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Fig. 1  Flow chart of the proposed ANLPC
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Table 2 Quantitative performance evaluation of different methods on Multi-modal datasets
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Table 3 Quantitative performance evaluation of different

methods on single-modal datasets
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Table 4 The influence of different distance measurement methods on the proposed method
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Abstract: Multimodal remote sensing image change detection is an active research area in the field of remote sensing image processing

and plays a crucial role in disaster monitoring, urban planning, natural resource monitoring, and other domains. To address the problem of

insufficient utilization of target spatial structure features and image change information in existing methods, this study proposes that the

spatial structure features of unchanged regions in multimodal images are consistent, whereas the spatial structure features of changed regions

differ. Therefore, change information can be extracted by measuring the difference in the spatial structure of multimodal images. This study

proposes a change detection method based on Adaptive Nonlocal Pattern Consistency (ANLPC) for multimodal remote sensing images.

In this study, the basic processing unit for the images is made up of patches that overlap with one another. The target patch is defined as

the construction pattern’s reference patch, and the other patches are viewed as homogeneous. The nonlocal mode of the image is constructed

adaptively via the homogeneous patch automated selection approach and by using the rank coordinate space of the target patch as the search

space to consider the spatial information of the image and narrow the search area. Cross mapping of two temporal image patterns (forward

and backward mapping) is achieved by adaptive nonlocal pattern mapping to precisely assess the variation between multimodal images.
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With forward mapping as an example, ANLPC maps the nonlocal pattern of the first temporal image into the second temporal image
domain, and the difference information of the pattern in the second temporal image domain represents the change information of the
multimodal image. Similarly, backward change information is acquired from backward mapping. The final difference map is produced by
combining the forward and backward difference information via curvelet transform, and the binary change detection results are produced
using threshold segmentation.

Four multimodal remote sensing image datasets (two optical Synthetic Aperture Radar [SAR] datasets and two optical LiDAR datasets)
and two single-modal remote sensing image datasets (one optical image dataset and one SAR image dataset) are used to verify the
effectiveness of the proposed method. The average improvement of the kappa coefficient of the proposed method in the six datasets is
17.28% compared with the kappa coefficients of existing methods.

To address the problem of insufficient utilization of target spatial structure features and image change information in existing methods,
this study uses an adaptive nonlocal pattern to characterize the structural information of the image. The changed regions are measured in the
same image domain by cross mapping the nonlocal pattern to circumvent the imaging differences of multimodal images. Meanwhile,
difference image fusion and threshold segmentation are employed to obtain a robust change map. The proposed method has higher accuracy
than the compared methods on single-modal and multimodal datasets, a result that demonstrates the proposed method’ s effectiveness and
robustness.

Key words: remote sensing, multimodal images, change detection, structural features, adaptive non-local patterns, pattern mapping,
image fusion
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