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Mapping and

Abstract; With a consideration of the limitations of regular
classification model using sparse representation (SR), an
innovative model named Random Matrix-Nonnegative Sparse
Representation ( RM-NSR) is proposed to improve the
classification results of hyperspectral imagery. The RM-NSR
model introduces a random matrix inspired by random
projection to improve the restricted isometry property (RIP)
condition of measurement matrix in the regular SR model.
The new model also considers the non-negativity of
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reconstructed sparse coefficient vectors. Based on Urban and
PaviaU hyperspectral datasets, three different schemes in the
RM-NSR model are utilized to recover the sparse coefficient
and the classification results are compared with those of the
regular SR model. Experimental results show that the RM-
NSR model obviously outperforms the regular SR model in the
average classification accuracies (ACAs). Furthermore, the
relationship between the projected dimension of random
matrix and the ACAs shows that a greater projected dimension
guarantees the improvement of ACAs by the RM-NSR model.

Key words: hyperspectral image classification; nonnegative

sparse representation; random matrix; compressive sensing
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1 Urban ¥ 2 PaviaU #iE
Fig.1 The Urban dataset Fig.2 The PaviaU dataset
% 1 Urban #1 PaviaU H#IEh il MR REEFER
Tab.1 The information of training and testing samples in Urban and PaviaU datasets
Urban ¥
%5 A %5 A
x5 x4 iz g Wik 35 BE iz 23 yIES W3
1 AsphaltDrk B 2 T 17 68 12 Roof02BGvl BERIR 8 31
2 AsphaltLgt B 12 45 13 Roof03LgtGray BIKETR 7 28
3 Concrete01 BEEL 25 99 14 Roof04DrkBrn i FANEY A 17 67
4 VegPasture HWEERRIE S 47 189 15 Roof05 AChurch HEBETR 18 67
5 VegGrass BIFHERES 25 102 16 Roof06School e R TR 13 51
6 VegTrees01 WABBRES 53 210 17 Roof07Bright EXE 15 59
7 Soilol Tl 23 90 18 Roof08BlueGrn KRR 9 36
8 Soil02 T2 11 42 19 TennisCrt MR 19 77
9 Soilo3Drk Rt 12 47 20 ShadedVeg BT BOAE AR 8 32
10 Roof¢1Wal F&FLETR 24 94 21 ShadedPav B T 13 51
11 Roof0ZA BIR 2 18 73 22 VegTreesOlb WAEES 2 52 210
B 446 1768
PaviaU %3
e Bk e BE
x5 x4 iz g Wik 35 BE iz 23 yIES W3
1 Asphalt ik 839 3 356 6 Bare Soil Bt 1006 4 023
2 Meadows B 437 1 748 7 Bitumen W& 266 1 064
3 Gravel A 420 1679 8 Bricks Py 469 1878
4 Trees WA 310 1 240 9 Shadows [45}-2 186 743
5 P-metal sheets BB 4B 269 1076 =t 3 4202 16 087

3.2 LB

¥ RM-NSR #£#I%} Urban (38 #1 PaviaU %
AT/ 255256 , I IF RM-NSR R =280 8
B RE. R, B S BRI R R0 P X5 X8
BIRE I, DA SE AR 3 K AL 8 T 456174 RM-
NSR AU 43 RE5 R, SRR T W =Fp i AW B
LA, BREHE R R fua &, K, KD HRA
BEH 0 5N 1/ P WFEHUAER: , (8 RMAFER L
BTN Lo B (R+HLO), R (ORAERY
RAFEEEAEEQRALD,RAORAFERAERLY
EREIBEE Y (R+OMP). ZE L3R |, 0 e
4 SR BERISR Y L0, &8 B (LD #1 OMP B k18
B RE R

DR RERIIHT

Urban ¥4 8 RM-NSR BRI fif& 48 SR ALK
RGN I 2. Hodr, RM-NSR #8142 B 2
P 2y 60. R+1L0 1 Lo e/ NEMIRE R E N
0. 000 1,3 %ARIKFCH 100, EHIRZETRHEE TR 0.5;
R+L1 M L1 pEHIRZRME N 0. 000 1; R-+-OMP
1 OMP H, B3R 25 B {E A 0. 000 1, HARKECH
10. RM-NSR # R+10 |t SR Ei#ldr L0 134
KEBEE 5.29%,R+1L1 I L1 42K ER 5. 06%,
7 R+OMP K, OMP #4345 BE S 5. 08%. BA—h
Y REE R, REFHYH R+10 A5 EE L
LO #RE KR BE R , A58 4 28/ Vegpasture FI5E 6
) VegTreesOl. H—RHWYH R+L1 HH5RER
H L1 WA R R, JLH S 3 25/ Concrete0l. I
4k, R+OMP Ky BA Y153 KRG R £ 158 100%,
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F 2 Urban HiEFHERILL

Tab.2 The contrast in classification results for Urban dataset

BT
= Rk R+Lo Lo R+L1 L1 R+OMP OMP

1 AsphaltDrk 0.972 8 0.8889 0.857 7 0.840 8 1.000 0 1.000 0
2 AsphaltLgt 0.894 7 0.934 7 0.914 5 0.8281 0.952 4 0.904 8
3 Concrete0l 0.944 8 0.959 3 1.000 0 0.803 6 1.000 0 0.943 2
4 VegPasture 1.0000 0.839 8 0.852 7 0.734 6 1.000 0 0.9221
5 VegGrass 0. 854 4 0.786 3 0.847 2 0.716 0 1.000 0 0.980 8
6 VegTrees01 1.0000 0.883 0 0.923 4 0.817 6 0.779 1 0.826 5
7 Soil01 0.862 6 0.990 9 0.8333 0.745 5 1.000 0 1.000 0
8 Soil020 0.9755 0. 920 4 0.7721 0.711 2 0.894 7 0.736 8
9 Soil03Drk 0.852 4 0.676 8 0. 766 2 0.704 4 1.000 0 0.920 3
10 Roof01Wal 0.988 9 0.8855 0.804 3 0.794 0 1.000 0 0.9335
11 Roof02A 0.8575 0.989 5 0.703 0 0.737 6 1.000 0 0.947 3
12 Roof02BGvl 0.972 2 0.878 1 0.7411 0.726 2 1.000 0 1.0000
13 Roof03LgtGray 0.913 5 0. 816 4 0.8330 0.793 3 0.8200 0.842 0
14 Roof04DrkBrn 0.947 3 0. 868 8 0.836 7 0.839 3 1.000 0 1.0000
15 Roof05 AChurch 1.0000 0. 905 6 0.779 8 0.796 0 1.000 0 0.966 7
16 Roof06School 0. 858 5 0.9913 0.746 9 0.633 9 1.000 0 0.953 8
17 Roof07Bright 0.996 7 0.953 7 0. 766 2 0.774 1 1.000 0 0.917 3
18 Roof08BlueGrn 0. 865 8 0.6812 0.827 8 0.763 5 1.000 0 1.0000
19 TennisCrt 0.988 8 0.897 9 0.760 3 0.701 6 0.933 7 0.9211
20 ShadedVeg 0. 863 4 0.9617 0.720 7 0.803 6 0.285 7 0.071 4
21 ShadedPav 0.978 7 0.953 5 0.859 5 0.767 2 1.000 0 0.8333
22 VegTrees01 0.862 8 0.629 3 0. 683 4 0.6811 0.722 8 0.673 3

EENEE 0.929 8 0.876 9 0.810 3 0.759 7 0.928 6 0.877 8

PaviaU #ti2 # RM-NSR # & 51545 SR £iAY
B3R5 Rt L3R 3. Hodr, RM-NSR 5 i B
SRR IR ZE S P 2 50. R+10 #1 Lo R /NG
RZBIEN 0. 001, B ARKECH 80, HHIRZE TREHE
Fh 2;RHL1 A1 L1 shEMIRE B K 0. 001; R+
OMP #1 OMP 1, EMIRZE 522 0. 001, %R KEK
15, 13 3 AT RAF H, RM-NSR 4 R+10 [ Lo
S35 53 KK BE R 3. 87 %, R+OMP L. OMP (¥
ARERBER 4.33%, 1M R+L1 A L1 5206

EER R B A, N 5. 64%. &5 1 2% Asphalt FI%6 3 2%
Gravel #J R+10 73 300G BEAH 1L 1O MR H K, 70 3l
4 11.39%#0 10, 73%. R+L1 1 L1 5 —284
REEBYTHH, 55 5 25 Painted metal sheets 328
SZREFAHE, KT 22%. ML R+L0 #1 R+L1,R
+OMP [ A EE IR S, =R EM M
Ay e BT HCUEE , A H SR AR, RM-NSR fE 45 8
Wi PaviaU BB 5 INEEE , P4 4. 61%.

%3 PaviaUBHBEHHERMEL

Tab.3 The contrast in classification results for PaviaU dataset

EXLPRES
25 RA R+Lo Lo R+L1 L1 R+OMP OMP

1 Asphalt 0.9385 0.824 6 0.984 6 0.946 2 0.784 6 0.746 2
2 Meadows 0.874 3 0.8851 0.8211 0.701 4 0.870 0 0.8358
3 Gravel 0.770 7 0.663 4 0.736 6 0.778 0 0.775 6 0.748 8
4 Trees 0.933 3 0.883 3 0.783 0 0.733 3 0.800 0 0.7217
5 P-metal sheets 1.000 0 1.000 0 0.852 8 0.6415 1.000 0 0.943 2
6 Bare Soil 0.742 1 0.7101 0.910 2 0.830 5 0.741 6 0.707 6
7 Bitumen 0.8231 0.784 6 0.830 8 0.829 2 0.765 4 0.718 3
8 Self-Blocking Bricks 0.766 7 0.833 3 0.820 8 0.794 4 0.738 9 0.708 3
9 Shadows 0.8211 0.736 8 0.756 8 0.7351 0.847 2 0.8030

YRS 0. 852 2 0.8135 0.8330 0.776 6 0.813 7 0.770 4
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F—30, P FIXEIH[3,100].

100
90
8OF
S 0p g
£ 60
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401
g —&— R+LI1
3074 —— R+OMP
20 11 1 1 1 1 1 1 1 1 1 1 ]
35101522 30 40 50 60 70 80 90 100
i IRl e 2t
a Urban %¢iR
100
90
sOF
S 70k @
M i
£ 0F §
N
g‘ 01
40 —o~ RiLO
& —&— R+L1
307) —— R+OMP

20 5I 1I01I52I0 3I0 4IO SIO 6IO 7I0 8I0 9I0 l(I)O
BEHLHR I AR 45
b PaviaU %3
3 HEEAEERRMER P SEHSLABEHXR
Fig.3 The relationship between the projected dimension
P and the average classification accuracy for

Urban and PaviaU datasets

B 3a F i, HEBLER P B/NOMNF DY,
EMEWITERER I ERRIG BEE P K,
PR RBEIT S ERTE, TE P=22 ZHIKFE
REH KT SR BRI 73 808 B, AR, £ P> 22
Ja » Sy RNE B K IT IR R AR , BEE SR 4 250 o i 95
Sk K, 2BV RE KB Y. A, B 3b K
PaviaU 84 ', 3 P BN, 70 2R08 R FEE 2 4
BRI SRS K72 P=10CRFIMNECh D &R
BEBEIEE P>10 5, FEESRELHE K, 5K
WEBEBOARRE HFE R/ MB B3l , BARK T SR AL

ARER. BERBIUTEE S/MBRREOR ™
ARRA BB s YRR P BB/ TRAI%K
i, BEE PRI R, 20 NGB BRI IO —E B
JRIRBIERIE; IWE, BEE P AR, X
A8 £t R ot 2 B/ E B s E. F R KR
RM-NSR BRI} = Y638 B AR 0 N8 BE 3 8 O K
IR/ NI N S M0 S GE o2 2L

4 HRMRE

ZAR3CHRE HY B ML BF-E £ 7 B 1k (RM-NSR)
43 FAERI O H HL A 5 38 (SR 43 245840, D)
U R OGS AR M 2 JKE B, B R PR HLAE ok
U B2 B B ETE 1) B A HES A R, T2 BUET 3
5 B TR T R T4 A B B I, AT e T B4
Mg B A RIP 402k, [, o B4y B s 4 s i 1) 2 T
Pk A LR, 38 R R B B Y AT R AR SRR,
ETFEANAR MR BIEEEE, 40 =% H i
) &, %} tt, RMENSR i1 SR LRI ) = Ff 8 #0545
BIM ARG R LERH, W =FEH FE, RM-
NSR AU GBI B 425 SR KA TRt a5
KA PEIRGEE. Bhoh, BELAE PR B B0 3545
BRSBTS R B, /N B B0 S BRI
SYIENE B, S50 BE B 2 B 2 B0 3 o e R 3
KIGHKZES. FEIFRR A, Dk K R %
BORMRIE RM-NSR #2788 F DL R 7 K08 BE. 2810,
RM-NSR 2288 i (Y B IR 2 i e Tt AR
FERDPAT. TR TAED BHREHIRZE o WL
M BRI — BT ARSI

B ARERLS IR EMASRBEF 2B
15542 P45 J ] Benedetto #3% . Wojciech Czaja
g%, T X E M Yen-ming Mark Lai # 4 344A %
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