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Hole Filling and Optimization Algorithm for Depth Images Based on
Adaptive Joint Bilateral Filtering

Wang Decheng'”, Chen Xiangning', Yi Hui', Zhao Feng'*
'School of Space Information, Space Engineering University of PLA, Beijing 101416, China ;
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Abstract When joint bilateral filtering is used to repair depth images, hole-filling effect is poor because the filtering
neighborhood range and weight parameter cannot be estimated accurately. To address this problem, we propose an
adaptive hole-filling and optimization algorithm for depth images. The proposed algorithm reduces the input
parameters and restores each missing depth value. First, the filtering neighborhood range of each hole pixel is
determined based on the effective pixel proportion. Then, the parameter value of spatial distance weight is calculated
based on the neighborhood size. Finally, the structural similarity is introduced as a parameter calculation index of
the color similarity weight. The performance of the proposed algorithm is tested on the Middlebury stereo-matching
dataset and the registered Kinect RGB-D dataset, and qualitative comparison and quantitative analysis are performed
to compare the performance of the proposed algorithm with those of other methods. The experimental results show
that the developed algorithm can effectively fill in missing depth values, reduce the image noise, and improve the
quality of depth images meticulously and accurately.

Key words image processing; depth image inpainting; joint bilateral filtering; hole filling; optimization estimation;
Kinect sensor
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Fig. 1 Diagram of improved adaptive depth image inpainting algorithm
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restoration on Middlebury dataset

Index Art Moebius  Reindeer Dolls
RMSE 4.5387 2.5218 4.4143 2.1907
PSNR /dB 34.9923 40.0966 35.2335 41.3192
SSIM 0.8951 0.9365 0.9027 0.9418
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