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Nonlinear Correlation Coefficient Based Kernel Method for
Hyperspectral Data Classification

Zhang Miao Shen Yi Wang Qiang

(Department of Control Science and Engineering . Harbin Institute of Technology ,

Harbin , Heilongjiang 150001, China)

Abstract Under the framework of support vector machines using one against one strategy, a novel kernel method
based on nonlinear correlation coefficient is proposed to raise the classification accuracy under the most conditions of
no ground truth reference map. This method takes into account the non-uniform information distribution of remote
sensing hyperspectral data, and assigns nonlinear correlation coefficients as weights for the corresponding bands to
make the band with greater correlation information play a more important role during the process of classification.
Meanwhile a new estimated reference map based on nonlinear correlation coefficient is proposed to solve the realistic
problem that the real one is usually unavailable. The experimental results show that for the support vector machines
based on radial basis function, after adopting the proposed kernels, the average accuracy and the overall accuracy in
multi-classification are increased by 2.90% and 3. 11% with typical parameter configuration and no ground truth
reference map, besides the computational time increment is unobvious.

Key words remote sensing; hyperspectral data classification; kernel method; nonlinear correlation coefficient;
support vector machine; radial basis function
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Fig. 1 Curves of 150 sampled spectral reflectances (hay-windrowed is in dark and woods in light) (a), corresponding

means (b) and standard deviations (c¢) for two land-cover species in 92AV3C dataset
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Table 1 Numbers of training and testing pixels in each class

Training Testing
Class

pixels pixels
A corn-no till 287 1147
B corn-min till 167 667
C grass/trees 149 598
D soybeans-no till 194 774
E soybean-min till 494 1974
F soybean-clean till 122 492
G woods 259 1035
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Table 2 Comparison of each sub-classifiers classification error and its standard deviation with RBF kernel,

5-fold cross validation, ¢=0.4 and C=60

Classification error (%) = standard deviation (%)

Standard MI-SWKM Improved Proposed

SVM MI-SWKM NCC-SWKM
A|B 6.89+0.49 5.1040.83 5.3440.90 4,6440.49
AlC 0.5540. 17 0.4040. 21 0.5640. 20 0.45=%0. 20
A|D 6.72+0. 34 6.07+0.86 5.21£0.59 5.05+0. 66
AlE 9.7040. 55 6.50+0.67 6.7540. 34 5.7940. 41
AlF 3.36+0.43 2.6140.53 2.3840.33 1.60=£0. 37
AlG 0.174+0.08 0.1340.09 0.18+0.11 0.144+0.06
BIC 0.524+0.13 0.284+0.18 0.43%0. 21 0.38%+0.23
B|D 3.12%+0.65 2.5840.60 2.50£0.11 2.0140.26
BIE 4,78+0. 39 4,76+0. 33 4,30+0. 30 4,30+0. 33
BIF 4,7840.73 4,8340. 32 3.95+0.58 3.8840.74
B|G 0.0240.03 0.0140.03 0.0940.07 0.05740.06
C|D 0.6640.19 0.6440.17 0.6040.16 0.60%0. 10
ClE 0.3240.13 0.4240.18 0.3940. 21 0.2540.07
CIF 0.46+0.07 0.4440.15 0.57+0. 20 0.424+0.19
C|G 0.7240.22 0.82%0. 30 0.7540. 30 0.6240.22
DIE 7.1340.42 6.08+0. 38 6.1940. 29 6.0240. 38
D|F 3.49+0. 82 3.03+1.46 2.4740.42 1.74=0. 64
D|G 0.0340.05 0.02740.03 0.0740.06 0.0240.03
E|IF 2.9740. 31 2.5740.61 2.2040.58 1.90=+0. 37
E|G 0.2540.10 0.1940. 14 0.2140.10 0.2140. 14
F|G 0.0740.09 0.03740. 04 0.0040. 00 0.0040.00
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Table 3 Comparison of classification accuracy, time cost and the sum of support vectors with RBF kernel,

5-fold cross validation,g=0. 4 and C=60

Evaluation indexes Standard SVM MI-SWKM Improved MI-SWKM Proposed NCC-SWKM
Average accuracy/ % 88. 85 90. 54 91. 09 91.75
Overall accuracy/ % 88.51 90. 59 90. 92 91.62
Preprocess time/s 0. 00 23.00 22.38 69.01
Training time/s 1. 64 1.53 1.56 1.42
Testing time/s 13. 44 11.76 12. 41 9.70
Support vector number 2703 2366 2357 1847
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Table 4 Average accuracies (%) of proposed NCC-SWKM in different parameters

C in Proposed NCC-SWKM

Kernel type

0.1 1 10 100 1000

c=0.2 55.53 82.07 90. 17 90. 23 90. 23

c=0.4 46. 99 76.19 89. 37 91. 80 91.65

REF 6=0.6 43.16 69.03 86.63 91.70 91.67
6=0.8 41. 87 63.16 84.33 90. 64 91.49

=1 41.70 51.83 81.88 89.49 91. 46

c=2 41. 31 42.08 65. 96 85. 47 89.92

d=1 41.77 48.63 75.98 85. 40 87.15

d=3 88.62 88. 25 88. 25 88. 25 88. 25

d=5 88. 84 88. 84 88. 84 88. 84 88. 84

Foly. d=17 89. 14 89. 14 89. 14 89. 14 89. 14
d=9 89. 30 89. 30 89. 30 89. 30 89. 30

d=11 89. 47 89. 47 89. 47 89. 47 89. 47

F5 TEREERTF 882 NCC-SWKM J ik 7E
YN G IS (1] 0 5245 = H b 09 LR
Table 5 Comparison of training time and support vector
number of NCC-SWKM with average accuracy
more than 88 %

NCC-SWKM

Evaluation indexes

RBF Poly.

Min 1.35 9.12

Training time /s Max 2.61 21.04
Mean 1. 85 15. 88

Min 1170 1003

Support vector number Max 3505 1052
Mean 1982 1012

6 4t ®

ARSI T — Rl SVM A5 2% 0 5 45 FORs
BE (R0 o %07 TR AR 4 0 4 VR 1 )
[ 19 15 40 S 8950 B0 25 R NCC x 4% 3
B SEAT A I 1% 5 22 o0 % o 00 P 4 8 73 3
F 5325 38 T b I 5 00 Sk 5 AT T 2
WSk IEWEE FE . NCC Tl L o i 45t 1 9 B o 1]
S 025 1, I B B (L 62 e B 2 S T
R S A 135 5 T L 0 S A 3 e
OB % . DT80 3 T M1 3 B A A% o ik — 2k
RTFEHE R . WX} b FET RBF Z Ry 4 Fhd
JrAE AVIRIS $H b LR 435 520 5 L A% S0 4

NCC-SWKM 53 To if ) L 52 2 2% R H A0 2 A i
HER 73 I RE » 2 B 1) 38 R oA B R R R OR
AU I ] s i A BT T ) T L JH e 2 e 46
T AR SVM 3 e i e fE S R £ X ]

[ s+ A SCR FHAH 4R 38 Be 1] NCC R T 1 i /Y
T AR A S TS LR TR K AE
BRI AR . ST NCC Ay AR 3% 19 {f 7 e
B AR LA RS E - B 27 2 25 LAl T 0 A 0 A 2k 5
Jit 7 SR AR

e » AR SO S Bk B R 73 2RV RE D7 ThT X EE T
HF RBF A& T Z 0 NCC-SWKM 7%,
J 7 ME AR A8 P S 2 088 A SR 1) A A AR
T RE LA S G 0 4 ok 1k — 20 48 o 23 2800 JEE i
HAE 2538 i R B U ZRFR 1Y B AR I Ok [ it 22 10
LI A 8T NCC i Bom b b 34
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