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Evaluating the effectiveness of multi-temporal image segmentation

on object-based change detection

1.2.3

Hu Yongyue'??*,Xiao Pengfeng'*?" ,Feng Xuezhi''*?,Zhang Xueliang"?*, Yuan Min'*"
(1. Jiangsu Provincial Key Laboratory of Geographic Information Science and Technology,Nanjing University,
Nanjing,210023,China;2. Key Laboratory for Satellite Mapping Technology and Applications of
State Administration of Surveying,Mapping and Geoinformation of China,Nanjing,210023,China;

3. Department of Geographic Information Science,Nanjing University, Nanjing,210023,China)

Abstract: Object-based image analysis ( OBIA) has shown improved performances over the classical pixel-based
methods.and object-based change detection(OBCD)is an important part of OBIA. From the perspective for object
extraction of multi-temporal image data,the image segmentation can be categorized into three different models: two
time data stacking as a whole for segmentation, which produce spatially corresponding objects; Extracting objects
from one time data and assigning to the other time data without segmentation;segmenting independently for the two
time data. The evaluation of three multi-temporal image segmentation models remains a critical significance because
objects in different models are of various sizes and shapes. In this paper we use change vector analysis to divide
objects into changed and unchanged objects, the changed objects acquired from the three image segmentation models

are analyzed using qualitative and quantitative comparison, and the standard evaluation map is acquired by the
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artificial visual interpretation. From the comparison of three multi-temporal image segmentation models, it shows

that the first image segmentation model has the highest overall accuracy and Kappa coefficient on both of the two

study areas. In practical OBCD applications,we can choose the appropriate image segmentation models according to

the status of study area and application purposes.

Key words: high resolution remote sensing image,object-based change detection, multi-temporal image segmentation,

change detection accuracy assessment
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Fig.1 Location of two study areas and their multi-temporal true color composite images
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Fig. 2 Flowchart of object-based change detection
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Fig.3 Three multi-temporal image segmentation strategies
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Fig.4 Object correspondence via intersection
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Table 1 Confusion matrix
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Fig. 5 Comparison of multi-temporal objects for study area B
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Fig. 6 Change maps of different multi-temporal segmentation strategies in study area A
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Fig.7 Change maps of different multi-temporal segmentation strategies in study area B
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Tabel 2 Change detection accuracy and errors from different multi-temporal segmentation strategies
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