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Meta-filtration: Adaptive selection of multiple
filter cascades for images with quality analysis

Dominika Kanty, and Jedrzej Sikora

Abstract—This paper proposes a meta-filtration framework for
denoising images corrupted by mixed noise (Gaussian,
salt&pepper, speckle). Instead of fixed pipelines or Al-based
methods, it uses a manually defined filter set and automatically
selects combinations that improve image quality metrics (PSNR or
MS-SSIM). The approach was tested on images of different sizes
and mixed noise levels. Results show PSNR improvements of 7-
11dB, with MS-SSIM confirming preservation of fine details. An
embedded implementation on a Zyng-7000 SoC achieved similar
quality to MATLAB (within 0.1-0.8dB) and significantly reduced
runtime, demonstrating practical efficiency on resource-
constrained hardware.
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adaptive filter cascades; mixed-noise image denoising; embedded
vision systems

. INTRODUCTION

NE of the human abilities is the capacity to make decisions

and draw conclusions from experience, as well as to
receive and analyze stimuli through sensory organs. By using
appropriate tools and optimizations, such as vision systems,
these activities contribute to the development of further fields,
including artificial intelligence. [1] Modern digital image
processing systems are increasingly taking over the functions of
human vision, offering much higher speed, repeatability, and
efficiency wherever precise image analysis and recognition are
crucial.

Vision systems are now used in an ever-growing number of
domains; with suitable image processing operations, it is
possible to extract more information than the human eye is able
to perceive. [2] To use an image as a source of information, it
must first be converted into a digital form in order to carry out
an analysis process that includes segmentation and object
localization. The purpose of operations on pixel values and their
modification is to remove undesired components, enhance key
features such as edges, textures, and details, and selectively
amplify or suppress specific bands. These actions improve the
readability and simplicity of image analysis, i.e., image
processing, which in turn provides an excellent foundation for
automatic object recognition and machine learning. [3]

In contemporary image processing systems, there is an
increasing emphasis on full automation: the algorithm combines
multiple features and selects the configuration that yields the
highest quality, while simultaneously reducing the operator’s
time involvement. An example of this is the work of researchers
from Shanghai, in which the authors proposed the use of median
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and averaging filters in different orders for denoising CCD
camera images during automatic laser beam alignment. [4]
Another study applied filtering to improve the quality of static
thermal images from a mine refuge chamber; the results showed
that an appropriate combination of filters makes it possible to
better preserve image details. [5] The described approaches are
based on combining different filtering methods in an
appropriate sequence and with properly selected parameters, in
such a way that their mutual interactions do not lead to
degradation of image quality. Selection of filter order and
sensitivity is a key element of the denoising process, as
individual operations can be significantly influence subsequent
stages of processing.

Despite the extensive body of knowledge on the behavior of
individual filtering methods, relatively few publications discuss
and analyze the mutual interactions between different filters.
The first mentions date back to 2014, when it was shown that
the order of applying smoothing (Gaussian) and median filters
has a significant impact on the final result. The choice of filter
order followed from the fact that the images were dominated by
a specific type of noise, and therefore a preliminary image
analysis was required before further processing. [4] A year later,
a paper was published that focused on the removal of mixed
noise through the use of a classical (median) filter and
a transform-based approach (wavelet-domain  denoising,
DWT). [6] However, the studies discussed did not address
images degraded by unknown mixed noise, in which individual
noise components occur with varying proportions and
intensities.

The aim of this study was to analyze the effectiveness of
automatically selected filters for images corrupted by unknown
mixed noise of varying intensity. In particular, attention was
focused on assessing the relevance of applying individual filters
and their mutual interactions within a cascade configuration,
with the goal of making the processed image resemble the
reference image as closely as possible.

The topic addressed in this paper is also related to the
improvement of automatic vision systems, with particular
emphasis on one of the key aspects, namely minimizing the load
on the GPU computing unit.

Il. IMAGE DENOISING METHOD

In this study, a set of selected contextual filters and geometric
operations was used, corresponding to different types of
possible image degradations:
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e Gaussian filtering — the classical 2-D Gaussian function
acts as a low-pass filter based on the normal distribution.
It enables image smoothing with minimal distortion of
geometric structures. [7] The value of each pixel is
computed as weighted average of the neighbouring pixel
values, where the weights follow a Gaussian distribution
that decreases with the distance from the centre of the
kernel. This filter enables noise reduction while preserving
image edges. The two-dimensional Gaussian kernel with
standard deviation o is definied as follows:
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G(x,y) =

x,y- denote spatial coordinates relative to the cemtre of the

filter,

o- controls the amount of smoothing.

e Median filtering — an optimal filter for suppressing
impulse noise (so-called salt-and-pepper noise) while
preserving edges and fine details that are important for
image objects. For each pixel, it replaces its value with the
median of the intensity levels within a predefined
neighborhood around that pixel. [8] Formally, it can be
expressed as follows:

f(x,y) = median{g(r, )} )
(r,c) €Sy (©)]

f(x,y)- is the filtered image,
g(r, c)- is the input image,
Sy~ denotes a neighbourhood (window) centred at (X,y).
e Standard deviation filter — emphasizes local intensity
variations and detects regions with high variability, which
is essential for texture analysis. It can be definied as

0Gy) = [ S es, (FG.) —uGe )’ (4)

Where |S, ,,| denotes the number of pixels in the neighbourhood
and

1Y) = o= Spesy, () )
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Is the local mean intensity in S, ,,. Finally, the resulting image

serves as a measure of local contrast or texture.

e  Wiener filter — enables estimation of unknown random
noise by filtering the corrupted signal. Wiener filtering
allows local estimation of the noise level based on the
statistical properties of the neighborhood of the analyzed
pixel. [9] For a discrete grayscale image f(x,y), the local
Wiener filter estimates the noise-free signal by adapting
the amount of smoothing to the local statistics of the
image.

o2 (x,y)-€3

9 y) = ulx,y) + === (F (0 y) — u(xy)) (6)

Where:

g(x,y)- the value of the pixel in the image after Wiener
filtering,

u(x, y)- the local mean in the neighbourhood,

o2 (x,y)- the local variance in the same neighbourhood,

g2- the noise variance (typically estimated globally)
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e Sobel filter — one of the most common filters for edge
detection in digital images. The behavior with respect to
noise depends on the kernel size. Small kernels (3x3) are
more sensitive to noise but produce sharper edges, whereas
larger kernels (9%9) reduce false detections and smooth the
image at the cost of increased blurring. [10] In ,,Digital
Image Processing”, an example is presented in which the
Sobel operator is applied to a simple test image with sharp
intensity transitions. This results in strong responses along
the edges while maintaining values close to zero in
homogeneous regions. [8] This confirms that the operator
approximates the local intesity gradient and is therefore
a suitable tool for edge detection.

e Laplacian filter — detects intensity changes in the image
based on the second derivative, i.e., object edges, which
allows objects to be localized, shapes to be recognized, and
characteristic features to be detected. It effectively detects
edges in different directions and enhances image details.
[11] The Laplacian operator is a second-order derivative
filter used to highlight regions of rapid intensity change in
an image. For a continuous image f(x,y), the 2D Laplacian
is definied as

%f(xy) | 3 f(xy)
VoY) =5t 5 ™)
For a discrete grayscale image f(x,y), the Laplacian-
filtered image g(x,y) is obtained as

g0 y) =L+ 00y) = Tie 1 Xj=a LGN (x =i,y =)
®)

Where L denotes kernels (masks).

CLAHE (Contrast Limited Adaptive Histogram
Equalization) — improves local contrast while limiting noise
amplification. [12] This filter is an extension of adaptive
histogram equalization designed to enhance local cotrast. The
image is devided into small blocks, and for each block local
brightness (intensity) histogram is computed, which is then
»clipped” to a specified contrast limit (clip limit). It is widely
used in medical, satellite, and machine-vision imaging. [13]
[14].

The order of the applied filters, illustrated in Fig. 1, has
a significant impact on the result. In the proposed model, all
possible combinations of six filters are tested, with the option of
repeating individual filters or skipping a given step (no filter).
The final filtering outcome depends not only on the choice of
specific filters, but also on the sequence in which they are
applied.

A key element of the proposed approach is the filter selection
rule: a given filter is retained only if it improves the image
quality relative to its previous version; otherwise, it is rejected
and replaced with another filter or omitted altogether.

To determine whether the filter results improve the quality of
the image reconstruction, we focus on PSNR, the peak signal-
to-noise ratio. It makes it possible to quantify the degree of
distortion of the original image with respect to the
noisy/processed one and is expressed in dB. In the context of the
experiment, it can be observed that a higher PSNR value
indicates better image quality.
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Fig. 1. Block diagram of the automatic image filtering algorithm incorporating a quality-driven decision-making mechanism.

The PSNR can be calculated using the following formula:

)2> [dB]  (9)

N*max 12
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PSNR =10 * log,, (

Where:

max? — the maximum possible pixel value,
N — the numer of pixels,

Iorg (i) — the value of th i-th pixel in the original image,
Ieomp (i) — the value of th i-th pixel in the processed image.

In this study, the structural similarity index SSIM (Structural
Similarity Index Measure) was additionally used as a metric for
comparing the structural similarity between two images. In
contrast to the previous method, the one described here consists
in computing the SSIM index and then quantifying the
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differences between the original and the distorted image. By
using attributes such as brightness, contrast, and structure of the
two images the level of similarity between them can be
determined.

SSIM(x,y) = a(x,y)*b(x,y)Pc(x,y)Y
Where:

[%] (10)

a(x,y)- represents brightness,
b(x,y)- represents the contrast ratio,
c(x,y)- represents the structure,

x— the original picture,

y— denoised picture

It was necessary to approach this problem in such a way as
a way as exclude operations that don’t improve the quality of
the filters. It should be remembered that in the case of an
inappropriate choice of filter, the opposite of the intended effect
occurs, i.e. the filtering results become worse. An example of
this can be found in the article “Image Denoising Using Hybrid
Filtering Techniques” [15] in which certain filters were
selected- Gaussian, Wiener and Median and also a mixed filter-
and the order of these filters is of crucial importance. In the
photograph below, a table from the article is shown, where it
can be observed that the optimization and selection of filters in
an appropriate order result either in an improvement or
a deterioration of the situation.

In the literature, there are numerous examples of combining
filters in fixed sequences to reduce different types of noise. [16]
In the article “A Review of Denoising Filters in Image
Restoration”, the filters are discussed in the following order:
averaging (linear) filter, median (nonlinear) filter, and adaptive
filter (which adjusts its parameters to the image statistics). The
authors of the article indicate that the sequence they propose is
the best approach to the problem under discussion; however, no
comparative experiments were presented. [17]

In 2021, researchers conducted a study on noise reduction in
images using a hybrid approach that combines several filters,
including Gaussian, Wiener, and median filters. The results of
the analysis were presented, among others, in terms of the PSNR
index: the best obtained values are around 35.84 dB, which
indicates a noticeable improvement in image quality after
filtering. It should be noted, however, that in the vast majority
of cases the PSNR values remain below 30 dB, which points to
the limited effectiveness of the individual filtering methods
across the full range of analyzed distortions. A major limitation
of the discussed work is the lack of a precise description of the
parameters of the applied noise. A detailed characterization of
the type and intensity of noise, as well as its nature, is a key
element in assessing the effectiveness of filtering, and its
omission significantly hinders both the comparability and
interpretation of the results. [18]

After analysing the available publications in this area, it
becomes apparent that there is no information on how noise
affects images of different sizes. Many studies that attempted to
address this issue were based mainly on theoretical
considerations. [19] The available literature also does not
indicate which parameters for image comparison are the most
appropriate. For this reason, the authors of this paper have
attempted to find a golden mean, which were MS-SSIM (for
matlab) and PSNR.
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In contrast to these approaches, the solution proposed in this
work automatically tests all possible combinations and orders of
filters, using a quality metric as the selection criterion.
Operations that have a beneficial impact on the quality of the
processed image are retained in the final filter sequence, which
results in an adaptive and optimization-oriented approach to the
image filtering problem.

I1l. IMAGE RESOLUTION SELECTION AND QUALITY
EVALUATION MEASURE

For images with high spatial resolution (dense sampling grid)
and a wide range of gray levels (dense gray-level
representation), the amount of fine detail can become
problematic. For this reason, the experiments used images of
size 256x256, 512x512, and 1024x1024 pixels. Most of these
are relatively small by the standards of contemporary
applications, yet sufficiently large to evaluate filter performance
and to clearly observe their effects.

To compare the distorted images with the original ones, the
Multi-Scale Structural Similarity (SSIM) index was used
instead of the Peak Signal-to-Noise Ratio (PSNR). Although
PSNR is commonly employed in the available literature, SSIM
was chosen in order to assess image quality in a way that is more
consistent with human visual perception, while maintaining
sensitivity to object details. [20]

IV. DEVELOPMENT ENVIRONMENT

As part of the project, two different development
environments were used to implement and verify the proposed
image filtering algorithms. The first environment was
MATLAB, language designed for matrix operations as well as
focused on data processing and simulations. Basic environment
was extended with packages such as:

¢ Image Processing Toolbox — Package that provides wide
plethora of functions regarding overall image processing
ranging from loading and showing images to processing
functions such as filtering.

e Parallel Computing Toolbox — Toolbox giving its user
to perform parallel operations on GPU rather than CPU.
This package enabled creating images based on GPU
with use of GPUarray() and split code’s execution onto
parallel jobs with parpool() . Implementation of this
package lead to decrease of run time and made use of
RTX 4060 laptop GPU.

The second approach involved implementing the filtering
algorithms in the C programming language using the Vitis
environment, which enabled execution of the code directly on
the ZedBoard hardware platform equipped with an AMD Zyng-
7000 SoC. For this purpose, it was necessary to prepare
a complete hardware—software setup consisting of:

e Vivado (VHDL) — used to generate the hardware design
of the system, including the configuration of the ARM
Cortex-A9 processor, the AXI interconnect, and the
required peripherals. The resulting project was exported as
an .xsa file, which then served as the basis for creating the
application in Vitis.

e Vitis (C) — the development environment used to
implement and compile the C code, generate the
executable .elf file, and run it on the Zyng processing
system. Communication and monitoring of the results



A MODIFIED SIGNAL FEED-THROUGH PULSED FLIP-FLOP FOR LOW POWER APPLICATIONS 5

were carried out via a UART interface, which enabled the
display of logs and diagnostic information directly from
the ZedBoard.

e PetaLinux — installed and configured to provide a file
system and support more advanced image-processing
operations. It enabled loading image files, performing the
processing, and saving the results in the form of output
images directly within the system running on the
ZedBoard.

In this project, the image filtering algorithms were
implemented manually in the C language and no pre-defined,
hardware-accelerated functions from the AMD Vitis Vision
library were used. The Vitis Vision library, which is part of the
open-source Vitis Libraries (Apache 2.0 license), provides a set
of optimized image processing functions and could be employed
in future work as an alternative approach to further accelerate
computations and offload selected operations to the
programmable FPGA fabric.

Thanks to the prepared environment, it was possible not only
to compare the efficiency of the algorithms at the software level,
but also to practically verify their operation under hardware
conditions, which constitutes an essential part of the overall
project validation.

The presented set of filters was selected to enable effective
analysis and denoising of images with unknown and potentially
mixed types of degradation, while preserving the key structural
features of the image.

To protect image borders from artifacts resulting from
filtering in the vicinity of edges, the padarray operation was
applied. In addition, subsequent cropping (crop) was used to
restore the image to its original size and to remove artifacts
introduced by the earlier padding.

A. GPU

The most time-consuming stage, and the one that requires the
greatest computational resources, is the image filtering process;
however, the most complex and difficult operation to implement
is the image analysis itself.

MATLAB is a high-level programming environment that
enables users to perform tasks requiring substantial
computational power [19]. One of the key measures of code
performance is its execution time; therefore, the execution time
of the code on the GPU was measured using the gputimeit
function.

V. RESULTS

Table | summarizes the detailed compositions of the noise
mixtures (including their proportions) and the results obtained
in MATLAB and in the C implementation. All experiments in
this section were carried out on images of size 512x512 pixels.
The considered noise configurations comprise different
proportions of Gaussian, salt-and-pepper, and speckle noise;
some cases contain only a single noise type, while most
represent mixed-noise scenarios. In this study we focus on
images affected by information loss during acquisition,
transmission, or file storage, which in practice leads to the
superposition of several degradation mechanisms (e.g.
Gaussian, impulse salt-and-pepper, and speckle noise). In such
conditions, identifying a single dominant noise component is

often ambiguous, and the use of a single filter rarely yields
application-level acceptable quality; moreover, an inadequate
choice of method may further deteriorate the reconstruction. For
this reason, the proper selection and sequencing of denoising
techniques is regarded as a key issue. A review of the existing
literature shows that the emphasis is typically placed on
evaluating individual filters in isolation. In contrast, the present
work proposes and investigates a solution based on a set of
complementary filters applied in the presence of mixed noise,
aimed at achieving the highest possible reconstruction quality
while maintaining computational efficiency.

Within the examined dataset, both processing variants clearly
improve the quality with respect to the noisy input images. At
the same time, the implementation running on the Zynq
platform (C/ARM) exhibits a noticeable advantage both in
terms of reconstruction quality and computation time.
Following an initial analysis of the results, the set of evaluation
metrics for the MATLAB-based pipeline was extended to
include MS-SSIM in order to capture perceptual aspects of
image quality. In the interpretation of the reported metrics,
PSNR (before) denotes the quality of the noisy image with
respect to the original, whereas PSNR (after) refers to the
quality of the denoised image relative to the original.

For each noise configuration, Table I also reports execution
times for the MATLAB implementation. In the baseline variant,
the code is executed on the host CPU using functions from the
Image Processing Toolbox, without explicit parallelization. The
corresponding runtimes range from approximately 56s to 388s.
per 512x512 image, with an average of about 158s. which
reflects both the complexity of the adaptive cascade search and
the overhead of repeatedly applying multiple filters. To reduce
this computational cost, the implementation was extended with
Parallel Computing Toolbox. This GPU-accelerated variant
reduces the runtime to several tens of seconds per image (on
average around 30s), corresponding to a multi speed-up
compared to the CPU-only Matlab version. These results
confirm that the proposed algorithm exhibits a high degree of
data parallelism that can be efficiently exploited by modern
GPU hardware. Nevertheless, even the optimized Matlab/GPU
implementation remains significantly slower than the embedded
C implementation on the Zyng-7000 platform, which processes
the same test images.

The execution time of the proposed algorithm on the Zyng-
7000 platform (up to approximately 10 s for the considered test
resolutions) is consistent with values reported in the literature
for complex image filtering and denoising tasks. For
comparison, Mandi reported processing times on the order of
40-50 ms per frame for a pipeline comprising thresholding,
Gaussian filtering, and Sobel filtering on a PYNQ-Z2 board
(Zyng-7000), which corresponds to about 20—24 fps for a single
image. [21] This demonstrates that even relatively complex
filter sequences can be executed on this class of platforms within
a few tens of milliseconds per frame. Similarly, Tsiktsiris
reports approximately 13 ms per frame for denoising large
images with a resolution of 4000x3000 pixels using an image-
stacking technique on a PYNQ-Z1 platform. [22] This is an
example where, for significantly higher resolutions,
computation times on the order of a few to several milliseconds
can be achieved, provided that sufficient parallelism is
exploited. [23]



Other studies employing the Vitis Vision library indicate
speedups of about 10-30x over CPU implementations for
filtering and edge detection on Zyng-7000 platforms, both for
classical linear filters and more advanced operators. [24]
Although many of these solutions offload computations directly
to the programmable logic (PL), whereas in the present work the
algorithm was implemented in software on the ARM Cortex-A9
processor, the observed speedup of approximately 15x relative
to the reference MATLAB implementation falls within the
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typical range of performance gains obtained when moving from
an interpreted environment to optimized C/C++ code or
hardware-based implementations. This indicates that the
proposed implementation is not only functionally correct, but
also computationally efficient in the context of results reported
in the literature, and that further work on migrating selected
operations to the FPGA fabric (e.g., using Vitis Vision) may
yield additional, significant reductions in processing time.

TABLE |
IMPACT OF NOISE CONFIGURATION ON QUALITY (PSNR, MS-SSIM) AND PROCESSING TIME- MATLAB vs VITIS/C

noise Matlab Vitis
file Gaussian salt&pepper | speckle before after before after before after before after t
(var) (amount) (var) MS-SSIM | MS-SSIM | PSNR [dB] | PSNR [dB] t[s] t[s] | PSNR[dB]|PSNR [dB]| [s]
1 0,01 0,03 0,10 0,52 0,86 13,93 26,10 253 - 13,93 26,00 2,06
2 0,10 0,50 0,20 0,20 0,52 7,54 15,73 137 - 7,54 15,05 5,35
3 0,00 0,00 0,40 0,49 0,78 10,72 22,57 89 26,87 10,72 23,09 2,42
4 0,00 0,20 0,00 0,44 0,95 12,06 28,65 210 30,90 12,06 32,37 1,39
5 0,00 0,40 0,00 0,27 0,52 8,19 18,11 201 32,40 8,19 17,68 4,87
6 0,20 0,00 0,00 0,33 0,61 9,60 20,14 215 32,14 9,60 19,94 2,63
7 0,40 0,00 0,00 0,26 0,53 8,18 18,06 92 32,61 8,18 17,64 4,13
8 0,40 0,40 0,40 0,15 0,39 6,80 14,14 168 31,77 6,80 13,57 4,23
9 0,20 0,05 0,04 0,31 0,59 9,38 19,14 197 30,94 9,38 18,81 2,65
10 0,60 0,60 0,60 0,11 0,33 6,20 13,03 105 32,47 6,20 12,41 6,43
11 0,02 0,01 0,05 0,55 0,88 14,94 26,87 155 31,45 14,94 26,56 1,78
12 0,30 0,01 0,25 0,26 0,63 8,35 17,67 388 31,26 8,35 16,61 2,48
13 0,02 0,20 0,25 0,34 0,70 9,75 20,62 167 31,42 9,75 19,84 1,10
14 0,10 0,20 0,05 0,31 0,64 9,46 20,52 233 31,57 9,46 18,85 121
15 0,00 0,00 0,10 0,64 0,86 15,74 27,74 120 32,44 15,74 27,89 0,76
16 0,00 0,10 0,00 0,56 0,96 15,08 29,94 174 40,64 15,08 35,13 0,56
17 0,10 0,00 0,00 0,41 0,77 11,52 22,69 73 30,43 11,52 22,53 0,85
18 0,10 0,10 0,10 0,34 0,72 10,04 20,23 111 23,67 10,04 19,76 1,25
19 0,20 0,20 0,20 0,25 0,55 8,25 17,17 224 27,36 8,25 16,43 1,62
20 0,00 0,00 0,20 0,57 0,84 13,11 25,61 87 24,12 13,11 25,64 0,84
21 0,00 0,00 0,30 0,52 0,81 10,33 23,77 56 25,25 11,66 24,21 2,15
22 0,00 0,30 0,00 0,36 0,93 8,72 27,36 206 29,97 10,33 304 0,80
23 0,30 0,00 0,00 0,30 0,57 7,39 18,95 156 25,97 8,72 18,57 1,55
24 0,80 0,80 0,80 0,08 0,40 5,85 12,35 122 32,12 5,85 12,31 2,33
25 0,70 0,70 0,70 0,09 0,28 6,01 12,55 69 32,11 6,01 12,36 2,31
26 1,00 1,00 1,00 0,05 0,45 5,62 12,21 95 32,10 5,62 12,2 8,74
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The Matlab results are shown below.

Fig. 2. lllustration of the proposed denoising method: original image, (before)
mixed noise image and (after) reconstructed image after filtering in Matlab.

e . . oxignal

Fig. 3. Histograms were created based on the images presented above in Matlab.

(@ (b)
Fig. 4. Input image mixed noise (a) and reconstructed image (b) after filtering
in Vitis.

For better visualization of the quality differences, a plot of the
PSNR gain (APSNR) was generated, where PSNR (before)
denotes the ratio of the noisy image to the original, and PSNR
(after) represents the quality of the filtered image with respect
to the same reference.

In most of the evaluated cases, the Zyng-based
implementation yields higher PSNR values than the Matlab
pipeline, as illustrated by both the numerical results and Fig 5.
For both variants, the obtained gains are substantial, typically
ranging from about 6 dB to over 20 dB, which confirms that the

proposed filtering strategy consistently improves the quality of
the noisy input images. The two curves follow a very similar
trend across all noise configurations, indicating that the overall
behavior of the algorithm is preserved between
implementations.

At the same time, the Zynq variant tends to achieve slightly
higher APSNR values than Matlab for the majority of files, with
the largest advantages observed for selected configuration-
around cases 4, 19, and 25, where the PSNR gain approaches 20
dB. Only a few cases exhibit nearly identical performance of
both implementations. In combination with the clearly shorter
execution times on the Zyng-7000 platform, these results show
that the embedded C implementation can deliver at least
comparable, and often marginally better, reconstruction quality
than Matlab baseline, while being significantly more efficient
computationally.

30

PSNR [dB]
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o
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Fig. 5. Comparison of image quality improvement (APSNR) for the given noise
configuration- Matlab vs Vitis.

To assess the sensitivity of the algorithm to increasing levels
of mixed noise, we considered cases in which all three
components (Gausssian, salt & pepper and speckle) shared
identical parameters, gradually increased in the range 0,1-1,0.
Figure 6 shows the PSNR (after) values for both
implementations for images of size 512x512 pixels. In both
cases a monotonic decrease of PSNR can be observed as the
noise level increases, with the quality dropping from about 20
dB at the lowest noise level to 12-13 dB for the strongest
distortion. The two curves follow a very similar trend: the
Matlab implementation yields slightly higher PSNR for most
noise levels, but the difference remains within roughly 0.5-1 dB
and becomes negligible for high noise intensities. Overall, both
implementations respond to mixed noise in a similar way, while
the proposed filtering scheme preserves a noticeable quality
advantage even for heavily corrupted images, though with
smaller gains at the highest noise level.
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Fig. 6. Degradation of image quality (PSNR) with increasing mixed noise level
(Gaussian = Salt & Pepper = Speckle) — Matlab vs Vitis.



To assess the sensitivity of the algorithm to changes in input
scale, a series of experiments was carried out using identical
mixed noise parameters and three input resolutions: 256x256,
512x512 and 1024x1024 pixels (Table II). Reconstruction
quality was evaluated using the PSNR and MS-SSIM metrics,
while the computational load was quantified in terms of
execution time on the Matlab and Vitis platforms. For each
configuration, the PSNR before filtering is identical in
MATLAB and in athe Vitis (C/ARM) implementation, since
both pipelines operate on the same noisy inputs. At the lower
noise level (0.1, 0.1, 0.1) the pre-filtering PSNR is
approximately 10 dB, whereas for the stronger noise (0.2, 0.2,
0.2) it decreases to about 8.3 dB, which clearly reflects the
impact of increasing noise intensity on the signal-to-noise ratio.

After applying the proposed filter cascade, PSNR increases
by roughly 7-11 dB, depending on the image resolution and
noise level. For the 0.1 case, the post-filtering PSNR in
MATLAB rises from about 18.8 dB (256x256) to 21.1 dB
(1024x1024), while the Zyng implementation achieves values
from 18.5 dB to 20.6 dB over the same range. For the 0.2 case,
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the corresponding PSNR values are lower, ranging from
approximately 15.9 dB to 17.3 dB in MATLAB and from 15.8
dB to 16.8 dB on Zyng. Overall, increasing the resolution from
256 to 1024 pixels yields a moderate PSNR improvement of
about 1-2.5 dB in both environments, whereas higher noise
levels reduce the attainable PSNR after filtering by roughly 2—-3
dB compared to the milder noise scenario.

The direct comparison between MATLAB and Zynq shows
that the PSNR differences after filtering remain small, typically
within 0.1-0.8 dB and usually in favour of MATLAB. From
a practical standpoint, this indicates that the reconstruction
quality obtained on the Zyng platform is very close to the
MATLAB reference, and the observed deviations are largely
negligible from a perceptual point of view. Combined with the
substantially shorter execution times on Zyng, these results
suggest that the C/ARM implementation preserves almost the
same PSNR level as MATLAB while operating at
a significantly lower computational cost, making it a favorable
choice for time-constrained applications.

TABLE Il
IMPACT OF IMAGE RESOLUTION 256-1024PX ON QUALITY AND PROCESSING TIME-
MATLAB VS VITIS UNDER MIXED-NOISE CONDITIONS

noise Matlab Vitis
file Gaussian ps;l)t:;r speckle | Resize before after before after before after before after t
(var) (amount) (var) MS-SSIM | MS-SSIM | PSNR [dB] | PSNR [dB] | t[s] t[s] | PSNR[dB] | PSNR[dB] | [s]
1 0,1 0,1 0,1 256 0,41 0,68 10,03 18,77 123 31,41 10,03 18,54 0,21
2 0,1 0,1 0,1 512 0,34 0,72 10,04 20,23 111 23,67 10,04 19,76 1,25
3 0,1 0,1 0,1 1024 0,28 0,63 10,05 21,06 656 23,94 10,05 20,57 9,45
4 0,2 0,2 0,2 256 0,30 0,48 8,25 15,93 91 24,25 8,25 15,79 0,39
5 0,2 0,2 0,2 512 0,25 0,55 8,25 17,17 224 27,36 8,25 16,43 1,62
6 0,2 0,2 0,2 1024 0,20 0,63 8,26 17,31 422 23,96 8,26 16,81 7,10
VI. CONCLUSIONS 3. Reinforcement learning- where the system adaptively

In this work, a meta-filtration concept was proposed, based
on adaptive selection and cascading of multiple filters for
images by unknown mixed noise. The algorithm automatically
tests different combinations and orders of filters, allowing
repetitions and omissions, and a given stage is accepted only if
it improves the selected quality metric. As a result, an
individually tailored sequence of filtering operations is
obtained, without the need for prior knowledge of the dominant
type of disturbance or manual tuning of the filtering chain.

Operation that yield a measurable improvement in a quality
with respect to the reference image are retained, where as stages
that don’t provide any benefit are discarded. This mechanism
can be interpreted as a form of heuristic optimization, related to
concepts well known from the literature, like:

1. Greedy algorithm- making decisions based on the
immediate, local gain in quality.

2. Evolutionary or generic algorithms- where each filter is
treated as a gene in the processing sequence and image
quality acts as the fitness function.

selects actions (filters) that maximize a chosen quality
metric.

The proposed solution was implemented in two
environments: as a high-level prototype in matlab (with GPU
support using the Image Processing Toolbox and Parallel
Computing Toolbox) and as a C implementation on the
ZedBoard platform (Zyng-7000 SoC), developed in the Vitis
environment with the use of Vivado and PetaLinux. For a wide
range of mixed-noise configurations (Gaussian, salt&pepper,
speckle), both processing paths achieved a clear improvement
in quality- the PSNR gain typically fell within approximately 7-
11dB and in favorable cases, approached 20dB. Complementing
the evaluation with the MS-SSIM metric confirmed that
essential structures and details of the image preserved ale from
the perceptual point of view.

In contrast to classical approaches, in which filter sequences
are predetermined based on expert knowledge or predefined
heuristics, the proposed method relies on a fully automatic
exploration of the space of possible filter configurations and
their orderings. The core of the algorithm is local quality
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assessment performed at each processing stage using a selected
image similarity metric.

The proposed solution can therefore be interpreted as a form
of intelligent, adaptive selection of image filters, providing an
alternative to traditional approaches based on rigid, predefined
processing pipelines.

The authors recognize the potential for further extension and
validation of the proposed software. An interesting direction for
future work would be to evaluate its performance in the presence
of one of the most challenging types of degradation, namely
motion blur. It would also be justified to carry out an analysis of
the code execution time. [25] [26]

Although the available literature describes numerous
algorithms designed for this type of task, it usually lacks
detailed quantitative data comparing the original image with its
denoised or reconstructed counterpart.

The authors also highlight the potential benefits of using the
Vitis Vision library to increase the efficiency of algorithm
implementation. [27] An alternative direction for further
development would be to migrate the design to a more modern
hardware platform, such as Zyng UltraScale+ or Artix-7
devices, which could potentially yield shorter processing times
and improved overall system performance.
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