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Abstract: Traditional sparse representation based classifiers
ignore inter-connections among pixels and have high

computational complexity when applied in hyperspectral
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imagery (HSI) field. Therefore, a multiple measurement
vectors based sparse representation classifier (MMV-SRC)
model is proposed to solve the above problems. The model
introduces a balance parameter to control the sparsity of
coefficient vectors, and estimates sparse coefficient vectors of
all testing pixels by minimizing reconstruction errors using
the L;-norm constraint. Experiments on two HSI datasets are
implemented to test the performance of MMV-SRC, and the
results are compared with those of five state-of-the-art
classifiers. The results show that MMV-SRC achieves best
classification accuracies among all whereas taking the second

shortest computational time.
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F19924E 6 H 12 HRHEBR], == 40BN 20 m,
HEIEFEFN 10 nm, K% X [E] 24 200~2 400 nm,
ik 38 5 i B A 200. B 1 978 35 PH R0k b X Py
B 8 km [—/NERIX I, 5 145X 145 G &K, EH L
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T R (fRTFR Urban) &2 3% [ Fili ZE i 2 23 i)
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E 1 Indian #{E
Fig.1 Indian dataset

2 Urban #iE
Fig.2 Urban dataset

F 1 Indian FFEAIGTAHESRER

Tab.1 Training and testing sample information in Indian dataset

%5 KA el KA
%5 4 plEA Wik %5 4 plEA ik
1 Alfalfa 9 37 9 Oats 4 16
2 Corn-notill 286 1142 10 Soybean-notill 194 778
3 Corn-mintill 166 664 11 Soybean-mintill 491 1964
4 Corn 47 190 12 Soybean-clean 119 474
5 Grass-pasture 97 386 13 Wheat 41 164
6 Grass-trees 146 584 14 Woods 253 1012
7 Grass-pasture-mowed 7 21 15 Buildings-Grass-Trees-Drives 77 309
8 Hay-windrowed 96 382 16 Stone-Steel-Towers 19 74
B 2 052 8197

3.2 KO

AT FIH Indian A1 Urban /& Y635 #2148 84 4
Wit =S8R IR MMV-SRC J7 8 f k. 5256
K 14432848 8 (average classification accuracy,

ACA) F1 Ik 4y 2K ¥ B (overall classification
accuracy, OCA)RERIFMIIHRLEER. B 5L, ML
Fob e 7 F) 4 28 2% 1) 5 5 R W i MMIV-SRC ) 43 28
BOR. SR AR XS R AV B B K2 4B (K-nearest
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#F 2 Urban #EAPNEMAKEERER
Tab.2 Training and testing sample information in
Urban dataset

el KA %5 KA

x5 £ Ygr Wk %5 2 Ygr Wik
1 AsphaltDrk 17 68 12 Roof02BGvl 8 31
2 AsphaltLgt 12 45 13 Roof03LgtGray 7 28
3 Concrete0l 25 99 |[ 14 Roof04DrkBrn 17 67
4 VegPasture 47 189 15 Roof05AChurch 18 67
5 VegGrass 25 102| 16 Roof06School 13 51
6  VegTrees0O1 53 210(| 17 Roof07Bright 15 59
7 Soil01 23 90 || 18 Roof08BlueGrn 9 36
8 Soil02 11 42 19 TennisCrt 19 77
9 Soil03Drk 12 47 || 20 ShadedVeg 8 32
10 Roof01Wal 24 94 |[ 21 ShadedPav 13 51

11 Roof02A 18 73 22 VegTrees01 52 210

B 446 1 768

neighbors, KNN) 43 2% 2§, % 5 ] & #l (support
vector machine, SVM)43r2E88 0 & T FEHL I & 46 FF
B HE 7 Fs B 3R 35 B B (random matrix  based
nonnegative sparse representation, RM-NSR)MF1
HHL Y 3E £ R B 3% 38 B A (nonnegative sparse
representation, NSRYU, Hit KNN 4325 2% % F Bk
ERER VR MAR I B ; SVM 432588 b SR AR i %
% PR E, HoOr 22 B R 38 it 38 USRS s RM-
NSR R F - Lo {505 Sk AR 6 R 50n
B (# 5 RMNSR(1Lo)) s NSR Jy kR F IE S VLR
JBER ¥ (orthogonal matching pursuti, OMP)M 3
B R 40 & (R FR 7 NSR(OMP)). H ik, #
TTHESEIG R AT L T LA L 5 R R T R
. &g TS5 X MMV-SRC 432888143
KRB RZ .

(1) ZpREE BT

MMV-SRC 432 1 KNN,SVM, RM-NSR
(10) Bz NSR(OMP) 432K BRI 45 R W3R 3. R,
FESNETF b, Hrh MMV-SRC 432585,
BERIRECH 5, Indian A Urban B4 IEZF 4T
) B0 G B4 91 2R 400 1 200, Indian F1 Urban
i, KNN 4328 28 9 4B 3 K/ &= 3. RM-NSR
(Lo) 43288 i, Indian B4 /) BEHLAE I i 52 5% 4R 450
P 2y 65,7 Lo WWE AR P R/NEWIRZE R EH
0. 000 1,36 kSR 100, EMIRE TREE TR 0. 5;
Urban %4 R RE L2 4E5L P Ry 50,738 Lo
AT B/ NEMIREBE S 0. 001, FRKEH
80, EMIRZE TFIEHEFH 1. 2. NSR(OMP) 432 2%
t1, Indian (38 A OMP BEH T 0 RE R E R
0. 000 1,#EfCIK%EA 10; Urban 35 OMP M
BB E R 0. 000 5, AR BCH 20.

M 3 FH, Indian F1 Urban #fE $ KNN 1
SYIREEBAR, b SVM B ACA F1 OCA {H K17 43
gt 102, X BLET SVM 432 BE R T KNN 43
HH KNN 1 SVM 4328889 ACA 1 OCA (B F
RM-NSR(L,) 1 NSR(OMP) , 33 13, B B8 08 0 1) £2: 114
i B 2% IS L B B 43 2 R Bl 5 T8 B KNN f SVM
532548 RM-NSR(Lo) 432845 B ACA Fil OCA 43
SR T NSR 4328488 X R SCRR 11 ] P B X 258 IR
2. MMV-SRC 1§ ACA f1 OCA R IEES T
RM-NSR(L,) 1 NSR(OMP) , 3 1388 Z2 WL 5] £ 4
i 22 SRR (1 43 28 85 SR AL T B 70 2 ) i 3R AR A
% RM-NSR(L,) 1 NSR(OMP).

% 3 Indian #1 Urban #iEHR EM 5K BH0 R L R3TEE

Tab.3 Contrast in classification results of five classifiers on Indian and Urban datasets

R
HiRsE HE
MMV-SRC KNN SVM RM-NSR(L) NSR(OMP)
odion g \CA/%  92.36CE0.0421) 72.68(£0.006 4)  86,43(10.0048)  90.16(0.0452)  88.57(0.039 6)
ndian OCA/%  95.04(40,0526)  75.35(£0.007 2)  88.23(0,008 2)  93.71(%0.0573)  90. 42(=0. 050 1)
Urbn e ACA/% 95.37(10.0226)  85.94(10.0190)  86.33CL0.0210)  92.69(10.028 ) 90.37C10.031 4)
rhan OCA/%  97.24(40.0302)  92.77(+0.0128)  94.11(=0.017 70  96.52(=0.040 2)  95.58(=40.037 1)

Bl 3 X% b Indian 45 1 Urban $04E 1 5 Rpsr2
SRR O EE. A 3a B 1, 4
Fb HAMA> 2648  KNN 43284515 2 B — 2 1y 43
BAEERAR. SVM 2R85B I K250 4 i 4328
F& X T RM-NSR(L, ) #1 NSR(OMP) , {H 45— 5l
YIRBI I 2 25K E AR T KNN. RM-NSR (L) Al
NSR(OMP) 5325 #5415 B iy B — Hb M) 1) 43 S 45 SR 5%
S, AN iE RM-NSR (L0 [ 22 5503 4 1 43 2505 FE

FE T NSR 43248, iX{fi18 RM-NSR 53245 ¥
OCA 1 ACA #4278, MMV-SRC 18 3| it 45— 25 Hb
W3 BNE R A, REEU— M 40 208 %
Homn T A 4 22K 8%, JLHTE Indian H4E H 11958
4 2% (Corn, E %) #1 Urban ¥ {E 55 20 2%
(ShadedVeg, i ¥k A8 #5) #0158 21 2K (ShadedPav,
WAL AE B, BRI, BLE 5 RS8R B0 K R 45
B E{EHF 40 F : MMV-SRC,RM-NSR,NSR
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NSR(OMP) 432325, (L, DA I 5 FparZean TR E
B Z AR HEF 40 5 a0 T . KNN, MMV-SRC,
SVM,RM-NSR(L,) .NSR(OMP).

(3) FHSHL Bk MMV-SRC 432845 - B2 TH

MK D FF W PS5 g s/ —FRfifbln)
AR B PG R B3, HIUE R /N MU B
REAEE X WEZTENSEHWEREWMELY
MMV-SRC 433545 L. [, A% S 658 3 1% B R IRl Y
VS H B AR BRI MMV-SRC 432846 B2
FIKFR. SL5 Y, Indian 0881 Urban $4E HF 452
¥ B 1 BRUAE X ) & S [0. 001, 0. 005, 0. 01, 0.02,
0.05, 0.1, 0.2, 0.5, 0.8, 1, 2, 3, 5, 7, 10].
Indian #(85H . MMV-SRC ¥ JEZE 47 M &9 B E
B 400, AR ECH 105 Urban $4 H1, MMV-SRC
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100
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O 1 1 1 1 1 1 1 1 1 1 1 1 1 1 J
0.001 001 0050.1020508 1 2 3 5 7 10
0.005 0.02 qzﬁ%%ﬁﬁ
a Indian (i

KR E. WE 1a B, BEHF B M 0. 001 FFIRIE K,
Indian $(# Hh MMV-SRC 5 OCA BB K. 1 p=
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