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Forest Classification and Accuracy Assessment in ZY3 Image with SVM Method

HOU Yi-chen,ZHAQO Peng-xiang" , YANG Wei-zhi,ZHANG Xiao-li

(College of Forestry » Northwest A&F University ,Yangling s Shaanzxi 712100, China)

Abstract: Based on ZY-3 panchromatic and multispectral image.,the forest stands in Huanglong Mountain-
ous areas were classified by support vector machine (SVM) method. The classification ability of SVM was
tested,and the influence of different kernel functions and texture window size on the accuracy of classifica-
tion were examined. The data showed that the accuracy of the SVM on forest vegetation classification of
7ZY-3 image was higher than that of the traditional maximum likelihood method. The accuracy of classifica-
tion could be evidently improved by combining spectral information and the image texture information
based on gray level co-occurrence matrix (GLCM). Different kernel functions had no significant influence
on the accuracy of classification by using SVM method. In addition, the accuracy of classification was higher
with 3X3 or 5X5 windows.

Key words:remote sensing; ZY-3 image; forest classification; support vector machine (SVM)

S i IR AR B AR T AR AR A
i L AE FRARTE VR JH A RN A B AR B T N
T2 JEG AR 0 R AR U A W I AN AT i g
H AR F 2 L R R ORI O ik 1T 7R
MR A 5% A 1 L A S0 B < R o o PR
AR AT AR AT BB R 2R L £ B A
SRR TR AT AR A B AR BT A A A BOE
LiDAR. SAR, /& 6 i 5 15 5 42 BOpR b £ 21,
{ELR 3k BEBIF 55 v BT FH A 18 40 B SR A% 2 O [ 4k
Mg ese, WiR =5 DREREPEE WA EW

W fs HHEA:2015-03-11 {&[E HH#3:2015-04-24

RS PERARME TR B RE=5 T E¥
G L FH T MOl B 58 8 R R B IR 92 LA 76 AR
M 22 JER N FH T A2 O X [ A7 3 SR AR 1) MK A
AT LA VG A48 4E 22 17 3 e B2 5 )1 Ak A% ik
55X, e AR =5 DA AR(ZY-3) il X Z2Y-3
G0 R 2 G5 B HEAT RSO Rl S TA B BE B
HEMRLA 75 454 K B 36 248 J0 [ (CLCMD IR 4= 1)
SUAE B G OE 1S R AR A SOAE BOR SR
] LI (SVMVD X F 53 X 3k bR b 0F 47 43 25 . WF 5%
T3 1 RN G5 HAE B A v R AR YR S I R

ELTB :EHRK A KB A H 2 4 5 KSR MO b i 23 25 1k & HC 3K 3h F7 17 5% (30972296)
TEE BN ERR . B AR, 5T 7 [ AR B, 3S HRTE SRR IR P 9 W . E-mail: nwsual_hyc@qq. com
* BAEVEE BMEEE. B W, RIS B ST 07 ) R AR B2 L3S BRAE YR YRR BT T A9 B . E-mail : zpx666 @aliyun. com



513

ik SR 55 LT SVM I B8 =5 52 0OMR Hl 73 28 KOS BE T T 5 181

FUAT — 5 1 LA (.
1 B % X B

$ER ) M (109°48" —110°02"E. 35745 — 35°
57" NDAF B 7 48 B i £ B 4 e R b S AR A
20 726 hm® . & B 1 m J5t B B 18 AR IX, R A
7% 4K 1 100~1 300 m., 48 3 BB - FK AR
o AR DX 1 T BT R TR S AR R AR M Bl
R AHPA R E T OB A T A AR (Pinus
tabulae formis) | i %R ¥k (Quercus wutaishanica) | 111
(Populus davidiana) ¥l FAME (Betula platyphylla) 5,
HEARA WK T (Lespedeza bicolor) AT (Elaeagnus
pungens) . 85 35 1% (Rosa hugonis) . JE ¥ T (Ostryopsis
davidiana) . 55 2 3§ (Spiraea salici folia ) 1 JK #] T

(Cotoneaster acuti folius) aliszol

2 MBET®

BRI 2 ZY-3(2013 4E 6 A 27 H)2.1m
A 5.8 m ZHIEHAR . GBS NE 1
N e BEGRbR 7 B M R A EHE L Ak 12 10 000 Hb
TEHE

1 OZY-3 R EE IR B AE

Table 1 ZY-3 sensor band features

WBY 5 W BLE I/ pm WB AP AESHEE/m
1 0.45~0.52 W 5.8
2 0.52~0.59 4 5.8
3 0.63~0.69 1 5.8
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0.45~0.80 A Af,
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Table 2 Formulae to calculate textural features and texture image
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Table 3 Classification accuracy matrix of maximum likelihood method(spectrum -+ texture)

+ Hb AR £k Ak [N TE A A AT B E F P RS BE/ Y6
PN 61 46 10 0 117 52. 14
i) - 37 63 8 1 109 57. 80
TR AR 4 8 14 2 28 50. 00
Bl i 0 0 2 44 46 95. 65
H1) K 102 117 34 47 300
R BRI % 59. 80 53.85 41.18 93.62

1 :Kappa 2250 0. 430 9, MK BEH 60.67%,
F4 SUMEHEBEER(HIE+ S 3X3 Polynomial)

Table 4 Classification accuracy matrix of SVM method (spectrum + texture 3 X3 Polynomial)

+ b RGN [N AR E[F N 7 38 PG/ %
LARUR S 91 13 5 0 109 83.49
B - b 8 97 4 0 109 88. 99
AR AR 3 7 24 1 35 68.57
Ak b 0 0 1 46 47 97. 87
) 2% 102 117 34 47 300
R EREEE % 89. 22 82.91 70.59 97. 87
1 :Kappa %00 0. 799 1, B4R B 86.00%
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Table 5 Classification accuracy matrix of SVM method(spectrum Polynomial)

IR RS IR [N AR E[F N [Py FH PR BE/ 6
LARUR S 73 27 4 0 104 70.19
il i 18 72 6 1 97 74.23
AR 11 18 23 2 54 42.59
Akt 0 0 1 44 45 97.78
51| 102 117 34 47 300
PR EREEE % 71.57 61.54 67.65 93. 62
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Fig. 1 Forest land classification figures

F6 SVMENEBEER (HIZ+ LI 3X3 Linear)

Table 6 Classification accuracy matrix of SVM method(spectrum—+texture 3 X3 Linear)

+ A ELREN I ot AR E[¥ 1 17 A PR EE/
A Ak 88 12 6 0 106 83.02
i) Pt A 11 99 4 0 114 86. 84
AR 3 6 23 0 32 71. 88
B[N 0 0 1 47 48 97.92
5 B 102 117 34 47 300
HEFERNE ) % 86. 27 84. 62 67.65 100. 00

1 :Kappa 250k 0. 793 6, SRR R 85.67% .
KT SVMEHEBEEER (LIE+ 538 3X3 Radial Basis)

Table 7 Classification accuracy matrix of SVM method(spectrum + texture 3X3 Radial Basis)

BT ES Bt Ak I i e AR E[¥ 1 AT B FH PR B/ 6
FINUREN 85 13 3 0 101 84.16
Ji#] bt A 13 98 5 0 116 84. 48
AR 4 6 26 1 37 70. 27
B[N 0 0 0 46 46 100. 00
BZIP=Y 102 117 34 47 300

EPEERRE R % 83. 33 83.76 76. 47 97. 87

1 :Kappa 250k 0. 784 7, MK 85.00%
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Table 8 Classification accuracy matrix of SVM method (spectrum -+ texture 3 X3 Sigmoid)

SSSCIE LS B -k fi#] it A HEA MR /¥ N (IgsY F PR/ %
[ERLRN 79 11 2 0 92 85. 87

v - Ak 15 97 5 0 117 82.91

T AR bR 8 9 27 0 44 61.36

E[7 ) 0 0 0 47 47 100. 00
VipsY e 102 117 34 47 300

P ERE R % 77.45 82.91 79. 41 100. 00

1 :Kappa 2500 0. 762 7, SRR BEH 83.33%.
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Table 9 Classification accuracy matrix of SVM method (spectrum + texture 5X5 Polynomial)

RS B AR I - e AR e (FRsY FH P RS BE/
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NN 8 96 5 1 110 87.27
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7 :Kappa R0 0. 780 0, AR Ry 84.67%,
F 10 SVM iR 5 £ 48 EHERE (St + 403 7X7 Polynomial)
Table 10  Classification accuracy matrix of SVM method (spectrum + texture 7 X7 Polynomial)

E:ib LS B AR Il i e AR e (FpsY RSB/ %
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A E A % 85. 29 79.49 64.71 95. 74
1 : Kappa R%H 0. 745 2, BAKS N 82.33%,
F 11 SVM S EBEER (% +4E 9X9 Polynomial)
Table 11  Classification accuracy matrix of SVM method (spectrum + texture 9X9 Polynomial)
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i@ i Ak 12 88 6 0 106 83.02
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