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Nonlinear Grayscale Difference Image Registration Based on
Stacked Autoencoder Network

Huang Chao, Guo Hao , Gao Yan, An Jubai

College of Information Science and Technology, Dalian Maritime University, Dalian, Liaoning 116026, China

Abstract Factors such as illumination or imaging conditions can cause a nonlinear grayscale difference between
images, resulting in poor matching of images. To solve this problem, this paper proposes a new image registration
algorithm based on the stacked autoencoder (SAE) network and local binary pattern with a circular and linear
neighborhood (CL-LBP). First, the CL-LBP feature descriptor is extracted and matched by combining the improved
local texture operator with the regional feature. Then, the supervised learning classification method is used to
eliminate mismatches. Finally, the constructed matching representation is trained using the SAE network and the
depth features of the matching representation are extracted and connected to a logistic classification layer to classify
the matching pairs. The experimental results show that the algorithm has good matching accuracy in matching the
nonlinear grayscale difference images. Moreover, it has a good matching effect in the actual sea ice images.

Key words image processing; image registration; feature extraction; stacked autoencoder; nonlinear grayscale
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Sea ice image. (a) Bohai Sea image (ALOS); (b) Bohai Sea image (ASAR); (c¢) image with a resolution of 8 m;

(d) image with a resolution of 100 m
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Fig. 7 Matching results of our algorithm. (a) 1-2; (b) 1-3; (c¢) 1-4; (d) 1-5; (e) 1-6
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Table 1 Matching results of sea ice images
SIFT LIOP AKAZE BRISK Ours
Image pair
N cor Po/% N cor P/ % N cor P/ % N cor P/ % N cor P e/ %

Bohai_img 15 6 14 44 47 68 18 47 39 34

Nanji_img 12 19 9 32 44 51 22 65 41 59
Enhance_img 8 14 7 9 22 33 8 14 9 1
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Algorithm RANSAC PSOSAC LMR Ours
Bohai_img 10 7 37 34
Nanji_img 17 26 57 59
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Fig. 8 Mismatch elimination results of different algorithms. (a) RANSAC; (b) PSOSAC; (¢) LMR; (d) our algorithm
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