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Abstract: Image registration is the basis for optical and SAR image information fusion. Most of the existing typical reg-

istration methods rely on feature-point detection and matching. However, because of their poor applicability to different
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scene regions, these methods are prone to problems such as excessive mismatched points and insufficiently effective
matched points, resulting in invalid registration. Therefore, this study investigated an integrated registration method
with enhanced position awareness for optical and SAR images. This method utilizes a deep neural network to directly re-
gress the geometric transformation relationship between images. The proposed method achieves end-to-end high-
precision registration without relying on feature-point detection. First, a feature-extraction module that integrates coordi-
nate attention is used in the backbone network to extract position-sensitive fine-grained features from the input image
pairs. Second, the multiscale features of the backbone network output are fused, taking into account the positional infor-
mation of low-level features and semantic information of high-level features. Finally, a loss function that combines the
position deviation and image similarity is used to optimize the registration results. Experimental results based on a pub-
licly available high-resolution optical and SAR dataset (OS-Dataset) demonstrated that compared with four existing typi-
cal algorithms (OS-SIFT, RIFT2, DHN, and DLKFM), the proposed method had good robustness for different scene
areas such as urban, farmland, river, repetitive texture, and weak texture scenes, and outperformed the existing algo-
rithms in terms of visual effects and a quantitative precision metric. The percentage of average corner errors of fewer
than 3 pixels was more than 25% better than that of DLKFM, which had the highest precision among the four algo-
rithms. The registration speed was comparable to that of DHN, which was the fastest of the four algorithms. The pro-
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posed method could achieve high-precision and high-efficiency optical and SAR image registration.

Key words: image registration; position awareness; multi-scale feature; feature fusion; image similarity
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Fig. 4 Examples of registration results of different algorithms in different scene regions (the red line represents the predicted value

of the image position, and the green line represents the ground truth of the image position)
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Tab. 1 Precision evaluations of different registration algorithms
EBERTR OS-SIFT"! RIFT2% DHN>! DLKFM"" ATy vk
ACE<20 pixel/% 2.24 34.61 87.03 87.38 99.12
ACE<15 pixel/% 1.30 26.24 80.31 81.96 98.64
ACE<10 pixel/% 0.41 15.86 68.51 74.00 96.70
ACE<S5 pixel/% 0 3.48 47.52 63.97 91.86
ACE<3 pixel/% 0 0.94 26.65 58.61 85.44
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Tab.2 Running time and parameter comparison of

different algorithms

Emtgtn OS-SIFTS! RIFT25 DHN™2! DLKFM"®! Z'KSC
T
Parameters/M 514.44  7.39 200.41
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Tab.3 Results of the ablation study
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