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Abstract

Convolution and deconvolution are essential in image processing for enhancement, analysis, and feature extraction. Convolution 

is widely used for filtering and edge detection, while deconvolution restores blurred images by recovering hidden details. These 

techniques are particularly important in space research, where high spatial resolution is coupled with 12–16-bit ADC, and optical 

quality is often degraded by stray light, making data interpretation challenging. Additionally, high-resolution images with large spatial 

dimensions and a high number of pixels, commonly encountered in space research, require significant computational resources, 

leading to slow processing times.

Our research focuses on optimizing convolution and deconvolution techniques using CUDA technology to accelerate processing. 

We developed a custom CUDA-based stray light removal method, achieving performance comparable to a previous C++ implementation 

while significantly reducing processing time through parallelization, resulting in an approximately 83% reduction in execution time 

and a runtime below half a second.

For deconvolution, we implemented multiple algorithms in MATLAB and CUDA environments, including Wiener filtering, Richardson–

Lucy deconvolution, relevant regularization methods, and blind deconvolution. The Richardson–Lucy method, due to its iterative 

nature, is computationally intensive, which motivated its CUDA implementation. Leveraging GPU parallelization, we achieved 

substantial speed improvements – specifically, more than a 52% reduction in execution time – while maintaining result quality.

This paper proposes multiple deconvolution solutions for various image processing tasks and demonstrates the effectiveness and 

applicability of parallel programming in image enhancement algorithms. These contributions are particularly valuable for large-scale 

images and real-time applications.
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1 Introduction
In today's increasingly digitized world, image processing 
has become one of the most dynamically evolving fields, 
finding applications in areas ranging from medical diag-
nostics to satellite image analysis. Each year, the focus on 
developing various procedures and methods in this domain 
intensifies, particularly due to the growing importance of 
space exploration. Enhancing image quality, extracting 
information, and reducing noise are fundamental tasks 
in image processing. Convolution and deconvolution play 
a central role in these processes. 

Convolution is a fundamental mathematical opera-
tion that combines two functions to produce a third one, 
expressing how the shape of one function is modified 
by the other. In image processing, convolution is mostly 
applied as a discrete operation between an image and 

a  filter or a Point Spread Function (PSF), enabling spa-
tial filtering tasks such as smoothing, sharpening, edge 
detection, and feature extraction (Eq. (1)). Thus, convolu-
tion is widely used operation for filtering, edge detection, 
and feature enhancement [1].

In contrast, deconvolution is primarily used to sharpen 
blurred or distorted images, efficiently restoring the origi-
nal information [2]. Deconvolution can be interpreted as the 
inverse operation of convolution, aiming to recover the orig-
inal signal or image from a blurred observation. However, 
it is typically an ill-posed problem, where small perturbations 
such as noise can lead to significant reconstruction errors.

This is particularly critical in fields where image qual-
ity is impacted by numerous interfering factors, such as 
in space exploration or microscopic imaging. Nonetheless, 
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implementing these methods presents several challenges. 
A major issue is the computational demand: processing 
high-resolution images through convolution and decon-
volution requires significant resources and results in long 
processing times [3]. This is especially true for itera-
tive deconvolution algorithms, such as the Richardson-
Lucy (RL) method [4].

Another challenge involves handling image borders, 
where convolution and inverse convolution operations 
can introduce distortions, such as boundary effects, which 
refer to distortions or anomalies occurring at the edges of 
an image, like fringing effects – anomalies along sharp 
edges manifesting as color or intensity anomalies, stripes, 
or ghosting. Ringing artifacts, which appear as oscillating 
patterns, particularly around sharp edges, should also be 
noted [5, 6]. Additionally, removing stray light effectively 
is a complex task that requires specialized techniques [7]. 
Stray light refers to unwanted light reaching the imaging 

sensor through scattering, reflections, or diffraction within 
the optical system (e.g., Fig. 1 [8]), and its suppression is 
particularly critical in space missions, where extreme illu-
mination conditions and high-contrast scenes can signifi-
cantly degrade image quality and compromise scientific 
measurements (Fig. 2 [9]).

Therefore, our research presents potential solutions to 
these challenges, primarily approached from a software 
perspective. We considered the most widely used methods 
and algorithms during the writing of this paper, as they 
are the most relevant to the field, though not exhaustively. 
The  methods chosen for presentation were selected to 
effectively demonstrate the characteristics of algorithms 
based on similar principles, providing a useful overview 
and addressing key challenges in related fields.

Our research focuses on the application and optimiza-
tion of convolution and deconvolution techniques, with an 
emphasis on presenting these methods, improving their 

Fig. 1 The Dawn FC optical system consists of four lenses (L1–L4) and a selectable bandpass filter [8]

Fig. 2 Sources and forms of stray light visually explained [9]
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efficiency, comparing them, reducing processing times, 
and enhancing image quality – particularly for large 
images and time-critical applications, which is crucial 
across all areas of image enhancement and image process-
ing in a smaller or a broader sense.

2 Stray light correction
Stray light introduces significant errors across all areas 
of image processing, but it poses particularly severe dis-
tortions in space research, where image sharpness is crit-
ical for achieving accurate results. Stray light manifests 
in multiple forms, each requiring different approaches for 
mitigation and correction; in this paper we present cor-
rectio for the in-field stray-light, where the unwanted 
additional image artifacts are generated by light sources 
inside the field-of-view. Our method is implemented in 
a Compute Unified Device Architecture (CUDA) environ-
ment, ensuring near-optimal processing time [10].

2.1 NASA's Dawn mission
The Dawn spacecraft was the ninth mission of NASA's 
Discovery program, launched on September 27, 2007, 
from the Kennedy Space Center [11]. The mission's pri-
mary objective was to study in detail the two largest 
objects in the asteroid belt: the protoplanet Vesta and the 
dwarf planet Ceres [11–13].

The first major milestone occurred on July 16, 2011, 
when Dawn entered orbit around Vesta and conducted 
a  year-long close-range examination of the asteroid. 
The spacecraft determined that Vesta, like Earth, is a dif-
ferentiated celestial body with an internal core, mantle, 
and crust. Additionally, it successfully mapped the aster-
oid's surface, characterizing surface features such as the 
Rheasilvia crater, a massive impact structure located at 
Vesta's south pole [14].

Following this phase, Dawn departed for its next tar-
get, Ceres, on August 5, 2012, reaching orbit around the 
dwarf planet in February 2015. The spacecraft identified 
bright spots on Ceres' surface, particularly within the 
Occator crater, which were later confirmed to be sodium 
carbonate deposits – indicating potential cryovolcanic 
(ice-volcanic) activity [11]. Furthermore, during the study 
of the smallest known dwarf planet in the Solar System, 
evidence was found for the presence of water ice and the 
possibility of subsurface oceans.

From the perspective of our research, the most crucial 
instrument on the spacecraft is undoubtedly its camera sys-
tem, the Framing Camera (FC). Additionally, it is import-
ant to note that the optical calibration of the cameras was 

carried out by the Department of Mechatronics, Optics, 
and Mechanical Engineering Informatics at the Budapest 
University of Technology and Economics. Further details 
on this calibration can be found in [8, 15].

The FC system consists of two identical high-spa-
tial-resolution optical imaging devices: FC1 and FC2 
(Fig. 1). However, a total of four FC units were built for 
the Dawn mission: two flight units (FC1, FC2) and two 
backup units (FM1, FS2). Detailed information about the 
calibration of these cameras can be found in [8]. The two 
backup units were utilized during ground-based tests to 
better understand and characterize the stray light phe-
nomenon known as "in-field stray light" within the cam-
era's field of view. The camera optics were designed as a 
telecentric lens system, as illustrated in Fig. 1.

This design ensures that the principal ray exiting 
the final lens is perpendicular to both the filters and the 
Charge-Coupled Device (CCD), making the transmis-
sion bands of the filters' dichroic layers independent of 
the field-of-view position (Fig. 1). The optics are made 
of radiation-resistant glass and have been corrected for 
near-diffraction-limited performance. Further details 
about the camera system can be found in [16].

2.2 Stray light
Stray light is unwanted light that originates within the opti-
cal system through various mechanisms, degrading image 
quality. Similarly, in-field stray light refers to a specific case 
of this phenomenon, where light originates from objects 
within the optical system's field of view and reaches the 
detector due to scattering from optical surfaces or surface 
imperfections [8]. This issue has multiple sources, some of 
which are illustrated in Fig. 2. These sources include mate-
rial defects and inhomogeneities within optical materials, 
diffraction effects, or surface scattering caused by micro-
scopic contaminants or roughness on optical surfaces. 
Kovacs et  al.  [15] and van den Berg et  al.  [17] highlight 
internal reflections and ghost images as primary causes of 
stray light. Multiple reflections can result in ghost images, 
further degrading image quality. In the case of the Dawn 
spacecraft, the primary sources of in-field stray light are 
components located near the image plane of the cameras: 
the CCD detector, the bandpass filters, and the final lens 
that is denoted as L4 in Fig. 1.

Stray light increases the background brightness of the 
image, thereby reducing contrast (Fig. 2). Additionally, 
it introduces unwanted signals on the detector and com-
plicates the precise calibration of the optical system, ulti-
mately decreasing the reliability of measurements [9]. 
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However, accurate calibration using stars is inherently 
challenging, as quasi-point light sources (the point spread 
functions, PSFs, of stars) do not always fully illuminate 
the photosensitive area of a pixel, leading to significant 
variations in the integrated flux response [8].

The Dawn mission carried two Framing Cameras 
onboard. Therefore, the images were acquired using two 
identical but physically separate camera units, each fea-
turing similar optics and electronics. The CCD detector 
consists of 1024 × 1024 pixels, with each pixel measuring 
14  ×  14  μm. Since the detector surface lacks an optical 
coating, reflections (such as ghost images) occur within 
the camera due to high reflectivity. The most significant 
reflection arises between the CCD detector and the band-
pass filters. When combined with the color filters, this 
results in substantial stray light contamination [15]. Local 
pixel correction methods proved insufficient for miti-
gating stray light effectively, as mineralogical analyses 
required spectral data [18].

It is important to note that several methods are com-
monly employed to manage and reduce stray light. 
For instance, the application of various anti-reflective and 
matte black coatings on appropriate optical surfaces min-
imizes unwanted reflections. Additionally, specialized 
structures such as baffles and light traps can be integrated 
into an optical system to block undesired light paths. 
Moreover, advanced software techniques exist for mod-
eling and correcting stray light effects. These image pro-
cessing approaches include convolutional and deconvolu-
tional methods, typically applied during post-processing. 

In the case of the Dawn spacecraft, an early correc-
tion method, developed after its approach to Vesta, ini-
tially addressed only the Narcissus ghost image caused by 

reflections from filter surfaces (Fig. 3). However, a later 
method was capable of handling additional sources of 
stray light [8]. This approach models the total stray light 
effect as a convolutional process, like the image formation 
itself, as ghost reflections are generated uniformly across 
all image regions.

3 Convolution-based correction method
Due to its numerous advantageous properties, convolution 
is one of the most widely used operations in image pro-
cessing. Accordingly, the developed stray light correction 
algorithm is also based on convolution (Eq. (1)), similar to 
the method applied in the DAWN space probe. However, 
our approach is CUDA-based, ensuring optimal execution 
time and memory usage. This means that while the orig-
inal algorithm runs in seconds, our solution provides at 
least equally accurate results in a fraction of a second.

Since execution time depends not only on the algorithmic 
design and software-level optimizations but also strongly on 
the underlying hardware, it is important to briefly describe 
the computational platform used in this work. The reported 
convolution and deconvolution results were obtained using 
hardware that can be considered average or even below 
average by current space research standards.

Specifically, all measurements and experiments were per-
formed on a Lenovo Legion 5 laptop equipped with an AMD 
Ryzen 7 4800H CPU with Radeon Graphics, 32 GB of RAM, 
and an NVIDIA GeForce GTX 1660 Ti GPU with 6 GB of 
dedicated memory, running Windows  10. Regarding the 
software environment, MATLAB R2023a [19] and CUDA 
11.8 [10] were used for the implementations. It should be 
noted that the applied methods and functions are also avail-
able in earlier and later versions of these software platforms.

Fig. 3 The Narcissus ghost image of a bright point light source with an exposure time of (a) 10 ms and (b) 1000 ms [8]
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3.1 Convolutional method
Convolution is a fundamental mathematical operation 
that plays a crucial role in signal and image processing. 
In essence, convolution combines two functions – a given 
signal or image input and a filter (also referred to as a ker-
nel) – to generate a third function. This operation enables 
various transformations of signals and images, such as fil-
tering, sharpening, blurring, and edge detection [20, 21]. 
Convolution is a unique and powerful technique because it 
considers spatial relationships between pixels, which can-
not be achieved through simple pointwise operations. 

Mathematically, convolution is an operation that merges 
two functions to produce a third function. It is commu-
tative, associative, and distributive over addition and can 
be defined for both functions and distributions  [22, 23]. 
In general, convolution can be expressed as an integral over 
the interval (−∞, ∞), where the product of the functions f 
and g (both defined and integrable over (−∞, ∞)) is evalu-
ated. However, in modern practice, particularly in digital 
signal and image processing, most functions are discrete. 
Therefore, in such cases, the discrete version of convolu-
tion must be used (Eq. (1)), where summation replaces inte-
gration due to the discrete nature of the values:

f g n f m g n m
m

* ,� �� � � � � � �� �
���

�

� 	 (1)

where f (m) is the discrete input, g(n − m) the shifted dis-
crete kernel, * is the convolution operator and (  f * g)(n) is 
the output at index n. The discrete convolution operation 
(Eq. (1)) depends on four key parameters:

1.	 Kernel size: the dimensions of the kernel, typically 
square (same width and height).

2.	Stride: the step size by which the kernel moves from 
one computation to the next.

3.	 Dilation: the spacing between values within the ker-
nel, affecting its receptive field.

4.	 Padding: the method used to fill empty values around 
the edges of the input (various techniques exist for 
this [24]).

In image processing, it is important to note that dis-
crete convolution can be efficiently computed using the 
Fast Fourier Transform (FFT), which is implemented 
as a  built-in function in several programming platforms 
(e.g., MATLAB [19], CUDA [10]).

Overall, convolution in image processing is the pro-
cess of applying a kernel to each pixel in the input image, 
weighing its immediate neighbors accordingly. It is also 
crucial to emphasize that convolution is not traditional 
matrix multiplication and should not be confused with it. 
In the case of images, the two-dimensional version of dis-
crete convolution is commonly used.

3.2 CUDA implementation and results
The original C++ algorithm performed computations 
using the Central Processing Unit (CPU) without lever-
aging the Graphics Processing Unit (GPU), resulting in 
execution times of several seconds. Therefore, the primary 
objective was to minimize the multi-second runtime while 
maintaining effective image enhancement.

For this work, we used 16-bit image files, and the algo-
rithm was successfully tested with the images shown in 
Fig. 4. The first Flexible Image Transport System (FITS) 
file (Fig. 4 (a)) is an image captured by the DAWN space-
craft, depicting the asteroid 4 Vesta, with a resolu-
tion of 1024  ×  1024 pixels. The second 16-bit FITS file 
(Fig.  4  (b)) is the corresponding kernel for the previous 
image – the point spread function (PSF) – which models 

Fig. 4 The original DAWN image of (a) Vesta, affected by stray light and (b) the kernel modeling the stray light
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the distortions affecting the image, specifically the stray 
light. This kernel image is twice the size of the first one, 
measuring 2048 × 2048 pixels.

We performed the stray light removal by our custom 
developed CUDA-based C++ program, which implements 
an iterative convolution-based image enhancement proce-
dure. This code is based on the single thread method pre-
sented in [8], which discusses the DAWN probe's camera 
system, and calibration. While the theoretical background 
of the two approaches is essentially identical and both rely 
on the same convolution-based principles, the primary dif-
ferences arise from the implementation strategy and the 
computational environment. The original C++ algorithm 
was implemented as a single-threaded CPU-based solu-
tion without GPU acceleration, whereas the CUDA imple-
mentation for example, exploits massive parallelism on 
the GPU, leading to significantly improved computational 
efficiency. For  further details regarding the implementa-
tion of the environment, the libraries used, and specifics 
of the code, feel free to contact us personally or via email.

We also developed a MATLAB  [19] version of the 
algorithm, to enable a direct comparison between the two 
programs and to better evaluate our CUDA  [10] imple-
mentation. This MATLAB  [19] program employs the 
same method but without leveraging CUDA-specific 
optimizations. Additionally, it is important to highlight 
that while the classical MATLAB  [19] code is likely 
slower due to the programming language and environ-
ment, it still provides a reasonable representation of the 
runtime differences. This is because the MATLAB [19] 
implementation, like the original algorithm, does not 

utilize CUDA [10], GPU acceleration, or parallel comput-
ing capabilities. Furthermore, both the CUDA [10] and 
MATLAB [19] implementations achieve similar effec-
tiveness in removing stray light, as demonstrated in the 
comparison between Figs. 5 and 6.

In this case as well – as for all image-based and run-
time results presented throughout the paper – we report 
and illustrate the best achieved outcomes. Accordingly, 
Fig. 5  (b) presents the best result – final processed 
image – obtained using the CUDA-based implementation, 
while Fig. 6  (b) shows the best result achieved with the 
MATLAB  [19] implementation. In both cases, the opti-
mal result was reached after the first iteration, which was 
expected given the characteristics of the applied method 
and the properties of the input data [8].

The scales in Figs. 5 and 6 represent the unitless pixel 
intensity values, where 0 corresponds to the darkest areas 
and 1 to the brightest regions. In Figs. 5 and 6, the CLAHE 
filter was applied, enhancing the visualization and mak-
ing it clearer that identical image quality results can be 
achieved using both platforms.

In terms of image quality, the best results were achieved 
after the first iteration. The computational performance 
was also significantly improved alongside image enhance-
ment. While the original C++ code had a runtime of sev-
eral seconds, the CUDA [10] implementation successfully 
reduced the execution time of the stray light removal algo-
rithm to below half a second (Fig. 7).

More precisely, with just a single iteration, the original 
C++ code required several seconds to complete, whereas 
the CUDA  [10] implementation achieved a runtime of 

Fig. 5 (a) The original image and (b) the result after the first iteration with CUDA [10]
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404.791 ms. In comparison, the MATLAB [19] implemen-
tation required 2371.757 ms (= 2.37 s) for one iteration. 

Fig. 7 illustrates the timing results, showing the exe-
cution times of the MATLAB [19] and CUDA [10] codes 
over the first six iterations. For each iteration, 20 mea-
surements were taken, and the average execution time 
was plotted. The error bars on the columns represent the 
extreme values recorded in each iteration.

Each additional iteration increased the runtime by 
approximately 10–20 ms for the CUDA [10] implementa-
tion, whereas for the MATLAB [19] implementation, this 
increase ranged from 150 to 300 ms per iteration.

4 Deconvolution
Imaging is a crucial field in both science and industry, as 
various imaging techniques provide access to information 
that would otherwise be unattainable. However, acquired 
image data not only contains the desired information but 
also a combination of distortions introduced by the optical 
system's imaging and detection properties. Additionally, 
these two-dimensional images capture details from both 

the in-focus plane and out-of-focus regions [25]. This can 
result in a low signal-to-background ratio due to blurred 
contributions from defocused areas.

The Signal-to-Noise Ratio (SNR) quantifies the 
strength of the desired signal relative to background noise 
(undesired signal). Various approaches aim to minimize 
the impact of out-of-focus regions in the final image, yet 
they cannot fully compensate for distortions introduced 
by optical systems, such as aberrations. Based on this con-
cept, an image can be considered as a combination of ideal 
information from the sample and distortions inherent in 
the optical system. If these distortions can be mathemat-
ically described, they can also be mitigated using appro-
priate methods. Deconvolution-based image processing is 
designed to address this challenge [26–28].

4.1 Instruments and images used for deconvolution
The images and instruments used for the convolu-
tion-based methods were introduced previously in 
Sections 2.1 and 3.2. In Section 4.1, the imaging data and 
instruments applied for the deconvolution experiments are 
briefly described. Although convolution and deconvolu-
tion techniques differ in both purpose and implementation, 
all methods presented in this study were implemented on 
the same hardware platform and under similar computa-
tional conditions and environments.

For the motion blur experiments, an older consum-
er-grade digital camera, the Panasonic Lumix DMC-F2, 
was used. This camera was selected intentionally, as older 
imaging devices typically lack advanced built-in image 
stabilization and post-processing algorithms, making 
them more suitable for capturing motion-blurred images. 

Fig. 6 (a) The original image and (b) the result achieved with MATLAB [19] after one iteration

Fig. 7 Execution time of the CUDA [10] and MATLAB [19] code in 
each iteration, with minimum and maximum values
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The Panasonic Lumix DMC-F2 features a 10-megapixel 
CCD sensor (1/2.5") with 4× optical zoom. The motion-
blurred test image shown in Fig. 8 (a) was acquired using 
this camera and stored as a 3648 × 2736 pixels JPEG file. 
Additional technical specifications of the camera can be 
found in the manufacturer's user manual [29].

To demonstrate defocus blur and to present the corre-
sponding deconvolution results, an image acquired by the 
Asteroid Framing Camera onboard ESA's Hera mission 
(AFC/Hera) was used. The image is a 2048 × 2048 pix-
els FITS file depicting a chessboard-patterned human 
figure (Fig. 9). The AFC instrument, developed by Jena-
Optronik (Germany), has a mass of approximately 1.3 kg 
and dimensions comparable to a household vase [30]. Since 
defocus blur is a frequent challenge in space imaging, the 
results obtained in this work may also be beneficial for 
other cameras of different missions or other instruments 
of the Hera mission, such as ASPECT and HyperScout-H, 
which are complementary hyperspectral imaging systems.

4.2 Different types of deconvolution methods
The general deconvolution problem (Eq. (2)) can be 
expressed as the convolution product of two functions, 
where the first factor, f, represents the initial "clean" sig-
nal we aim to recover. The second factor, g, is the signal 
or kernel (PSF in imaging) that causes the distortion of f. 
The result, h, is the fixed, already distorted signal. In other 
words,  f  is the signal that has been convolved with g before 
detection, and h is its distorted version, which is difficult 
to recognize in its original form. All deconvolution tech-
niques – discussed in image processing – aim to provide 
a solution to Eq. (2) with different approaches:

f g h* .= 	 (2)

The simplest solution is to reverse the process – apply-
ing the inverse of the operation that caused the distortion, 
i.e., the general inverse deconvolution, since mathemati-
cally, deconvolution is the inverse of convolution [31]. Both 
operations are widely used in signal and image processing.

From a mathematical perspective, convolution is 
a  well-defined, stable operation, while its inverse is, 
like most inverse problems, ill-posed [32]. This refers to 
expressions that do not satisfy the three Hadamard criteria 
for well-posed problems:

1.	 existence of a solution;
2.	uniqueness of the solution;
3.	 continuity of the solution with respect to parameters 

or input data.

In practice, this means that most inverse methods, 
due to their mathematical instability, are highly sensitive 
to noise and small errors in the input. However, the pro-
cedure can be refined by adding a new factor: general 
noise. This approach will yield more accurate results, 
as assuming a noisy image is noise-free leads to erroneous 
estimates of f and g. The lower the signal-to-noise ratio, 
the worse the result. This is why simple inverse convolu-
tion often fails to provide satisfactory results [28, 31, 32]. 
As a result, various deconvolution techniques exist, each 
approaching the task differently [5, 33].

4.3 Regularization methods and Wiener filtering
To perform deconvolution more efficiently, it is necessary 
to account for noise and disturbances affecting the sys-
tem. This requires modifying the general inverse convo-
lution approach, as a numerically more stable solution is 
needed than simply taking the ratio of Fourier transforms. 
Therefore, some form of regularization must be applied to 
yield a more natural-looking solution [32–34].

Fig. 8 Motion blur in a real-world environment: (a) The original image and (b) the corrected image
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The primary issue is that when the denominator, i.e., the g 
kernel and its Fourier transform, take very small values, 
inaccurate or erroneous results may arise. In some cases, 
no solution is obtained at all dues to values close to zero in 
the kernel. A potential solution is to add a small constant to 
the denominator to avoid division by zero. However, since 
we are dealing with complex numbers that cannot be eas-
ily ordered, determining the appropriate value to ensure 
it is greater than zero is not straightforward. The regular-
ization constant addresses this challenge, but it introduces 
both strengths and weaknesses. The choice of this value 
significantly influences the result's quality. A value that is 
too large may overly smooth the solution, losing important 
details, while a value that is too small can amplify the noise.

4.4 Iterative methods
Iterative deconvolution methods encompass a variety of 
algorithms aimed at image sharpening or restoring original 
information, providing an iterative solution to the inverse 
convolution problem. These methods are characterized by 
using iterations to refine the solution step by step, gradu-
ally approaching the correct result [33, 34]. Algorithms can 
be categorized in various ways, such as by what is refined 
at each step. Some use the Point Spread Function (PSF), 
while most minimize an error or cost function over multi-
ple iterations. Possible categorization criteria include:

•	 applied regularization;
•	 mathematical approach;
•	 PSF knowledge and type;
•	 noise knowledge and type.

These methods are particularly useful for nonlinear 
problems or when the PSF is only partially or not at all 
known. However, like all deconvolution methods, iterative 
algorithms have limitations, which should be considered 
before choosing the appropriate method for a given task. 
Key considerations include:

•	 Convergence: these algorithms do not always guar-
antee finding the global minimum. They may not 
converge stably and could settle on local minima, 
a common issue with many search algorithms.

•	 Noise: excessive iterations or improper regulariza-
tion may amplify undesirable noise or distortions, 
such as fringing.

•	 Computational demand: due to the iterative nature, 
these methods are more computationally intensive 
than others, requiring more steps to reach the final 
solution. The more iterations, the more time-consum-
ing the process, especially for high-resolution images.

•	 Initial estimate: a proper starting estimate is crucial 
as it greatly influences the entire process. For exam-
ple, using a smooth Gaussian kernel as an initial 
PSF for a motion-blurred image will lead to poorer 
results than using a motion blur kernel.

Despite these challenges, iterative deconvolution meth-
ods are widely used in various industrial and scientific 
fields due to their effectiveness for suitable tasks.

4.5 Blind deconvolution
In engineering and applied mathematics, blind deconvo-
lution refers to a technique where the impulse response 
function used in convolution is not explicitly known. 
This task is typically approached by making assumptions 
about the input and estimating the impulse response func-
tion through analysis of the resulting data. Most blind 
deconvolution algorithms assume that both the input and 
impulse response function reside within known, suitable 
domains. Despite such assumptions, blind deconvolution 
remains a challenging multivariable, non-convex optimi-
zation problem [33, 35].

In image processing terms, blind deconvolution is 
a  technique that enables the restoration of a distorted 
image, given the blurred (distorted) image itself. A key 
distinction is that while linear and nonlinear deconvolu-
tion techniques work with known PSFs, blind deconvolu-
tion estimates PSF using one or more blurred images.

This method has many variants and applications. 
However, all blind deconvolution approaches aim to pro-
vide the best solution to the inverse convolution problem, 
where the kernel (  g) is unknown. In this case, only the 
observed blurred image (h) is available, while both the 
kernel ( g) and noise are unknown. The goal is to restore 
the original sharp image (   f   ) and determine the PSF ( g), 
using only the recorded blurred image (h).

Fig. 9 On the left is the original defocused image, and on the right, the top 
row shows cropped scenes from the original. Below these blurred sections 
are details from the Wiener deconvolution results, color-coded accordingly
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It is noteworthy that blind deconvolution is one of the 
most researched areas of deconvolution methods, as in 
engineering practice, the blurred image is often the only 
available data, with reliable information only about it.

5 Results and CUDA implementation
The deconvolution algorithms were implemented in both 
MATLAB [19] and CUDA [10] environments, like the 
convolution algorithm for stray light removal. This pro-
vided a solid reference point for evaluation, enabling the 
development of more efficient solutions to the deconvolu-
tion problem. Among the algorithms implemented were 
Wiener deconvolution, general and Tikhonov regulariza-
tion, Richardson-Lucy deconvolution, and blind deconvo-
lution, to name a few.

We addressed a variety of distortions and aberrations, 
with a primary focus on motion blur and defocus, as these 
are the most prevalent image artifacts in many application 
areas, particularly in space research.

The CUDA [10] and MATLAB [19] algorithms demon-
strated significant improvements in both image enhance-
ment and runtime efficiency. These algorithms can, of 
course, be fine-tuned for specific tasks to optimize their 
performance. For example, spatially dependent distor-
tions can be handled through local deconvolution with 
minimal adjustments.

As the research focused on real-world images with 
actual distortions, we evaluated image quality improve-
ments using objective metrics like PSNR (Peak Signal-to-
Noise Ratio) and MSE (Mean Squared Error). However, 
subjective assessments were ultimately prioritized, as the 
end users of these images are people viewing the results, 
with no further processing or use in additional algorithms. 
Thus, subjective evaluation methods were deemed most 
appropriate for this context.

5.1 Motion blur
Motion blur is a phenomenon where images become 
blurred due to the movement of the camera or the observed 
object during the exposure time (Fig. 8). This distortion 
occurs when the captured image changes during a sin-
gle exposure, caused by fast motion or a long exposure 
time [36]. The blur appears as streaks [37], and it is par-
ticularly noticeable for point-like objects or light sources, 
such as stars or lamps. On a blurred image, these objects 
manifest as streaks in the direction of motion, which can 
be used to approximate the motion blur point spread func-
tion (PSF) affecting the entire image.

The linear model is most used to model motion blur, 
assuming uniform linear motion and corresponding uni-
form blur. The kernel can be easily constructed once 
the length and angle of the motion are known. However, 
in  practice, these values, like the PSF, can only be esti-
mated. The tested and refined algorithms were also evalu-
ated in real-world conditions. Fig. 8 (a) was captured with 
my very old digital camera (Panasonic Lumix DMC-F2) 
by increasing the exposure time and moving the camera 
evenly from left to right during the shot. Various ker-
nels and parameter settings were tested for each method. 
The best result was achieved using general regularization 
deconvolution (Fig. 8  (b)), shown alongside the original 
image in Fig. 8. The second-best result was obtained with 
Wiener deconvolution.

5.2 Defocus blur
Defocus is an optical aberration occurring when an image 
is simply out of focus. It is one of the most common opti-
cal errors encountered by users of cameras, video cameras, 
microscopes, or telescopes. Consequently, most imaging 
devices include focusing mechanisms to minimize defocus 
and maximize image quality. Optically, defocus refers to the 
shift of focus along the optical axis away from the detection 
surface [38, 39]. In the human eye, defocus blur appears 
as monocular visual cues, with objects outside the depth of 
field appearing blurred on the retina [40]. Generally, defo-
cus reduces sharpness and contrast, turning initially sharp, 
high-contrast edges into gradual transitions, with fine image 
details becoming barely visible or invisible. Several factors 
can cause defocus, including lens aberrations, limited depth 
of field, or  varying object distances. This optical error is 
common in microscopy, astronomy, and medical imaging, 
and must be considered across all imaging fields. The math-
ematics of defocus can, like motion blur, be precisely 
described using convolution operations.

After testing and refinement, the focus was placed on 
real images with actual imaging errors and distortions. 
We used images captured by the HERA spacecraft's AFC 
camera, which are affected by defocus. One such image, 
taken with the AFC camera of the HERA spacecraft, 
shows a blurred chessboard pattern in a laboratory (Fig. 9). 
The defocus in this image arises from the camera calibra-
tion and the environment, as the spacecraft cameras were 
not calibrated for Earth's lab environment and distances.

For the AFC camera image (Fig. 9), the best results 
were achieved using appropriately parameterized Wiener 
deconvolution. However, similar image enhancement 
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was achieved with regularization and Richardson-Lucy 
deconvolution, although the latter two methods resulted in 
images with slightly more noticeable noise. These minor 
differences are likely due to imperfect parameterization 
rather than the methods themselves. Fig. 9 highlights the 
results for the AFC camera defocus. On the left is the 
original image captured with the AFC camera. The top 
row shows cropped details from the original image, while 
the bottom row presents cropped scenes from the Wiener 
deconvolution results, color-coded accordingly.

As shown in Fig. 9, a simple but well-parameterized 
deconvolution technique can achieve remarkably strong 
image enhancement results, even in the case of space-
borne camera systems. The improvement is most clearly 
observable in the regions highlighted by the red frames, 
particularly around the mask, while a significant enhance-
ment is also visible within the blue-framed area when 
focusing on the thumb. Furthermore, all cropped scenes 
demonstrate a successful sharpening of the checkerboard 
pattern, indicating improved edge transitions between 
black and white regions. In practice, this can lead to more 
accurate edge detection, which is beneficial in engineering 
applications as well as in applied optics and image pro-
cessing. For  instance, improved edge definition supports 
more reliable calibration procedures and therefore enables 
the acquisition of higher-quality, sharper images across 
a wide range of applications.

Overall, defocus blur is a common issue affecting 
image sharpness across various industrial and scientific 
fields involving optical systems and cameras. However, 
modeling defocus with a circular kernel via convolution 
enables the use of deconvolution techniques, which effec-
tively improve any blur and optical aberration modeled by 
convolution operations.

5.3 Time and CUDA implementation
The techniques presented and described here, when 
applied correctly, yield good image results. However, it is 
important to highlight that there can be significant varia-
tions in runtime between different deconvolution methods, 
particularly for iterative procedures. In case of our imple-
mented algorithms, the Richardson-Lucy (RL) and the 
blind deconvolution methods are based on iterations, and 
in general performed less efficiently considering the run-
time. In modern image enhancement, the speed at which 
an algorithm returns results is becoming increasingly crit-
ical, especially for real-time applications.

Similarly to the convolution experiments, all decon-
volution measurements and runtime evaluations were 
performed using the same hardware and software envi-
ronment described in Section 3. The deconvolution algo-
rithms were implemented using the same MATLAB [19] 
and CUDA [10] framework, following an approach com-
parable to that applied for convolution, without relying 
on CUDA-specific parallel optimization features within 
MATLAB [19].

Unlike the convolution case, multiple deconvolution 
algorithms were implemented across the examined plat-
forms, and their detailed descriptions are therefore pro-
vided in the corresponding Sections 4.3–4.5 with appro-
priate references. In general, the implementation workflow 
of the deconvolution methods followed a common struc-
ture: loading the input image, optional preprocessing 
depending on the applied algorithm, definition or estima-
tion of the kernel (the PSF that causes the distortion of the 
input image), execution of the deconvolution procedure, 
and finally the generation of the output image followed by 
result evaluation.

Corresponding to the represented convolutional 
method, we measured and compiled statistics for the run-
time. The  image quality results are not discussed here, 
as similar improvements can be achieved using the same 
solutions, as shown in the convolution section. Therefore, 
the focus of this article is the representation of the improve-
ment of runtime performance.

It is important to note the results in the graph (Fig. 10), 
where both algorithms provided the best results after 
the 16th iteration for the chessboard image (Fig. 9). 
MATLAB  [19] took 13.55 s, while the CUDA [10] code 
completed under 6.41 s. Additionally, the results in Fig. 10 
show nearly linear growth for both cases, with CUDA [10] 
time values increasing at a slower rate than MATLAB [19], 

Fig. 10 Execution time of CUDA [10] and MATLAB [19] codes per 
iteration for the image captured with the AFC camera
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as expected. Thus, the graph in Fig. 10 illustrates the mea-
sured runtime for both CUDA [10] and MATLAB [19] in 
processing the real defocused image from the AFC camera.

6 Summary
In today's increasingly digital world, image processing 
is one of the most rapidly evolving fields, with numerous 
industrial and scientific applications, including robotics, 
medicine, manufacturing, automotive, and space explora-
tion. Modern image processing aims not only to extract 
and restore information effectively but also to enhance 
images efficiently and quickly.

Convolution is widely used for filtering, edge detection, 
and feature extraction, allowing image sharpening, blur-
ring, and the application of specialized filters to highlight 
important details or remove noise. Conversely, deconvo-
lution is primarily used to restore sharpness in blurred or 
distorted images, recovering the original information as 
accurately as possible. However, both methods face chal-
lenges such as reducing computational time, managing 
noise sensitivity and edge artifacts, and improving image 
restoration quality. Therefore, optimizing parameters 
and the point spread function (PSF) is crucial to enhance 
images while minimizing noise without significant infor-
mation loss. Fast processing is particularly critical in 

modern applications, including space probes, autonomous 
vehicles, satellites, and robotic systems, where high-reso-
lution images and complex computations are required.

In this paper, we reviewed and compared widely used 
convolution- and deconvolution-based image enhancement 
techniques in terms of runtime and restoration quality. 
Our optimizations significantly reduced processing times, 
improving efficiency. Notably, CUDA  [10] acceleration 
effectively sped up the Richardson-Lucy deconvolution 
algorithm while maintaining image quality. CUDA's  [10] 
parallel computing capabilities substantially reduce run-
times, optimizing resource utilization. More specifically, 
the runtime of the presented convolution-based method 
was reduced by approximately 83%, while for the imple-
mented deconvolution-based methods a reduction of more 
than 52% in execution time was achieved. This enables 
faster execution of complex algorithms (e.g., deconvolu-
tion), efficient processing of large datasets, and improved 
performance in real-time applications. Moreover, consid-
ering the achieved image quality improvements – partic-
ularly the results obtained using images acquired by the 
AFC/Hera instrument – the presented methods can serve as 
a solid basis for further space research applications, includ-
ing image processing pipelines, camera calibration proce-
dures, and image enhancement tasks in future missions.
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