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Image Inpainting of Damaged Textiles Based on Improved Criminisi Algorithm
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Abstract
posed based on K-means color segmentation and Criminisi algorithm. Due to the characteristics of textile cultural relics

For the inpainting of the images of textile cultural relics at the damaged parts, an improved algorithm is pro-

images, RGB images were converted into Lab color model, and K-means classifier was used to segment a* and b * layer
data according to their colors to calibrate the edges of the patterns and narrow the search area of matching blocks. The
standard deviation of L. value was introduced to represent the color dispersion and the priority function and adaptive
matching block were improved. The proposed algorithm and the three algorithms reported in the literature were used to
repair the image of natural damaged textile relics and man-made damaged textile images, and the restoration results were
evaluated. The experimental results show that the image restored by the proposed algorithm has natural texture,
reasonable structure, and better peak signal-to-noise ratio, structural similarity, feature similarity, mean square error values.

Key words damaged textile cultural relic; patterns of textile cultural relics; Criminisi algorithm; image inpainting; K-

means clustering
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Fig. 1 Description of Criminisi algorithm
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Fig. 2 Algorithm block diagram of textile cultural relic image restoration
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Fig. 3 Boundary tracking results after denoising. (a) Raw wool fabric image; (b) boundary tracking images without denoising;

(c) boundary tracking image processed by adaptive filtering; (d) boundary tracking image processed by proposed algorithm
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Fig. 5 The result of K-means color segmentation
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Fig. 7 Comparison of inpainting results of damaged textile cultural relics images by four algorithms. (a) Image of damaged textile

artifacts; (b) mask map; (c) inpainting image by Criminisi algorithm; (d) inpainting image by reference [16] algorithm;

(e) inpainting image by reference [22] algorithm; () inpainting image by proposed algorithm
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Fig. 8 Comparison of repairing effect of artificial fictitious
damaged textile image. (a) Image of original textile;

(b) artificial virtual damage image; (c) inpainting image by
Criminisi algorithm; (d) inpainting image by reference

[16] algorithm; (e) inpainting image by reference [22]

algorithm; (f) inpainting image by proposed algorithm
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Table 1  Comparison of quality evaluation parameters (test 1)

PSNR /dB SSIM
No. I . Proposed e Proposed
Criminisi Reference[ 16]  Reference[ 22] ) Criminisi Reference[ 16]  Reference| 22 ] )

algorithm algorithm

1 29.0993 28. 3082 29.655 31. 6947 0.9499 0.9336 0.9543 0. 9639
2 26.2305 26. 5485 24. 4417 28. 3563 0.9602 0.9647 0. 9456 0. 9669
3 26.6610 26.7837 26. 8274 29. 4422 0.9389 0.9369 0.9394 0. 9685
4 31.0111 32. 8738 31.1596 32. 8728 0.9873 0. 9879 0.9848 0. 9885
5 29. 7684 32.3967 32.0776 34. 4626 0.9690 0.9775 0.9873 0. 9821
6 33. 1891 35. 6378 35.1226 36. 2645 0.9778 0.9848 0.9789 0. 9855

FSIM MSE
No. oy Proposed . o Proposed
Criminisi Reference[ 16]  Reference[ 22] ) Crimytinisi Reference[ 16]  Reference[ 22 ] )

algorithm algorithm

1 0.9793 0.7718 0.97759 0. 9826 80.0113 95.9984 70.4015 44. 0162
2 0.9591 0.9704 0.9732 0.9749 154.8929 143. 9549 233.8371 94. 9413
3 0.9768 0. 9804 0. 9803 0. 9809 140. 2739 136. 3683 135. 0035 73.9374
4 0. 9885 0.9905 0. 9889 0. 9928 51.5196 40. 3382 49.7874 33.5586
5 0.9814 0. 9858 0.9872 0. 9896 68. 5869 37. 4464 40.3013 23.2715
6 0.9873 0.9910 0. 9925 0.9916 31.2011 17.7543 19. 9905 15.3686

S

(@ )] (© (@ (@

K9 BRI IE (a) JFAR G s (b) B 55 (o) SCRR L 16 133018 52 KR (d) SCRR 22 1R E S IR (e) T 2 53 11 2 1145
Fig. 9 Comparison of inpainting effects. (a) Original image; (b) damaged image; (c) inpainting image by reference [16] algorithm;

(d) inpainting image by reference [22] algorithm; (e) inpainting image by proposed algorithm
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Table 2 Comparison of quality evaluation parameters (test 2)

PSNR SSIM
No. . Proposed Proposed
Reference[ 16 ] Reference[ 22] ) Reference[ 16 ] Reference[ 22 ] )
algorithm algorithm
1 24.5435 24.0293 26. 2549 0.9634 0.9640 0.9733
2 41.5268 39.7542 43.2108 0.9961 0.9958 0. 9967
31. 1300 30. 7285 32.5959 0.9933 0.9935 0. 9944
FSIM MSE
No. ) Proposed . Proposed
Reference[ 16 ] Reference[ 22 | ) Reference[ 16 | Reference[ 22 ] )
algorithm algorithm
1 0.9723 0.9728 0.9799 219. 5577 257.1270 154. 0254
2 0.9981 0.9970 0.9991 3.6342 6.8811 3.1045
3 0.9962 0.9946 0.9968 50. 1279 54. 9837 35.7677
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