RNSHBIFHRE

. 041010(2018) Laser & Optoelectronics Progress ©2018 (H E WL ) A ki it

al
541

FET A b MR IEIE DR = e ik R o J i ik
BaEu, T1E?, HEE®

VR A O R B A BB, A M 5106505
‘G J\(J’II?Ffjia'JE B lﬁl\_fnl&d" EiE(I MR 150001
HFHMTREEGSE T TESRE, WK F% 266520

FE R PSR O R R S R SRR B TR 5 B AR R RRAE AR I, & X 3 — [A) 8, 42 1 —Fh B 38 BE

I U B 00 = TS RG22 Bk (AMEF-SVMD . %07 3R H B 38 B T L e 1 328 — N B L SR 5 AR 4l i T2 ) v 1
PEAT 30 B I T R RS b B, 5 4 Ak 3 25 SR 0] i O i R AT 4 M R D L A5 B BEAF 1Y 28 (B RRAE L O He SRR 1) i AL

(SVMD FE B2, I S R A B A 2 5 51 . S0 06 3 01, M LU i A5 B L B G R B 4 25 1% 5 B 45 & 1 SVM

I3 ETT T LA U I LA K5 VT ME R A T L AMF-SVM X 85 618 AR B /> 2R B A B 4R & TR U T %07

A A

EEiIA R moBIEEG: AENMRIEIEN SRIGGEE R &R 2%

FES%ES TP753 SCEEARIRED A doi: 10.3788/LOP55.041010

Hyperspectral Image Classification Method Based on
Adaptive Manifold Filtering

Liao Jianshang', Wang Liguo®*, Hao Siyuan’
' School of Rail Transit, Guangdong Communication Polytechnic, Guangzhow, Guangdong 510650, China ;
2 College of Information and Communication Engineering, Harbin Engineering University,
Harbin, Heilongjiang 150001, China;
# School of Commumnication and Electronic Engineering, Qingdao University of Technology,
Qingdao, Shandong 266520, China

Abstract  Spatial texture information extraction of hyperspectral image by filter often falls into local texture
extraction. According to the problem, an algorithm of hyperspectral image classification based on adaptive manifold
filtering (AMF-SVM) is proposed. This method uses adaptive optimization. The first manifold is calculated. Then,
hyperspectral image with manifold is recursively splatted, blurred, and sliced according to the height of the manifold
tree. Combined with the handling results, hyperspectral image is applicated to the linear filtering, the results are
classified by support vector machine (SVM), and then the optimal classification is obtained. Experimental results
show that the AMF-SVM algorithm is better than original SVM classification methods using the spectrum
information, dimensionality reduction, and the spatial-spectral information, and the methods of edge-preserving
filtering and recursive filtering. Performance of the classification for hyperspectral image with AMF-SVM is greatly
improved, and effectiveness of this method is fully verified.
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Fig. 1 Original spectrum and filtering results of Indian Pines data sets. (a) 10™ band;
(b) 80" band; (c¢) 120" band; (d) 180" band
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Fig. 2 Optimization for manifold filtering coefficient of Indian Pines data sets.

(a) Spatial deviation coefficient o,; (b) range deviation coefficient o,
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Table 1 Classification data statistics of Indian Pines data sets
Sum Train Test SVM- GBF- BF-
Ground SVM / GDF- EPF- EPF- IFRF /  AMF-
N sample  sample  sample % PCA/ SVM/ SVM/ SYM /% B /% G /% y SYM /%
trut 0 0 g 0 -g 0 0 0
No. No. /% No. /% % % %

Alfalfa 54 7 93 83.57 78.89 88.83 91.86 91.10 95.58 94,78 91.34 92.24
Corn-no till 1434 7 93 71.50 71.08 76.46 84.28 87.25 91.57 91.39 91.23 96.95
Corn-min till 834 7 93 70.63 72.02 70.38 88.93 91.67 87.34 87.54 84.64 97.90

Corn 234 7 93 44,19 41.48 51.61 57.98 66.21 62.57 61.39 86.22 87.16

Grass/

497 7 93 89.90 89.12 88.96 92.29 93.60 95.48 94.82 93.96 93.58
pasture

Grass/

747 7 93 94.79 94.63 95.15 96.79 96.86 99.79 99.50 98.10 97.40
trees

Grass/

pasture- 26 7 93 53.91 53.27 66.50 62.45 64.31 54.19 62.80 88.13 76.67

mowed

Hay-
489 7 93 97.16 96.18 99.56 98.33 97.47 100.0 100.0 99.58 99.16
windrowed
Oats 20 7 93 46.99 47.52 75.94 57.46 62.42 22.69 39.34 89.47 94,07
Soybeans-
968 7 93 69.29 68.28 67.89 83.05 84.41 87.59 86.21 87.14 92.83
no till
Soybeans-
2468 7 93 85.12 84.43 86.88 91.70 93.68 97.71 97.51 95.96 98.51
min till
Soybeans-
614 7 93 79.40 78.41 74.90 87.71 90.03 95.67 95.88 95.24 96.58
clean till

Wheat 212 7 93 95.98 96.53 97.00 97.38 97.58 99.95 99.60 99.34 98.38

Woods 1294 7 93 97.67 97.97 98.19 98.08 98.59 99.94 99.81 98.84 99.01
Bldg-Grass-

380 7 93 45.94 43.59 68.51 64.42 74.86 60.16 61.26 91.16 78.77
Tree
Stone-steel
95 7 93 76.42 76.16 71.16 76.42 81.82 93.35 97.73 83.37 82.04
towers
OA /% - — — 80.93 80.46 82.82 88.99 91.08 92.99 92.83 93.62 96.16
Kappa — — — 78.12 77.58 80.28 87.41 89.81 91.96 91.78 92.11 95.62
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Fig. 4 Classification of Indian Pines data sets. (a) Ground truth; (b) SVM, OA is 80.93%; (¢) SVM-PCA,
OA is 80.46% ; (d) GBF-SVM, OA is 82.82%; (e) BF-SVM, OA is 88.99%; (f) GDF-SVM, OA is 91.08%;

(g) EPF-B-g, OA is 92.99%; (h) EPF-G-g, OA is 92.83%;

(i) IFRF, OA is 93.64%; (j) AMF-SVM, OA is 95.16%

F2 BRI R A R R R R R e

Table 2 Classification statistics of Pavia University data sets

Ground Som  Train /% Test /% SVM /% SVM-  GBF- BF- GDF-  EPF-  EPF- FRF /% AME-
truth PCA /% SVM /% SVM /% SVM /% Bg/% Gg/% SVM /%
Asphalt 6641 2 98 87.84  86.19  88.74  88.23 9498  98.07  97.49  97.70  98.68
Meadows 18649 2 98 95.81  95.99  96.13  97.03 9832  99.98  99.91  99.34  99.79
Gravel 2099 2 98 57.87 4876 5451  65.01 76,07 72,60  69.39  86.68  90.63
Trees 3064 2 98 88.17  85.01  89.21  91.98  96.19  91.84  92.26  92.78  96.56
Metal
heets 1345 2 98 98.34  98.72  98.84  97.54 9838  99.85  99.94  99.02  99.40
Soil 5029 2 98 54,33 54.96  56.21  77.91  88.34  60.74  60.32  99.86  97.59
Bitumen 1330 2 98 64.64 6479  65.89  70.50  82.89  81.27  86.38  96.37  95.12
Bricks 3682 2 98 78.97  79.41  77.88  80.18  91.43  98.47 9595  73.13  97.05
Shadows 947 2 98 89.33  84.29  90.64  87.82  93.37 9513  93.20  83.10  94.49
OA /% - - - 84.80  83.96  85.20  89.03  94.20 9232 91.92 9531  98.17
Kappa - - - 79.47 7831 80.00  85.34  92.29  89.57  89.04  93.67  97.57

4.2 THHH

1) AMF-SVM X 1 28 %5 4 48 19 43 25 45 S n &1
4.5 i, & 1 2 400 50 5 Rh Oy vk s 4
Mo 25 5 S, o B 22 R MROBCHE 4E 1 OA Dy
96.16 % . Kappa Z XU 9562 I\ 4 W K 2 K s 42 1)
OA } 98.17% , Kappa R E( N 97.57, Xt 4k
AR, AMF-SVM X} PR 28 040 4 1 o0 R 45 R 1

SVM J5 ¥/ 13% ~ 15%, tb PCA-SVM J5 i &
13%~14%, It GBF-SVM,BF-SVM.,GDF-SVM J5
P 3% ~12%, tk EPF Jrigkem 3% ~5% ., b IFRF
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B 5 MR T K 2 RO S A R . () ELSE MR (b) SVML OA 2k 84.80% 5 () SVM-PCA,OA ¥y 83.95% ;
(d) GBF-SVM,OA & 85.20% ;(e) BF-SVM,OA 47 89.03% ; ({) GDF-SVM,OA & 94.20% ; (g) EPF-B-g,OA & 91.29%;
(h) EPF-G-g,OA 4 91.68% ; (i) IFRF,OA J 95.31% ;(j) AMF-SVM.,OA 4 97.92%
Fig. 5 Classification for Pavia University. (a) Ground truth;(b) SVM, OA is 84.80%; (¢) SVM-PCA,
OA is 83.95%; (d) GBF-SVM, OA is 85.20% ; (e) BF-SVM, OA is 89.03%; (f) GDF-SVM, OA is 94.20%;
(g) EPF-B-g, OA is 91.29%; (h) EPF-G-g, OA is 91.68%; (i) IFRF, OA is 95.31%; (j) AMF-SVM, OA is 97.92%
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Fig. 6 Charts of OA and Kappa coefficient with different training samples. (a) Indian Pines; (b) Pavia University
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Fig. 7 OA and Kappa coefficient for different classification methods. (a) 1% training sample for Indian Pins;

(b) 0.1% training sample for Pavia University
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Table 3 Hyperspectral classification data statistics of adaptive manifold filtering
n 0 1 2 3 4 5 6 7 8
Index Tree height 2 3 4 5 6 7 8 9 10
Tree node 3 7 15 31 63 127 255 511 1023
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Fig. 8 Optimization for hyperspectral classification of adaptive manifold filtering. (a) Indian Pins; (b) Pavia University
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