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Investigation on Urban Object Classification Based on Spectral Unmixing

HUANG Zuowei HU Guangwei XIE Shixiong
(Hunan Provincial Key Laboratory of Comprehensive Utilization of Agricultural and Animal Husbandry Waste Resources ,
Hunan University of Technology, Zhuzhou 412000, China)

Abstract: One of the prominent problems in hyperspectral remote sensing is the existing of mixed pixel
widely. How to effectively interpret mixed pixels is an important problem of hyperspectral remote sensing
applications. It is not only a problem of mixed pixels effects identification and classification precision of
objects, but also a major barrier for the development of remote sensing technology. Mixed pixel
decomposition, which is the most effective method to solve the mixed pixel problem, can break through
the limitation of spatial resolution. Aiming to the shortcoming of the traditional algorithm of mixed pixel
decomposition, an improved method of mixed pixels was put forward, which can take account of the
spatial correlation of spectral information and spectral information, and multi-core parallel processing
method to raise its efficiency. The endmembers were automatically extracted, and the abundance charts
corresponding to each endmember were obtained at the same time. The performance of the proposed
algorithm was verified by using actual hyperspectral image. The experimental results on simulated and
real hyperspectral image demonstrated that the proposed algorithm can overcome the shortcomings of
traditional method and obtain more accurate endmembers and corresponding abundance, which can
provide a strong support for urban object classification.
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Fig.1 Processing of mixed pixel decomposition
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Fig.2 Image of study area
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Fig.4 Comparison result of extracted endmember and reference spectra

F1 RBURTHAERETEN

Tab.1

Accuracy assessment of extracted endmembers
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0.137 1/0.049 8
0.1358/0.0508
0.1204/0.043 1

0. 086 2/0. 006 9
0.081 2/0. 006 4
0. 083 4/0. 006 7
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Tab.2 Confusion matrix based on SVM classification

H Y SIS ¥ T8 % S

w5 3653 40 5 33 3731
KAk 110 2382 83 162 2737
Jik 58 81 5638 35 5811
i B 11 68 130 668 937

SR 3832 2571 5856 901 13216
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Tab.3 Confusion matrix after spectral unmixing based on

N - FINDR
Y KK K3 IE B JE|
Jay] 3653 40 8 33 3734
NS 110 2382 83 162 2737
it 58 81 5638 35 5811
T8 e 11 68 130 668 937
SR 3832 2571 5856 901 13219
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Tab.4 Confusion matrix based on improved spectral

unmixing SVM classification

jesin /] KA B BB SR

#3783 17 6 19 3825
NS 89 2478 59 38 2664
i bk 73 27 5745 35 5880
T8 e 12 56 58 723 849

S 3957 2578 5868 815 13 218
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Tab.5 Classification accuracy based on SVM

classification %
sty KA IH ik
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Fig.6 Comparison result of different classification methods
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Tab.6 Classification accuracy after spectral unmixing
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Tab.7 Classification accuracy after spectral unmixing

(improved method) %
ik IS 18 LiEKi3
Kappa & % 88.78 82.23 78.53 86. 69
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Jirg 1.26 2.27 0.98 1. 11
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