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Abstract: In terms of change detection with high resolution remote sensing images, there are still some unresolved
problems such as scattered plots with ragged boundaries in output, being prone to occurrence of “salt-and-pepper”
noise, expensive cost of manual annotation in the process of supervised training, redundancy of training samples,
underutilization of information in unlabeled samples and so on. In order to address these problems, this paper
proposes a new high resolution remote sensing image change detection method by combining the superpixel
segmentation technology and Active Learning (AL) approaches. The proposed method consists of the following steps.
Firstly the difference image is derived from two temporal remote sensing images. Subsequently the lattice-like
homogenous superpixel are obtained by applying the Simple Linear Iterative Clustering (SLIC) algorithm.
Simultaneously, we compare the SLIC algorithm with entropy-rate-based and modified-watershed-based superpixel
generating algorithms respectively by means of homogeneity of superpixel and their coherence with image
object boundaries. Then we compute the means and standard deviations of three bands of superpixel objects as
spectral features and extract the entropy, energy and angular second moment by employing Gray- Level Co-
occurrence Matrix (GLCM) as texture features. After that, initial training samples are randomly selected and labeled
by introducing and following the Margin Sampling (MS) active learning sample selection strategy which is a kind of
SVM based AL algorithm taking advantage of SVM geometrical properties and suitable for bipartition problems.
A cosine distance based sample similarity measurement called Angle Based Diversity (ABD) is introduced to
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relief redundancy and ensure diversity of the selected samples. Lastly change detection is carried out according to the
extracted information from trained samples. The proposed algorithms (SLIC-MS, SLIC-MS+ABD) are utilized to
process WorldView II multispectral remote sensing data of urban and suburb scenes and the detection result from
proposed sampling is compared with that from random sampling to explain detection accuracy of our methods. To
illustrate the efficiency of methods proposed in this article, we investigate the iterative times of three techniques for
reaching the same detection accuracy. Experimental results confirm that both SLIC-MS and SLIC-MS+ABD can
reduce manual labeling cost and achieve better change detection quality than random sampling methods. They also
indicate that the two proposed methods can find out samples with high uncertainty, which can be labeled by user
themselves, from the unlabeled sample pool by making full use of and mining unlabeled sample information.
Compared with the other two methods, SLIC-MS+ABD is more accurate with respect to identical data sets (the
same two mentioned remote sensing images) and the same labeled sample number because the diversity of new selected
samples has been considered in the learning process. In addition, SLIC-MS+ABD can obviously reduce iterative times
to converge for achieving the same detection accuracy than other two approaches. On the basis of the experiment, it
can be concluded that our proposed methods greatly relief the amount of user marking and acquire good change
detection performance on high resolution remote sensing data sets as well. Experimental results also indicate that
the methods implemented in this article saliently exhibit their advantages of manual cost reduction in sample
labeling, avoidance of training sample redundancy to reach the same change detection quality for the same data set.
Key words: high resolution remote sensing images; change detection; superpixel; active learning; sampling strategy
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Fig. 1 Flowchart of the proposed change detection method
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