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Table 2 Comparison of segmentation accuracy of the two test images
5(a) 6(a)
1% Kappa 1% Kappa

CMRF 60. 14 0.3524 55.94 0.2974
V-MRF 72.54 0.5769 70.10 0.5617
IRGS 85.88 0.7334 82.27 0.7210
90. 64 0.7928 86.34 0.7691
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Abstract: Synthetic Aperture Radar ( SAR) has become a tool for the effective and convenient monitoring of sea ice. It plays a

significant role in both scientific research and business activities such as ship navigation. Owing to the large volume of SAR sea ice

data the automated interpretation of SAR sea ice images is very important. Unfortunately such interpretation involves numerous

imaging characteristics and environmental factors. Hence a strong change in the scattering coefficient of SAR sea ice can make sea

ice images non-stationary. Under such condition the segmentation of SAR sea ice images becomes challenging.

Previous studies use the traditional method based on Markov Random Field ( MRF)  which can effectively improve the accura—

cy of SAR sea ice image segmentation. However the improvements of the MRF method are only based on local edge strength. The

scale dependence of sea ice scenes must still be considered. Owing to the non-stationary scale of complex SAR sea ice images lo—

cal weight must be immediately integrated into the adaptation of complex scenes in the segmentation algorithm. To improve the ac—

curacy of complex SAR sea ice image segmentation we propose a segmentation method with a hierarchical binary tree structure on

the basis of region splitting and adaptive adjustment.

The global iterative weights based on the MRF model are used to complete the initial region merging and the merging process

is described in the form of a binary tree. In the proposed hierarchical clustering algorithm a positive correlation exists between the

scale of the object in a scene and the number of binary tree nodes. The subsequent refinement of region splitting does not generate

new regions but only reverts to a previous configuration. The scale weight of the spatial contextual model is adjusted adaptively ac—

cording to the complexity of the objects in different regions in a scene. The updated weights renew the regional merging.

The segmentation result obtained by the proposed algorithm is compared with that of three other algorithms namely C-MRF
V-MRF and IRGS. The result of the C-MRF algorithm is too smooth and ignores many details. Meanwhile the V-MRF algorithm

cannot accurately identify large-scale regions. As for the IRGS algorithm it is difficult to use when identifying regions with sea ice

of varying complexities. The proposed algorithm considers both edge details and regional consistency. The overall accuracy and

kappa coefficient of the proposed algorithm are higher than those of the other three algorithms. Experiment results show that the pro—

posed method effectively improves the accuracy of SAR sea ice image segmentation particularly for images of complex scenes.

Compared with the existing single MRF method the proposed method obtains better visual effects. Despite several studies on

multi-scale random fields and continuous state modeling methods the problem of modeling discrete fields with multi-scale structures

remains unresolved. To address this gap we use a single MRF to model a discrete field with spatial dependence and non-stationary

structure. Such model can satisfy ice class business specifications by drawing on the natural ways of efficiently representing the

spatial structure of different dimensions to avoid the low efficiency of several schemes.

Key words: SAR ice image regional splitting twofork tree Markov Random Field ( MRF)

spatial context model



