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Object-based forest type classification with ZY-3 remote sensing data

DONG Xinyu, FAN Wenyi, TIAN Tian

(School of Forestry, Northeast Forestry University, Harbin 150040, Heilongjiang, China)

Abstract: A new method of identification technology for forest types, an important and difficult part of remote
sensing classification, uses object-oriented remote sensing image classification.It provides a new direction for
forest type to extract which is based on ZY-3 remote sensing data. This study applied ZY-3 remote sensing data
to the object-oriented classification method, chose hierarchical segmentation of a fractal network as an evolution
method, and combined typical ground objects including spectrum features, texture features, geometrical charac-
teristics, and vegetation indexes, to build a decision tree model which is applicable to forest types. Then, the
different segmentation scale compared from the support vector machine (SVM) classification method. Results
showed that classification accuracy of the decision tree classification method with multi-level segmentation
(which increased 6.1% and 12.5% ) was higher than the support vector machine (SVM) classification method
with the different single segmentations. Thus, it would be suitable to build a decision tree classification with
multi-level segmentation to the classification of forest type. [Ch, 13 fig. 5 tab. 15 ref.]
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Table 3 Classification accuracy and confusion matrix of solution 1

e i i . it o ot mer B BEAR HPHE

Bl IS . B B R - FIHER Btk B mE B BB E%
IS 27 0 0 0 0 0 0 0 0 0 0 27 100
HEBE I b 0 18 1 2 0 0 0 0 0 0 0 21 85.7
Hi b 0 1 30 0 3 0 1 1 0 0 0 36 83.3
b 0 3 0 23 0 0 0 0 0 0 0 26 88.5
T 0 0 4 0 20 0 0 0 0 0 1 25 80.0
AR R 0 0 0 0 1 28 1 0 2 1 1 34 82.4
I HE 0 0 0 0 0 0 44 4 1 2 1 52 84.6
T ek 0 0 0 0 0 1 3 41 1 2 2 50 82.0
ERIR AR 0 0 0 0 0 3 0 1 50 2 3 59 84.7
N IR 52 0 0 0 0 0 0 2 3 1 58 3 67 86.6
B IR 52 0 0 0 0 0 1 1 2 4 1 53 62 85.5
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PR 100 818 857 920 833 84.8 846 788 847 879 828
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Table 4  Classification accuracy and confusion matrix of solution 2

e JEnt g f - b FA :

K B W ﬁ% FRER e i; E; gg z; ﬁ;f
7K 23 1 1 0 0 0 0 0 0 0 25 92.0
5% A b 0 15 2 0 0 0 0 0 0 0 19 78.9
i 0 1 38 0 5 1 1 1 0 0 0 47 80.9
W 1 1 3 27 0 0 0 0 0 0 0 32 84.4
T 0 0 4 1 17 0 0 0 0 0 1 23 73.9
AR 0 0 0 0 1 39 1 1 4 1 1 48 81.3
FIHEbR 0 0 0 0 0 3 48 5 1 2 4 63 76.2
PRk 0 0 0 0 0 2 35 1 2 2 45 77.8
FHHIR A 0 0 0 0 0 1 1 44 2 6 54 81.5
[EIREEY 0 0 0 0 0 2 1 33 1 42 78.6
B TR A 0 0 0 0 0 1 2 2 1 49 61 80.3
FEAS B2 24 18 48 30 23 49 61 48 53 41 64 459
FH RS B % 95.8 83.3 79.2 90.0 73.9 79.6 78.7 72.9 83.0 80.5 76.6

Wi BRI R 79.2%, Kappa R %4 0.766,
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Table 5 Classification accuracy and confusion matrix of solution 3

. i ] i . A0y b e g BEA S RS

2 KA . e #it O Kb FIHERR A Hepk B BE BE B E%
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B 0 1 23 0 2 2 4 2 1 1 0 36 63.9
R 1 3 1 22 0 1 0 0 0 0 0 28 78.6
s ) 0 1 3 1 15 0 0 0 0 0 1 21 71.4
T8 AR AR 0 0 1 0 1 33 4 3 4 1 0 47 70.2
SRS 0 1 4 0 2 3 37 5 3 2 4 61 60.7
LN 0 0 2 0 1 1 2 46 1 2 2 57 80.7
B 0 0 0 0 0 4 1 2 36 2 3 48 75.0
Il 9 58 0 0 1 0 1 2 4 46 1 61 75.4
BT A 0 0 1 0 0 1 1 3 32 43 74.1
FEAR B 30 24 39 29 22 47 53 65 50 57 43 459
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