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Detection and Removal of Noise in Images Based on Amount of Knowledge
Associated with Intuitionistic Fuzzy Sets

GUO Kaihong, ZHOU Yongzhi, WU Zheng', ZHANG Lei
School of Information, Liaoning University, Shenyang 110036, China

Abstract: In response to the shortcomings of existing image noise detection algorithms that rely on the flawed
intuitionistic fuzzy entropy (IFE) theory, a method of image noise detection and removal based on intuitionistic
fuzzy amount of knowledge (IFAK) is proposed by introducing the latest knowledge measure (KM) theory and
model. In the noise detection stage, the optimal average intensity of the noisy image foreground and background is
determined based on the maximum IFAK, and the parametric model of noise detection is constructed accordingly to
mark the probability of noise pixels and suspected noise pixels, showing excellent perfarmance of noise detection.
In the noise removal stage, a denoising model based on IFAK and probability of noise pixels is proposed by using
the noise probability matrix, which can not only effectively denoise, but also better protect the characteristics of
image edges and non-noise extreme pixels. Comparative experiments are carried out on standard<datasets and
classical test images, respectively. Experimental results show ithat the proposed method can accurately -identify the
image impulse noise and effectively realize image denoising.-The overall performance outperforms other similar
algorithms. The key metrics PSNR and SSIM are increased by 14.81% and 11.35%, respectively. In this paper, the
latest KM theory is applied to image denoising, and-excellent evaluation metrics and visual effects are obtained,
while innovative applications of this theory in‘other related fields are also achieved.
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Table 5 Comparison of denoising metrics by different algorithms for dataset SET40
. _ 5% 75 2 JIF P
ok b 10% 20% 30% 40% 50% 60% 70% 80% 90% BFHE
PSNR/dB 39.13 35.83 33.45 31.27 28.83 25.67 21.77 17.67 13.65 27.47
MDBUTMF® SSIM 09777 09641 09501 09313 08911 07893 05879 03476 01610 0.7334
IEF 407.22  350.26  287.15 217.20 14150 74.79 34.00 14.86 6.60  170.40
PSNR/dB 37.59 33.94 31.21 28.70 26.25 23.67 20.51 15.81 8.78 25.16
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Table 6 Comparison of denoising metrics by different algorithms for dataset SET12

_ e 7 o 1
% e bw B HE
& it 10% 20% 30% 40% 50% 60% 70% 80% 90%

PSNR/dB 38.67 36.35 34.61 32.82 30.47 27.30 23.36 19.17 15.13 28.65

MDBUTMF® SSIM 09721 09569 09419 09228 08847 0.7933 0.6041 03610 0.1654 0.7336
IEF 42757  453.83 42744 32883  197.42 97.65 43.61 18.82 8.36  222.62
PSNR/dB 36.66 33.77 31.33 29.18 27.09 24.72 21.99 17.57 10.26 25.84
BPDF" SSIM 09644 09413 09145 08803 08353 0.7699 0.6773 05206 0.2616 0.7517
IEF 218.16  210.68 167.85  125.68 91.09 58.61 34.42 13.53 2.84  102.54
PSNR/dB 35.64 34.55 33.33 32.05 30.81 29.48 27.98 26.29 21.08 30.14
AFMF® SSIM 09431 09371 09276 09139 0.8948 0.8697 0.8341 07818 0.6374 0.8600
IEF 214.04  298.19 315,58  300.88 277.15 23525 181.92  133.60 34.04 221.18
PSNR/dB 38.90 36.88 35.43 34.14 32.87 31.50 30.04 28.31 25.90 32.66
DAMRmF" SSIM 09733 09597 09471 09337 09181 0.8979 08713 0.8305 0.7574 0.8988
IEF 462.19  541.27 560.52 528.10 476.84 393.87  313.37 22573 13525 404.13
PSNR/dB 35.76 33.34 31.79 30.54 29.50 28.45 27.28 25.85 2251 29.45
NAFSMF! SSIM 09593 09354 09128 0.8889 0.8643 0.8354 0.7995 0.7482 0.6155 0.8399
IEF 210.04 232.66 233.68 223,58 208.58 18293  149.07  112.40 48.74  177.96
PSNR/dB 25.39 20.67 18.32 17.19 16.29 15.23 13.61 11.30 8.38 16.26
MinEnt2016" SSIM 0.7055 04632 03126 0.2603 0.2235 0.1847 0.1354 0.0806 0.0336 0.2666
IEF 11.40 7.09 6.26 6.43 6.47 5.99 4.80 3.21 1.84 5.94
PSNR/dB 18.11 15.37 13.48 11.99 10.68 9.45 8.28 7.19 6.20 11.20
MinEnt2018" SSIM 0.3873 02607 0.1831 0.1372 0.0961 0.0636 0.0394 0.0224 0.0112 0.1340
IEF 1.99 2.07 2.02 1.91 1.76 1.59 1.41 1.25 1.12 1.68
PSNR/dB 41.16 38.04 35.98 34.22 32.68 31.12 29.48 27.65 25.09 32.82
AT SSIM 09880 09759 0.9623 09456 09256 0.8992 0.8635 0.8132 0.7247 0.8998
IEF 854.65  753.14 653.33 540.65 44785 357.15 273.01 19350 11418  465.27
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Fig.7 Variation on average of key-metrics by different algorithms for two datasets
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Fig.8 Comparison of filtering effects by different algorithms for image House (60% SPN ratio)
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Fig.10 Filtering effects by proposed method for image Peppers under various SPN ratios
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