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Image Euclidean distance-based manifold dimensionality
reduction algorithm for hyperspectral imagery
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b

Abstract: Two nonlinear dimensionality reduction methods were proposed based on image Euclidean distance. Consider-
ing the physical characters of hyperspectral imagery, the methods introduced image Euclidean distance into traditional
manifold dimensionality reduction. Compared with other methods, our methods have several advantages. The introduc-
tion of image Euclidean distance not only considers hyperspectral image’ s spatial relationship, but also preserves the lo-
cal feature of datasets well. Thus the proposed methods can discard efficiently the redundant information from both the
spectral and spatial dimensions. The experiment results demonstrated that the proposed methods have higher classification
accuracy than other methods when applied to hyperspectral image classification.
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BEIE A YNGR A LI 2 5 0 1 B 18 8 4E B0 75
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T G T B 4 H R LA B G RAE SR B B
R, ) TR 45 50005 R A7 2503t 3R 32K T 44 0040 AR AIE P
A EE R, ETER RO E T B BAE S R B
45 78R, A R TE B R PR, & LR
YRR AT LG AR A AR R P R 2. Lo o i
(Principal Component Analysis, PCA) 2l B Fh R
AR AERR R R T . B EE Bir
MBI —H R B BT W B, I E
I LRI B R A AR A, LU B 85 A RE A
JEREA R 22 /. HE AR M I R M R 4R 5 1 5E
B A7 543 53 ¥ (Independent Component Analysis,
ICA) ) 4% ¥4 %1 %1 4> #f ( Linear Discriminant Analy-
sis, LDA) 1 4.
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Fig.1 Image Euclidean distance in hyperspectral
images
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Ak TR T B R BRI BE B /Y ISOMAP 553
(IMED-based ISOMAP Algorithm ,IMED-ISOMAP)
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Fig.2  Classification accuracy of different algorithms with
different neighborhood k, (a) SVM,and(b) KNN
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Fig. 3 Classification accuracy of different algorithms with
different space parameter ¢, (a) SVM,and(b) KNN
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WAk =8, EEF 1 =3. SVM B H N :c =32,

g=1,KNN 2800 : K = 1. X F AR R 4E4E B2 (1
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Fig. 4 Classification accuracy of different algorithms with
different dimensions, (a) SVM,and(b) KNN
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i, 16 Jei iy KNN Bk 74k

®1 5 FEEIRHE) KNN 53K R (d=25)

Tablel Comparisons of five algorithms for classification
accuracy by KNN classifier (d =25)
Algorithms PCA LLE  ISOMAP IMED-LLE IMED-ISOMAP

Alfalfa 0.71 0.35 0.53 0.38 0.94
Com-notill 0.60 0.45 0.49 0.64 0.71
Corn-min 0.60 0.40 0.49 0.64 0.69
Corn 0.49 0.34 0.37 0.47 0.66
Grass/Pasture 0.86 0.74 0.80 0.91 0.94
Grass/Tress 0.92 0.87 0.90 0.92 0.99
Grass/pasture-mowed ~ 0.57 0.62 0.57 0.86 0.86
Hay-windrowed 0.96 0.9%4 0.97 0.98 1.00
Oats 0.47 0.20 0.27 0.60 0.93
Soybeans-notill 0.74 0.60 0.62 0.76 0.84
Soybeans-min 0.71 0.59 0.64 0.79 0.81
Soybeans-clean 0.47 0.31 0.38 0.47 0.58
Wheat 0.93 0.85 0.91 0.98 0.99
Woods 0.90 0.87 0.90 0.9%4 0.96
Bldg-Grass-Tree-Drives  0.45 0.33 0.38 0.47 0.77
Stone-steel towers 0.91 0.93 0.86 0.90 0.96
Accuracy(average% ) 72.13  60.77  65.10 75.86 82.19

7 16 Fri i 2845 R b, iR B AR B
GERBREZHREMT PCA B, XA FE L4 R
— M. BT FAF Y, 40 IMED-LLE 8.3 H i
Alfalfa F1 Corn, AT B LIRFA T LLE 451551
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A B XIS AE R R AR B, W B 2SR R R
R R Mt 4555 . RV LR U, FRATTAR HE PN SRR Y
SSNE BT PCA MR R F 3, A BN
HE LB FHME. X% F IMED-LLE 1 IMED-
ISOMAP #j Ht#%% , IMED-ISOMAP £ B 5 i 49 2K i
P AR 2% B AR R

3 #Hig

PR T WA 2 T 1R 45 R B ) R O i R
BARLMERELETT 1. LTI IR S B R L B i W 2
R e P PR R R 8 5 ) A e e 4 B o LA
4 R BRI BAE S T ITAR B 2 [E R B A eI 4
FEfR . SEPRm G BOE SE R W, BT 4R i i T IR TE

o7 FH 2 Y63 B B Y 23 S I RE RS BTG R AF BORICR
I HERMTHEC ARG R G EAET . W
Bz A BRSPS

RS, B AT AE 2, i T SRR R B T R 5
AR BRI R ER . IfREias 24
B2, LASKBUAA 1) S A PR R AT TR SR 75 B B B T
fEZ—.
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