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Hyperspectral image classification based on spatial-spectral
structure preserving

Hou Banghuan, Yao Minli, Jia Weimin, Shen Xiaowei, Jin wei
(Department of Information Engineering, Rocket Force Engineering University, Xi’an 710025, China)

Abstract: Hyperspectral remote sensing image contains the properties of much features (bands) and high
redundancy, and the research of hyperspectral image classification focuses on feature selection. To
overcome this problem, a hyperspectral image -classification algorithm based on spatial and spectral
structure preserving was proposed. Considering the physical characteristics of hyperspectral image, the
weighted spatial and spectral reconstruction of the image was conducted firstly, in order to incorporate
spatial structure information into the spectral feature set automatically, resulting in the spatial —spectral
feature set. On the basis that the least square regression model uncovered the global similarity structure
and the regularization term revealed the local manifold structure, the intrinsic structure of the spatial —
spectral feature set was well preserved by the selected feature subset. The influence of window size and
regularization parameter was also analyzed. The experiments on Indian Pines, PaviaU and Salinas datasets
show that the classification accuracy of the proposed algorithm reaches 93.22% , 96.01% and 95.90%

respectively. The proposed method not only makes full use of the spatial structure information of the
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hyperspectral image but also uncovers the intrinsic structure of the dataset, which contribute to select

more discriminant feature subset and obtain higher classification accuracy compared with conventional

methods.

Key words: hypersepctral remote sensing image classification;

structure preserving
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Fig.3 OA of different algorithms with different number of features
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Tab.1 Classification accuracies varied with

different number of train samples(Unit: %)

Train Baseline FS RFS S*PFS
10 57.15£4.19  58.49+2.56  66.92+2.32  83.68+1.85
20 66.19£1.89  65.62+2.30  74.15+1.35  90.03+2.29
30 70.50+1.29  68.22+2.22  77.96x1.74  93.22+1.32
40 73.61+x1.30  72.54%+2.01  80.15x1.11  94.02+0.99
50 75.48+1.28  73.71£1.90  81.20x1.20  94.94+1.01

* 2 B YR H R EL 30 DNUIGFEARS , £ 5
AR S ) 1 o G B, BT 4 S X Y 432
PO A5 3 My 2050 10 73 K5 2, S3PFS H RFS
1£ “Corn—notill” . “Woods” Fl1“Soybean—notill” &5 i,
WZIN LA 10% 45, 7E/D B 2 5 an
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BADCIEBAR A E B, B 17 R30R

R2ARBE R LM 5T LB E (R %)

Tab.2 Class—specific accuracies of several ground

object by different algorithms (Unit: %)

Classes Train Test FS RFS S*PFS
Alfalfa 10 36 76.39 87.22 98.06
Corn—notill 30 1398 60.69 71.49 90.29
Corn—min 30 800 63.05 71.21 93.58
Corn 30 207 77.54 92.08 98.89
Grass/Pasture 30 453 85.87 91.39 92.08
Grass/Trees 30 700 86.64 94.54 97.66
Graii/fvjzzlre_ 10 18 8333 93.33 98.89
Hay—-windrowed 30 448 95.16 97.86 99.53
Orats 10 10 96.00 100.00 100.00
Soybean—notill 30 942 72.95 77.73 92.59
Soybean—-min 30 2425 47.86 63.62 88.32
Soybean—clean 30 563 77.83 85.93 93.64
Wheat 30 175 98.00 99.31 98.69
Woods 30 1235 81.55 87.04 98.62
Bchi i;sc_’r;iz_ 30 35  54.44 73.48 96.54
Stone=steel 5063 o3 96.67 98.41

towers
OA

Kappa
AA

68.22+1.58 77.96+1.26 93.22+1.32

[ 4 255k i 2y 2R

Fig.4 Classification maps of different algorithms

2.5 PaviaU #0 Salinas BJSEIG 5 R M 4547
R 3 K 4 AL TE PaviaU Fl Salinas £X
Pu 4 b 040 2R B AR vl 22 CRR R s e RME) .

% 3 PaviaU B & F RAREEMN D EEE(BRAL: %)
Tab.3 Classification accuracies of different

algorithms on PaviaU dataset(Unit: %)

Train Baseline FS RFS S*PFS

10 65.72+5.47  68.48+4.89  68.80+5.67  82.22+4.33

20 72.81+4.42  70.92+3.36  77.12£3.47  92.16+2.79

64.29+1.89 75.10+1.38 92.27+1.49 30 79.56+£3.32  76.00x2.15 81.70%2.44  96.01+1.27

78.22+1.96 86.43+0.45 95.99+0.64 40 82.30+1.41 76.86x1.95 84.63+1.85 96.10+1.46

Hi/& 4 ] %0 FS FIRFS A2 E) BRI 44k

50 83.99+1.79 77.74+x1.86. 85.30x1.66  96.64+1.15

L SPFS B9 “HlER" LG W i/l U R R A [R] % 4 Salinas iR&E L AR EEMN LB EEAL: %)

M) DX I N T 23

Tab.4 Classification accuracies of different

algorithms on Salinas dataset(Unit: %)

Train Baseline FS RFS S*PFS

10 82.66+1.59  82.15+1.70  82.91+1.39  92.83+1.01
20 85.61+1.35 84.85x1.40 86.22+1.52  95.06+0.80
30 86.92+1.57 86.69+1.10  87.78+1.50  95.90+0.63
40 88.30+£0.94  87.94%x1.18 88.62+1.09  96.07+0.59

50 89.28+0.91  89.21+0.90  89.45+0.96  96.66+0.54
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S*PFS (432K BEMK YR HE 7 | 3X 26 5 Indian Pines %
PR AT 41—, S°PFS 783X W~ 8 4 1Y 43
REERIGEMN T HETEL 7%~9%

2.6 BIEEHREDH

A n FR I GAREA SR RFS B 2% 4 O(n*m+
(n+c)m*+2nmce), S*PFS W ZLE N O(w*mN+2n*m+
(n+c)ym*+3nmc), EEZHIEEREAR L E N )G
A B n FVECHE S 4R CRE AR BOm S, H 587 1
KA w VIR,

X5 m il TARIBIERN B T E, R 2
BRI A 1| B2 MBS AR AR AR TR P 45 F 1
TR R0, SPFS i fTif &K, Hi T
S*PFS )70 N W1 5 T RES, #i Ak A ik 1] 4§
Hro&nl LI SZ 1

x5 EEENIBITHEI(RAL:s)
Tab.5 Time cost of different algorithm(Unit:s)

Dataset FS RFS S*PFS
Indian Pines 0.2 0.4 5.2
3 & it

BEXF i i R R R B AR AR E R | 5 RIT
A 22 R AR FAR DGR i 1) R 0, 25 45 v i Tl 15 T
A PR, SO T R As [ 5 5k
TS AR (RIS O B T SRR MR A Rk %Ak
TR T mOCHE R P 0 2S fe) oA A L, LD
RS EA I 206 A Shil AGIERHE, TR A i
FFOESE 7R BLIERE 1, DA/ N 3 [l U= 455 60 4 7 A 4R
() N FEAS S5 4, 16 Y S50 S50 0 (R R AIE 48 193]
BRI ARG LSRR, X557 Indian
Pines PaviaU Fil Salinas 15 )i & B 4 L) Bk
NG BE4Y HIEF] 93.22% 96.01%F1 95.90% , #H A%
GOTESRA TRRIREE IR E AR IZSA s 1S
TR T BT ORGSR S8
U] SR R A2 R A, R N — BRI A I 2R

SE .
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