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Hyperspectral image classification based on

hierarchical network and local constraint

ZHANG Jing, YAN Deqin, YU Jianing, LIU Deshan

(School of Computer and Information Technology, Liaoning Normal University, Dalian Liaoning 116029, China)

[ Abstract] Hyperspectral images have the characteristics of high dimension and high correlation between bands, and there are also

difficulties in the classification of the same spectrum and the different region. Therefore, the paper proposes a hyperspectral image

classification method based on hierarchical network and local constraints. More precisely, the method trains the hierarchical deep

network with space spectrum information and combines with local constraint information to extract features from high dimensional

data. At the same time, to improve the accuracy of classification, this method combines the correlation coefficient between the

training samples and test samples. Experimental results on two hyperspectral data sets Indian Pines and Pavia University show that the

proposed algorithm has better classification performance than other algorithms.
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Fig. 1 Construction process of locality—constrained dictionary
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2.1 7£ Indian Pines #{{5& FRYSCIGER

Indian Pines %W 5 /2 E 55 22 40 M P5 L3 — A~
XIS RIS . BRI 145%145 B FR &
MR RIS 8] 50 HEFN20 m, AVIRIS 1548 1E0.4 ~
2.5 wm FOGIETE R = A 220 N BE, N AR 52 56
PRZEI H 22 bR 20 AWK A K 6 T A 10 B PR
200°% ) &2t T P BE 17 .27 F1 50 4 =k
Bt R RS A, R B 2 vz R
16 NESZE, Hh KRB AREY), I E K K
N MR ARSI SIBR IR AR
MIZEIERE T 12 FVEY), BARFEARRI 3 L3R 1,

E 2 Indian Pines HEE = F B A ¥ e EMEXHEE
Fig. 2 Three band pseudo color map and real ground map of
Indian Pines dataset
% 1 Indian Pines #IEEHAER

Tab. 1 Indian Pines dataset sample information

Ak I ZREA MR A FEAS BB

Corn—notill 144 1290 1434
Corn—mintil 84 750 834
Corn 24 210 234
Grass—pasture 50 447 497
Grass—trees 75 672 747
Hay-windrowed 49 440 489
Soybean—notill 97 871 968
Soybean—mintill 247 2221 2 468
Soybean—clean 62 552 614
Wheat 22 190 212
Woods 130 1164 1294
Buildings—G-T-R 38 342 380

BT 1022 9 149 10 171

7% 2 JB/R T Indian Pines BUIE4E AR B MY
IyEUETH R | 1 1t H A KNN SRC , ¢dSRC LSRC 5
ARSI 0A AA 1 Kappa Z 50T LIAR W 7€
M B, A SCRIE A AR UK s R TS

GLiy KNN B3k, SR HERI R 04 #2755 T 29 29%;
BT HRAEGE N cdSRC 535, BURTER A 04 #2715
TRLY 15% MBS T BB LSRC 5%, BARHER) <
OA $25 T K% 9%, Indian Pines (g 5 A [R] 7 i
SIEXS IREE RN 3 Fian . &L 3 ] LUTE M A
W 5 XIS M L, SLSRC 55 125 1 43 2 4 L v g
B S R SRR T I
% 2 Indian Pines BB EBXE LS X ERE

Tab. 2 Classification accuracy of Indian Pines dataset correlation

algorithm
R KNN SRC  ¢dSRC  LSRC  SLSRC
Corn—notill 5527  65.10 76.06  82.49 97.42
Corn—mintil 55.86 5820  65.51  80.02 9I.11
Corn 00.46  48.10 71.56  71.56  97.62

Grass—pasture 64.80 9437 93.06 90.82  97.27
Grass—trees 100 53.91 97.61 96.42  97.26
Hay—windrowed 98.13 97.45 100 100 99.31
Soybean—notill 82.68 63.94  79.67 80.71 96.67
Soybean—mintill 74.27 75.76  81.17  90.00  97.58
Soybean—clean 4690 68.88  76.49  90.59  96.10
Wheat 92.43 95.33  99.37  99.47 95.65
Woods 97.62 9246 9596  97.59  98.22

Buildings-G-T-R  70.22 72.28 73.09 72.80 87.92

OA 68.42 7229 8258 88.46  97.15
AA 59.43  73.53 8358  79.61 96.07
Kappa 63.34  69.39 80.12 86.78  96.75

2.2 7 Pavia University #{#5&%E FHSLIGE R

Pavia University 20465 /& F A 2 0 R 24038 0
P2E R G MAGO GRS ROSIS SRAE B 4 37 K 2
AT R, 25 R K/ 610x340 R FR MR
K23 HEA N 1.3 m, ROSIS fR/EER1E 0.43 2
0.86 wm FYGIE BN 7 2 115 B, o Bk sk
BrR 255 R BR 12 A~ B T 2% i A BORE OGS AT 9 4L
HEZE 1037 ) K4 hEhH T Pavia University (4
B =W Be R o KU LS T 181, 1 4 T i
Bt & o IS, Hoh R 2Bk d b 8,
MHHE WA BT B eRmREE, T R
WSS AT 9 28 SIS I 109 4F I ZRAEA
BT 3 921 A, HAr 38 855 M EURE N A A B
REEAR 3 I3 3,
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(a) KNN (b) SRC

(¢) edSRC

(d) LSRC (e) SLSRC

3 Indian Pines #{EERRFiED LT RBE

Fig. 3 Comparison of different classification methods of Indian Pines dataset

4 Pavia University H#BE =i B aBEMEXMEE
Fig. 4 Three band pseudo color map and real ground map of Pavia
University dataset
% 3 Pavia University #{iB&EHKREE

Tab. 3 Pavia University dataset sample information

HFx WgREA WA BB
Asphalt 548 6 083 6 631
Meadows 540 18 109 18 649
Gravel 392 1707 2 099

Trees 524 2 540 3 064

Painted metal Sheets 265 1 080 1 345
Bare Soil 532 4 497 5029
Bitumen 375 955 1330

Self-Blocking Bricks 514 3168 3 682
Shadows 231 716 947

Bt 3921 38 855 42 776

2 4 JB/R T Pavia University LACiEE M NGRS
(43 2 ERG R, 38 it 38 KNN | SRC, ¢dSRC , LSRC
SRS 04, AA R Kappa ZB00T LIAR WG 28
M E B A SCRIERA BRI A ORI TR S

() KNN 5005, EVARTERA 3 0A $275 T 29 15% ; M3
THIXHEGRY cdSRC ik, BARHERT R 04 15 T
Ky 13% ; FHEL THHT 9 LSRC 1%, B R i %
OA $25 7 K% 9%, Pavia University Z(8g AR
B O BREIR AN 5 o, Bl S AT DAVE MR
5 IR A HE, SLSRC B3k il 43 2 45 1 v g
B B ST
% 4 Pavia University $BEHXE RS R EHE

Tab. 4 Classification accuracy of Pavia University dataset
correlation algorithm
#FR KNN  SRC  c¢dSRC LSRC  SLSRC
Asphalt 78.97  78.18  90.58  90.63  99.31
Meadows 99.05 9540 9559  96.71  99.88
Gravel 60.45  62.46  68.60  72.31 99.57
Trees 79.15 8546  86.11  89.55  99.74

Painted metal Sheets 99.17 99.66 99.83 99.83 100
Bare Soil 43.87 55.01 78.32 80.33 99.93
Bitumen 80.28 75.52 80.70 83.62 100

Self-Blocking Bricks ~ 86.08 75.55 80.26 80.29 98.49

Shadows 93.77 88.14  99.53  99.76  99.88
0A 84.32 8332 86.22  90.48  99.66
AA 80.09  79.50  89.62  88.12  99.65

Kappa 78.55  77.52  85.63 87.31 99.56

23 SO0

FEARTT ¥ 4 B S B0Can ) 52 i SLSRC 1Y 1
BE. FIFHA SCHE % SLSRC B4 26 7716 3 4
SHCWBUE S| RSN E K FIE WAL SEL A 500
SEREER, ARSCRYESCHR] 18], [ S Fl K, SRIUE
HlAS IS = A S8 A, it i 04 Bk
BURALIZ%L ., 7F Indian Pines $0¥84E b, [EE S =
20,K = 6, 7F Pavia University Z(#li4E I, [FE S =20,
K = 6,537 2 DR LEH A, il 6 B, 45
2 ANSIR LIRS R
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(a) KNN (b) SRC (e¢) cdSRC (d) LSRC (e) SLSRC
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Fig. 5 Comparison of different classification methods in Pavia University dataset
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Fig. 6 Influence of different parameter values on classification 0:6;)
accuracy in two data sets 0.55
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