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(a) Purdue Campus¥IE B AE (b) T B L

1 Purdue Campus #{#E &
Fig.1 Purdue Campus data set

(a) Indian PinesHdB B @&

(b) HhTE HSL

E 2 Purdue Campus#HIEE 6 WAL B LN ALY RE

Fig.2 Classification maps of Purdue Campus using six algorithms
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B, S RPERE VTN 4R AR AL AR SR 4 K B (Overall

Accuracy, OA) 343 25 4% & (Average Accuracy,

AA)Fil Kappa ZEL. & 1HIEGNH)H T P> $od 42

T B R S 8, TR AR R B, n 91 R 7R A
*1 IRWEENRESH

Tablel Optimal parameter setting in experiment

A Purdue Campus  Indian Pines

N le-6 le=5

TCRC M le=8 le-8
n 8 8

X le-9 le-9

Boost TCRC T tes fe8
n 8 8
T 20 20

(d) TCRC

(b) Random Forest

4815 F BB Nl 2 Boost TCRC il TCRC & 3%
A IE L S8 SR O A 10 R S8 5 OCE- 1
1, 280 B R 38 IR 7 1
43 ZRER5HH

3 s 15— 21 S 30 A0 6 A Ak Y 4 2 4
K. AHER L, Boost TCRC 432 #4325 30
I, AdaBoost ELM 43 288 IR Z , Boosting 71 2 #5 34
Wt 22, Boost TCRC Bk Ti&% & R 20K, Ada-
Boost ELM #.ik th T %8 20K, % 2 6 F 4y
2 %% (Boosting . RF ,ELM, TCRC , AdaBoost ELLM
il Boots TCRC) 1Y OA (%6 ) 43 24 86.09.87.31 .
89.36.,90.91, 91.92 #1 93.73. #] LI & Hi , Boost
TCRC Bk B AR 2K BE S ¥ 50 288 B Al Kappa

(c) ELM

(e) AdaBoost ELM (f) Boost TCRC
E 3 Indian Pines #{1E &
Fig.3 Indian Pines data set
*2 ZH—HEBEZRIT
Table2 Classification Accuracy Statistics of Experiment 1
Byl Y ZFEA R A Boosting RF ELM TCRC AdaBoost ELM  Boost TCRC
i# 15 1272 82.60 82.20 89.67 88.91 91.13 92.44
b 15 1099 89.78 90.93 89.12 85.54 95.29 89.49
5% 15 204 71.03 94.02 66.31 90.46 81.87 88.43
+ 1 15 364 73.24 94.45 80.66 86.82 86.85 91.19
B A 15 1336 98.68 93.49 99.15 98.18 99.33 98.89
A HY 15 1270 83.72 79.67 89.60 94.63 87.32 96.17
IsSiNG eSS 86.09 87.31 89.36 90.91 91.92 93.73
V-2 oy R B/ 4 83.18 89.13 85.75 90.76 90.30 92.77
Kappa % 5 0.8257 0.8413 0.866 5 0.888 5 0.898 3 0.920 8

i E] /s 1.25 0.10 0.14 18.40 1.30 126.95
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TCRC 4324 78 6 Fh 1L b SOMAOKS BE F0F- KK 2 3
AT fe AR 1 92 56 45 1, LR U2 AdaBoost ELM 43 28
PRI TCRC 4325 8%

5 2R SR 6 Fh 3 R BE I 43 2R 5 R A 4
Ji7R o Boost TCRCHEM /3K 45K TCRC A

(d) TCRC

B 15 7 2 9 J2 , Boost TCRC 4325 2% 1Y A A K
J = T AdaBoost ELM 43 2548 29 12% , = T Boost-
ing 73 25 4% 24 14.63 00, i W] 35 3 28 25 X 4R B9 20K
A RPN,
4.4 BEHW

& 5%} W AdaBoost ELM Hil Boost TCRC P Ff
AR BT 0 SR A 2ORG FEAE BE AR B B T Y A2 Ak

(e) AdaBoost ELM
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Table 3 Classification Accuracy Statistics of Experiment 2
S YIGRFEA KRR AR Boosting RF ELM TCRC AdaBoost ELM  Boost TCRC
Cl1 72 1356 55.41 57.69 62.81 77.25 64.70 84.85
C2 42 788 62.28 45.65 54.27 82.03 53.77 75.27
C3 25 458 73.51 73.44 87.20 97.59 90.84 95.83
C4 37 693 89.22 91.23 94.67 94.47 96.94 97.29
C5 24 454 94.05 97.05 99.04 99.52 99.80 100
C6 49 923 58.46 51.53 56.81 80.01 55.69 73.18
C7 123 2332 63.06 79.60 62.90 66.03 63.54 75.16
C8 30 563 52.91 35.99 62.93 81.43 71.67 84.19
C9 64 1201 94.81 95.27 98.45 98.49 98.93 99.14
SRR NG B/ % 69.48 71.05 71.51 80.14 72.09 84.11
TR/ 71.53 69.72 75.45 86.31 77.32 87.21
Kappa 2 % 0.637 1 0.655 3 0.662 1 0.762 8 0.668 4 0.8120
IR /s 12.21 0.35 0.13 164.30 2.30 3651.34
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Boosting Ensemble Learning for Hyperspectral Image
Classification Using Tangent Collaborative Representation

Yu Yao,Su Hongjun, Yao Wenjing
(School of Earth Sciences and Engineering , Hohai University, Nanjing 211100, China)

Abstract: Recently, Collaborative Representation Classification (CRC) has attracted much attention in hyper-
spectral image analysis. Due to uses the tangent plane to estimate the local manifold of the test sample. Tangent
Collaborative Representation Classification (TCRC) achieve better performance. Furthermore, in order to im-
prove the classification accuracy and reliability of hyperspectral remote sensing images, a novel Boosting—based
Tangent Collaborative Representation ensemble method (Boost TCRC) for hyperspectral image classification
is proposed. In this algorithm, Boost TCRC algorithm choose TCRC as base classifier and adjust the weight of
the training samples adaptively by using the principle of Boosting. Increasing the weight of the misclassified sam-
ples so that the classifier concentrates on the training samples that are difficult to classify. Then assigns the
weights according to the classification performance of the base classifier based on the residual domain fusion. Fi-
nally, the principle of minimum reconstruction error is adopted to classify the test sample. The performance of
the proposed algorithm was comprehensively evaluated by hyperspectral remote sensing image data such as Hy-
Map (Hyperspectral Mapper) and AVIRIS (Airbone Visible Infrared Imaging Spectrometer). The Boosting
method can effectively improve the classification effect of the TCRC algorithm. For HyMap data, the overall
classification accuracy and kappa coefficient of Boost TCRC algorithm are 93.73% and 0.920 8 respectively.
Two precision values are higher than TCRC algorithm by 2.82% and 0.032 3, and are higher than the Ada-
Boost ELM algorithm by 1.81% and 0.022 5. For AVIRIS data, the overall classification accuracy and kappa
coefficient of Boost TCRC algorithm are 84.11% and 0.8120 respectively. Two precision values are higher than
TCRC algorithm by 3.97% and 0.049 3, and are higher than AdaBoost ELM algorithm by 12.02% and 0.143 6.
Key words: Tangent collaborative representation ; Ensemble learning ; Boosting ; Hyperspectral image classifica-

tion



