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Hyperspectral image classification combing local binary patterns
and k-nearest neighbors algorithm

ZHAO Jin-Ling"*, HU Lei’, YAN Hao’, CHU Guo-Min®, FANG Yan’, HUANG Lin-Sheng"*
(1. National Engineering Research Center for Agro—Ecological Big Data Analysis & Application, Anhui
University, Hefei 230601, China;

2. School of Electronics and Information Engineering, Anhui University, Hefei 230601, China)

Abstract: It is a highly important and challenging task to finish the high-accuracy hyperspectral image classification us-
ing fewer training samples. A novel hyperspectral image-based classification method (hereafter referred to as the LBP-
SSKNN) was proposed by combing Local Binary Patterns (LBP) and K-Nearest Neighbors (KNN). First, the Princi-
pal Component Analysis (PCA) was used to reduce the dimension of hyperspectral image. Subsequently, the LBP was
used to extract the spatial texture information and the spatial and spectral features were uniformly scaled to form the spa-
tial-spectral vectors. Finally, the vectors were input into the KNN classifier to obtain the classification result. The train-
ing and test datasets of three popular open hyperspectral datasets were used to validate the proposed method, including
Pavia University, Indian Pines and Salinas. the classification method was verified on three groups of hyperspectral re-
mote sensing image datasets. In addition, three classic classifiers were also selected to compare the LBP-SSKNN, in-
cluding Radial Basis Function Support Vector Machine (RBF-SVM) and Kernel Simultaneous Orthogonal Matching
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Pursuit (KSOMP). In the Pavia University dataset and Indian Pines dataset, the 10% of training dataset were randomly

selected as the training samples. The overall accuracy (OA) and Kappa coefficient reach 99.15%, 98.87% and

97.88%, 97. 58%, respectively. In the Salinas dataset, only the 2% of training dataset were randomly selected as the

training samples, and the OA and Kappa coefficient reach 98. 46% and 98. 29%. The experimental results show that the
OA of LBP-SSKNN method can still reach more than 98% under the 10% and even 2% of the training dataset. Our pro-
posed method can satisfy the high-accuracy requirement due to limited training samples in practical application scenes.

Key words: hyperspectral remote sensing, local binary patterns (LBP) , k-nearest neighbors (KNN) , spatial and

textural features, principle component analysis
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Fig. 3

classes for the Pavia University scene

(a) False-color composite image (b) ground-truth
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FHRG MR A 50T . BURRST 14518 % x1451%
R, 310249 MEAS 405 oS Tl b ) 2 A (5] 4b 1

#&1 Pavia University iFEEHAEER

Table 1 Sample information of the Pavia University

dataset

Jr 5 25 A
1 Asphalt 6631
2 Meadows 18 649
3 Gravel 2099
4 Trees 3064
5 Painted metal sheets 1345
6 Bare Soil 5029
7 Bitumen 1330
8 Self-Blocking Bricks 3682
9 Shadows 947

F2) . WK IEE KN O0.4~2.5 um, A 220 4> 3 Bt
B, S5 L v A7 Wi B S ] 11 20 S 1 B, AS SC A FH R
T Y 200G B

(a) (b)
4  Indian Pines(a) {0 (5215 (b) B HLY 43
Fig. 4

classes for the Indian Pines scene

(a) False-color composite image (b) ground truth

#2 Indian Pines HiEEHAER

Table 2 Sample information for the Indian Pines da-

taset
a2 Bk Byl FEA

1 Alfalfa 46
2 Corn—notill 1428
3 Corn—mintill 830
4 Corn 237
5 Grass—pasture 483
6 Grass—trees 730
7 Grass—pasture—mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean—notill 972
11 Soybean—mintill 2 455
12 Soybean—clean 593
13 Wheat 205
14 Woods 1265
15 Buildings—Grass—Trees—Drives 386
16 Stone—Steel-Towers 93
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I Fallow
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' [ Fallow_smooth

g [ Stubble
Il Lettuce_romaine_6wk
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‘ I Vinyard untrained
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[ Comn_senesced_green_weeds
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K5 Salinas 8 (LM% (a) , 5 ESLHH) 041 (b)

Fig. 5

classes, (b) for the Salinas scene

False-color composite image (a) and ground truth

R3 SalinasHIFEHAEER

Table 3 Sample information for the Salinas dataset

s 2] A&
1 Brocoli_green_weeds_1 2 009
2 Brocoli_green_weeds_2 3426
3 Fallow 1976
4 Fallow_rough_plow 1394
5 Fallow_smooth 2678
6 Stubble 3959
7 Celery 3579
8 Grapes_untrained 11271
9 Soil_vinyard_develop 6203
10 Corn_senesced_green_weeds 3278
11 Lettuce_romaine_4wk 1068
12 Lettuce_romaine_5wk 1927
13 Lettuce_romaine_6wk 916
14 Lettuce_romaine_7wk 1070
15 Vinyard_untrained 7268
16 Vinyard_vertical _trellis 1807
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P LBP B A0 48 r T8I SRA AT A4, ) 40 1Y)
JR T IR N w, 43 IR B ko Ty R S50 2
SRS B B AT SR R R AL T 100K, RRIK

NEESE A A BEHLIE R 10% YIZRFEAS  HARAE R
IMAREAS K 10 YRS 50 1Y) 73 M L BOP- P (ELAR D 45
Mo B RCE 1~8 4 E L, it ) 5T
R 5 2 B AORS T o0 r p X = A Bl e 2845
SN (£ 4)

x4 ZAHBEEIHSTEHE L
Table 4 Comparison of principal component contribu-

tion for the three datasets

Salinas
Ritwt
TR4/%

Indian Pines
Ritvr  wmk
Wk%%  Fi%

ESNI Pavia University
g Tk Ritsn sk
# % WRAI% %
1 58.32  58.32  68.49  68.49 74.47  74.47
2 36.10 94.42  23.53  92.02 23.53  98.00
3 4.43 98. 86 1.49 93.52 1.13 99. 14
4
5
6
7
8

0.30 99. 16 0.82 94. 34 0.54 99. 68
0.21 99.37 0.69 95.03 0.17 99. 85
0.18 99. 54 0.52 95.55 0. 06 99.91
0.12 99. 67 0. 40 95.95 0.02 99.93
0.07 99. 74 0.36 96. 31 0.01 99. 95
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Pines dataset for w

e
w=3 w=5 w=7 w=9 w=11 w=13 w=15
BE(%)
0A 97.00 = 0. 26 97.62 = 0. 36 97.72 +0. 35 97.88 +0.26 97.52+0.29 97.85+0.28 97.71 £0.43
AA 95.06+1.11 95.78 +1.62 95.59+1.19 95.59 +1.03 96.03 +1.44 95.90 + 1.41 95.80 + 0. 89
Kappa 96.58 0. 30 97.29 £0.41 97.40 +0. 39 97.58 +0.29 97.17 £0.30 97.55+0.37 97.39 +0.49
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Table 6 Classification accuracies using the four methods based on the Pavia University dataset

WRPE DHAREA

F45 Hh RS N KNN RBF-SVM KSOMP LBP-SSKNN
A B

1 Asphalt 663 5968 80. 22+0. 70 91. 42+0. 40 87. 67+0. 56 99.90+0. 11

2 Meadows 1 865 16 784 99. 18+0. 09 96. 54+0. 51 99. 99+0. 00 99.97+0. 03

3 Gravel 210 1889 64.28+2. 37 71.52+2.39 89. 63+3. 12 99.55+0. 33
4 Trees 306 2758 79. 06+0. 77 92. 88+0. 50 94. 04+1. 13 92.67+1. 49
5 Painted metal sheets 135 1211 99.210. 27 99. 52+0. 26 100. 00+0. 00 99.330. 33
6 Bare Soil 503 4526 40. 62+1. 33 75.57+1. 68 85. 62+2. 40 100. 00=0. 00
7 Bitumen 133 1197 79.39+1. 51 80. 07+1. 55 89. 49+1. 09 99. 89+0. 15
8 Self-Blocking Bricks 368 3314 83. 84+2. 01 86. 06=1. 24 94.78+0. 77 99. 48+0. 62
9 Shadows 95 852 92. 960. 86 97.52+1.31 73.95+0. 44 90. 63%1. 29
0A 84. 1320. 32 90. 49+0. 19 94. 110. 38 99. 1520. 15
AA 79. 86+0. 40 87.900. 45 90. 57+0. 41 97. 94%0. 27
Kappa 78.24+0. 46 87.30=0. 26 92. 08+0. 52 98. 87+0. 20

(a)Ground-truth (b)KNN

€19 Pavia University F08 4 PUFP 4325 772 il 43 25 21

(c)RBF-SVM

(e)LBP-SSKNN

(d)KSOMP

Fig. 9 Classification maps using the four methods for the Pavia University dataset
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Fig. 10 Classification maps using the four methods for the Indian Pines dataset
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Table 7 Classification accuracies using the four methods for the Indian Pines dataset

Jrs Hh P JIEEE ﬁw KNN RBF-SVM KSOMP LBP-SSKNN
ES QN

1 Alfalfa 5 41 24.88+10. 22 17.32+14. 69 86.77+7. 11 93.41+4.32
2 Corn—notill 143 1285 59. 64+4. 23 75.61£2. 16 88. 44+1.72 97.95+0. 41
3 Corn-mintill 83 747 45.02+2. 68 69.97+2. 56 90. 80+3. 08 96.28+1. 51
4 Corn 24 213 24. 88+8. 06 46.95+6. 17 91.74+4. 19 95.45+2. 17
5 Grass—pasture 48 435 80. 74+1.91 90. 69+2. 29 93.70+0. 10 97.52+0. 77
6 Grass—trees 73 657 97.35+1.57 95.25+1. 44 99. 06+0. 39 97.84+1. 58
7 Grass—pasture—mowed 3 25 66. 40+9. 12 21.20+15. 02 47.2949. 01 94. 004. 73
8 Hay-windrowed 48 430 97.28+2. 15 99. 14+0. 57 99. 95+0. 09 99. 60+0. 56
9 Oats 2 18 16. 60+5. 00 6. 110. 38 0. 00+0. 00 78.33+1.78
10 Soybean—notill 97 975 68. 61+3. 06 69.51%3. 05 89. 65+3. 16 96. 88=1. 48
11 Soybean-mintill 246 2209 73.131. 94 86. 52+1. 03 96. 5420. 78 98. 9020. 49
12 Soybean—clean 59 534 27.08+4. 68 71. 89+4. 92 93. 61%2. 39 96. 72+1. 51
13 Wheat 21 184 91. 74%2. 02 96. 79+1. 51 99. 51+0. 45 95. 82+2. 98
14 Woods 127 1138 93. 500. 72 96. 78+1. 36 99. 32+0. 57 99. 09+0. 37
15 Buildings-Grass—Trees—Drives 39 347 15.53=1. 86 52.62+4. 44 87.92+7. 58 98. 96+0. 61
16 Stone—Steel-Towers 9 84 83.93+2. 08 88. 81x4. 03 97. 63x1. 30 92. 74+4. 90
0A 68. 420. 60 81.27+0. 56 93.940. 46 97. 88+0. 26
AA 59.46x1.20 67. 82+0. 92 85. 190. 60 95. 60+1. 03
Kappa 63.71=0. 71 78. 48+0. 66 93. 08+0. 53 97.58+0. 29
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Table 8 Classification accuracies using the four methods for the Salinas dataset

PRt MHSAEA

F5 BLE/REES A i KNN RBF-SVM KSOMP LBP-SSKNN
1 Brocoli_green_weeds_1 40 1969 97.17+0. 48 98. 60+1. 15 99.91+0. 12 99. 81+0. 32
2 Brocoli_green_weeds_2 69 3357 98.22+0. 33 99. 01+0. 38 99. 97+0. 06 99. 96+0. 05
3 Fallow 40 1936 93.39+2.08 93.63+3.52 96.99+1. 76 99.91+0. 12
4 Fallow_rough_plow 28 1366 98. 87+0. 11 98. 59+0. 83 99. 45+0. 34 93.11+2. 17
5 Fallow_smooth 54 2624 94.55+1. 32 97.74+£1.05 98.29+1.27 94.65+1. 47
6 Stubble 79 3880 99. 52+0. 09 99. 44+0. 23 100. 00+0. 00 97.32+0.95
7 Celery 72 3507 99.21+0. 08 99.35+0. 25 99. 05+0. 42 98. 56+0. 75
8 Grapes_untrained 225 11 046 82.36+2. 14 87.44+1.17 95.08+1. 15 99.79+0. 17
9 Soil_vinyard_develop 124 6079 97.27+0. 19 98. 64+0. 63 99. 97+0. 32 99. 99+0. 03
10 Corn_senesced_green_weeds 66 3212 84.14+2.27 92.68+1.76 96. 77+0. 83 98. 69+0. 52
11 Lettuce_romaine_4wk 21 1047 92.00+2. 00 94.16+4. 44 94.29+6. 79 95.57+4.24
12 Lettuce_romaine_S5wk 39 1888 99. 99+0. 02 99. 55+0. 49 99. 99+0. 02 96. 72+1. 18
13 Lettuce_romaine_6wk 18 898 97.76+0. 28 97. 08+2. 08 98. 87+0. 61 92.49+2.90
14 Lettuce_romaine_7wk 21 1049 88.52+2. 58 92.83+2. 44 99.42+0.29 91. 04+4. 60
15 Vinyard_untrained 145 7123 53. 64+2. 80 67.78+2.70 84.44+3.40 98. 81+0. 43
16 Vinyard_vertical_trellis 36 1771 84. 11+3. 12 96.35+1. 62 99. 09+0. 52 99. 99+0. 02

OA 87.02+0. 26 91.43+0.39 96. 23+0. 40 98.46+0. 15
AA 91. 30+0. 40 94. 56+0. 40 97. 60+0. 38 97.28+0. 21
Kappa 85.51+0.29 90. 44+0. 44 95. 81+0. 45 98.29+0. 17
D
~ b i b
(a)Ground-truth (b)KNN (c)RBF-SVM (d))KSOMP ¢)LBP-SSKNN
Bl 11 Salinas B4R PUBh 7325 i S 45 2R

Fig. 11

Classification maps using the four methods for the Salinas dataset
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Fig. 12 Classification accuracies under different training samples for the Pavia University dataset
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Fig. 13 Classification accuracies under different training samples for the Indian Pines dataset
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Fig. 14 Classification accuracies under different training samples for the Salinas dataset
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