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(a) (b) (c) (d) (e)
Fig. 5: Baboon image: (a) actual image, (b) at 20% noise, (c) filtered image; (d) at 80% noise, (e) filtered image.

(a) (b) (c) (d) (e)
Fig. 6: Barbara image: (a) actual image, (b) at 20% noise, (c) filtered image; (d) at 80% noise, (e) filtered image.

(a) (b) (c) (d) (e)
Fig. 7: Lena image: (a) actual image, (b) at 20% noise, (c) filtered image; (d) at 80% noise, (e) filtered image.
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(g) (h) (i) (j) (k) (l)
Fig. 8: Filtered images at higher noise level: (a) Lena at 97% noise, (b) filtered Lena image; (c) Baboon at 97% noise, (d)
filtered Baboon image; (e) House at 97% noise, (f) filtered House image; Filtered gray scale Peppers image at higher noise
level (g) at 97% noise, (h) filtered image; (i) at 98% noise, (j) filtered image; (k) at 99% noise, (l) filtered image.
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and 8 GB RAM. The performance of proposed filter has
been compared with various state-of-the-art algorithms. For
all these images the parameter k is varied form 1, 2, · · · , h in
both the approaches of step 1 of filter to compute the mean
and variance. The MFs are plotted for both the approaches
to decide respective threshold. The threshold is adaptive in
nature which depends on SAP noise level. The SAP noise
level is varied from 20% to 99%. For comparative analysis
the results for three different noise levels viz. 20%, 50%, and
80% are shown in Table I. For the noise level of 97% the
results are shown (Fig. 8) with the images of Lena, Baboon,
House and Peppers. The filter operation at noise level of 98%
and 99% are tested only for peppers. The proposed approaches
preserve significant image details even for 99% of noise level
(shown in Fig. 8). To perform the experimentation we have set
a minimum number of good pixel (ρmin) as 1 in filter window
to estimate the pixel intensity of bad pixels. This is because
a large number of “good” pixels are required for denoising
bad pixel. Having ρmin more than 1, the results are poor for
high noise level. The performance of proposed approaches are
numerically evaluated using peak signal-to-noise ratio (PSNR).
The PSNR is defined using filtered image (If ) with respect
to original image (Io) as follows:

PSNR(Io, If ) = 10log10
2552

1
XY

∑
i,j(Io(i,j)−If (i,j))2

. (19)

where, 255 is the maximum pixel intensity of 8 bit images.
Table I shows the performance of proposed approaches

A and B with respect to various state-of-the-art algorithms,
namely, Iterative adaptive fuzzy filter (IAF) [9], adaptive
median with edge-preserving regularization (AMEPR) [19],
boundary discriminative noise detection (BDND) [20], fast
median (FM) [21], wavelet neural network (WNN) [22], pixel-
wise S-estimate of variance (PWS) [23], contrast enhancement
based filter (CEF) [24], spatially adaptive total variation filter
(SATV) [25], patch-based (PB) [26], and the cloud model
(CM) filter [27]. The PSNR values given in Table I are aver-
aged over 20 experiments for each image. The computational
time of the proposed approaches are comparable to state-of-
the-art algorithms for low noise levels as shown in Table
II. With the increase in noise level the filter window size
increases. For large windows more MF’s are drawn to compute
the threshold. The computational time is relatively higher in
such cases.

V. CONCLUSION

This paper proposes a novel adaptive Type-2 fuzzy filter for
removing SAP noise from grayscale images. The use of either
of the two proposed approaches in first step of fuzzy filter
detects noisy pixels in the filter window. In the subsequent
step, the proposed weighted mean Type-1 fuzzy approach
denoises bad pixels in the respective filter window. The
proposed approach is validated on several grayscale images.
The experimental results show that proposed filter outperforms
other state-of-the-art algorithms. Moreover, the filter preserves
meaningful image details even at noise level as high as 99%.
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