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Abstract

When unintended objects such as passersby appear in media, traditional methods like covering the object are used to remove
them, which can lead to unnatural results. Instead of covering objects, video inpainting can offer a better alternative. However,
video inpainting needs to generate masks for every frame, which can be quite costly. In this paper, we propose user-based object
tracking method for video inpainting to address this problem. Our framework combines object tracking and segmentation to
automatically generate masks for object removal in video inpainting. Since it tracks user-specified objects, it enables the selective
removal of desired objects, even when multiple objects are present. The proposed method achieves better results compared to using
only video segmentation for mask generation and reduces per-frame execution time by half.
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Fig. 1. An automatic mask generation video inpainting framework based on object visual tracking for object removal
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Table 1. Quantitative comparisons with our framework on DAVIS and Youtube-VOS datasets. Original Mask is performance
of inpainting with masks provided in the datasets. £ _* denotes £ %1072, 1 indicates higher is better and | indicates

warp warp

lower is better.

Mask generation DAVIS Youtube-VOS
Method PSNR 1 SSIM 1 VFID | B | PSNR 1 SSIM 1 VFID | o
Original Mask 32.19 0.9662 0.2858 0.1422 34.14 0.9759 0.2503 0.2964
Video Segmentation 31.69 0.9641 0.3249 0.1421 33.53 0.9671 0.3495 0.3053
Ours 3227 0.9667 0.2859 0.1415 33.57 0.9696 0.3410 0.3035
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Fig. 2. Qualitative results for videos with fast moving objects among DAVIS and Youtube-VOS datasets
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Table 2. Execution time according to segmentation model on DAVIS
and Youtube-VOS datasets

Execution time (s/frame)
Methods DAVIS Youtube-VOS
Ours 0.607963 1.201448
Video Segmentation 0.749175 1.340546
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Table 3. Experimental results based on the change of image segmen-
tation model

DAVIS Execution time
Method f y
PSNR | SsM | VFD | £, * | (framels)
SAM 1 | 3218 | 0.9657 | 02781 | 0.1428 | 1.417961
SAM 2 | 3227 | 0.9667 | 0.2859 | 0.1415 |  0.607963
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Table 4. Performance comparison of video inpainting models per-
formed without Masks
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Method
PSNR SSIM VFID Ew,”.p*
Inpaint Anything 27.40 0.9131 1.8295 0.1504
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Ours 32.27 0.9667 0.2859 0.1415
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