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Abstract: Traditional Locally Linear Embedding (LLE) manifold learning algorithm uses Euclidean
distance to measure neighbor points. However, Euclidean distance represents the straight line dis-
tance between two points and does not necessarily reflect the actual data distribution in a high dimen-
sion space, which leads to the instability of neighbor point selecttion. In order to solve this problem,
an algorithm based on Correlation Neighbor LLE (CN-LLE) and Correlation Nearest Neighbor
(CNN) classification is proposed. This algorithm uses the correlation coefficient of data to measure
the neighbor points and to achieve more effective local reconstruction to extract the distinguishing
character. Then, it uses the CNN to classify the reduced dimension data. The experiment results from
KSC and Indian Pine hyperspectral remote sensing data sets show that the total accuracy of the pro-
posed CN-LLE+ CNN algorithm is improved by 2. 11% —11. 55% and the Kappa coefficient is im-
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proved 0.026—0. 143 as compared with those of LLE, LLE+ CNN and CN-LLE. The CN-LLE +

CNN algorithm increases the probability of the same class neighbor, can extract the distinguishing

characters of the same data effectively and has a better stability. This algorithm can effectively classify

hyperspectral remote sensing data of ground objects.

Key words: hyperspectral image classification; manifold learning; Locally Linear Embedding (LLE);
Correlation Neighbor(CN); Correlation Nearest Neighbor(CNN) classifier
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Fig. 1  Spectral curves of different types of hyper-

spectral data points
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Tab.1 Class information of KSC data sets
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C1 Scrub 761 C4 Spartina marsh 520
C2 Willow swamp 243 C5 Salt marsh 419
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Tab. 3 The highest overall classification accuracy of

different algorithms (mean=var. (%) (dimension))

Ak k=14 k=5 k=6

LPP 65.530. 88(26) 66.900.54(26) 68.5340,23(22)

NPE 67.7340.62(19) 71.0740.91(26) 73.8340,22(27)

LLE 86. 4040, 07(18) 87.1740.12(19) 87.0740.07(16)
CN-LLE  89.900.08(30) 90.3740.07(21) 89.000.01(18)

LLE+CNN  90.6340.02(49) 90.80%0,05(42) 90.33£0,07(46)
CN-LLE-+CNN  93.40%0. 03(50) 94.00=0.02(43) 93.43%0.03(41)
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Tab. 4 Classification accuracy of each ground

object with different methods

RS c1 C2 €3 ¢+ C5 6
LPP 76.87 77.37 75.00 57.88 80.43 69.18
NPE 66.10 65.84 66.41 63.85 77.80 69.18
LLE 78.98 69.96 69.53 79.42 69.93 84.89
CN-LLE 88.17 74.07 81.25 82.31 74.22 83.90

LLE4+CNN  91.06 77.78 82.81 88.27 79.71 85.29
CN-LLE+CNN 94,09 86.01 87.11 90.19 82.34 85.88

2 4 M, CN-LLE+ CNN XJ 4 25 # 9 4 43
45 B 1k CN-LLE, LLE + CNN, LLE, NPE #I
LPP #RGF , AH DGR /N () 3 W) 43 S ROR JE H %8 1
% 5 A, CN-LLE + CNN, CN-LLE #l LLE +
CNN 1 83 2885 2 1t LLE,NPE 1 LPP # & .
Hd CN-LLE + CNN % #% 15 ; CN-LLE + CNN,
CN-LLE f LLE+CNN iy Kappa & # It LLE,
NPE fil LPP 9k, H it CN-LLE + CNN # K.
CN-LLE + CNN [ LLE,CN-LLE # LLE +

Overall classification accuracy of different algorithms with different k in different dimensions

CNN M B KR BT T 2. 89% ~11. 55%,
Kappa 2T T 0. 036~0. 143,

RS5 FRAEHDTEER

Tab. 5 Classification results of different methods
(=R7S B RE Y0 Kappa &5
LPP 72.21 0.658
NPE 68. 06 0.610
LLE 77.05 0.715
CN-LLE 82.16 0.778
LLE+CNN 85.71 0.822
CN-LLE+CNN 88. 60 0. 858
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Tab. 6 The highest overall classification accuracy of

different algorithms (mean+var. (%) (dimension))

Bk k=4 k=5 k=6

LPP 63.6740.14(40) 67.53£0,24(47) 68.17£0,07(34)
NPE 61.13+0.29(25) 66,2020, 24(47) 65.5720. 44(33)
LLE 79.1740. 14(37) 80.5740.08(36) 80.3340.11(24)
CN-LLE §82.8310.10(28) 82.1740.07(25) 82.3340.04(36)
LLE+CNN  82.9740.04(50) 83.67=+0.06(46) 83.67=0.07(50)
CN-LLE+CNN  85.000. 04(34) 86.13+0.06(50) 84.83=0.05(50)
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