.04 96.28  98.68
Corn-mintill 5107 50.8 50.8 98.93 97.6 " 9L.48,97.00 912 9973
Corn 33.81 38.1 39.05 9952 99.05. 95.71 93.81 93.33 97.14
(Grass—pasture 80.54 80.31 80.54. 96.42796.42 91.51 96.42 9754  96.64
Grass—trees 90.92 90.03 90.18 195.68°797.32 94.93 98.51 98.36 997

Grass—pasture-mowed 65.22 69,57 69.57»,.91.3 86.96 80  95.65 86.96 100

Hay-windrowed 91.36, 94.32.94.32 100 100 100 99.55 100 100
Oats 20 22N 500 66,67 50 9444 2778 9444
Soybean—notill 66.93 68.77 67.97 97.47 92.77 95.45 9.7 93 98.28
Soybean—mintill 66.59 74.11 75.28 991 98.15 95.4 98.69 98.38  98.15
Soybean—clean 38.41 41.12 40.58 92.39 90.76 9664 96.56 82.61  96.56
Wheat 94.74 96.84 96.84 99.47 98.42 95.12 99.47 9421 100
Woods 90.72 93.64 93.38 99.91 9991 97.98 9991 99.74  99.57

Buildings—Grass—Trees—Drives | 35.67 26.32 26.61 99.71 100  97.06 98.25 97.95 100

Stone-Steel-Towers §3.53 87.06 87.06 82.35 92.94 79.8 97.65 95.29 95.29

0A 66.9 69.69 69.66 97.63 97.02 95.21 97.77 95.84  98.84
AA 61.32 63.98 63.95 93.63 94.32 89.61 97.29 90.27 9747
Kappa 62,26 65.34 65.29 97.3  96.6 94.53 97.46 95.25  98.68

NI 7 SR KA R P AN E 3P

(DISRCHIL (@MFASREE ()ISaCREE ()LPKCRCHIE ()EIHIRER

B3 R B H k£ Indian Pines#k 3 4E Fag stk 5236

Fig.3 Comparison experiment of different algorithms on
Indian Pines data set
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dE DTS . fESalinasBidi g o3 Bl BENLIGE HU% A %L
H90.5%. 0.6%. 0.7%. 0.8%. 0.9%. 1%. 2%. 3%. 4%.
SO UIERAEA, P TR REA M I A ;. fEIndian
Pines¥#fa4E b7 A B ML BUZRAEA LA 1% . 2%, 3%,
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T RIREAI AR A, RE ST Y AR T 2R AR S R A diE
b, SEERSERANEAFTR,

1 — s
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095 /-34\
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Fig.4 Influence of different training samples
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[l 4(a) ) LI 25 SR FRATT W] AR B, 7ESalinas$iiise
F, LPKCRCHOAEFRIHHIHh i &M TSRC., KSRC,
KCRC. KSVM, SVMCK, JSRC., MFASR. JSaCR#&}:,
B 4(b)F AT AT LARA M2 FISRC, KSRC, KCRC=Ff%
¥&7EIndian Pines##i% FRYOARFIMZ& B E LT KSVM,
SVMCK, JSRC. MFASR, JSaCRHMILPKCRCZ &%, X
2 TSRC, KSRC, KCRCE=MEERAIZH Rtk &1
23 [l B LAY
4.3 SHSI
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7 F SRR BSR4y SR AR A
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00994
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Fig.5 The influence of different parameters.in Salinas on OA
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KARLER, Mp=4, 1=60, BENTLREERE.,

MEI6F LA i, Indian Pines##lisk L2451 B 1 A BRI
HAPRAFRLER, BB =5, A =4, FEMS IR R,

LPKCR CHYTERE T LAIE S 2L S B TR R
5 #5if(Conclusion)
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