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Abstract The main purpose of this work was to restore the blurry chest CT images by applying a blind deconvolution
algorithm, In general, image restoration is the procedure of improving the degraded image to get the true or original
image. In this regard, we focused on a blind deblurring approach with chest CT imaging by using digital image process-
ing in MATLAB, which the blind deconvolution technique performed without any whole knowledge or information as to
the fundamental point spread function (PSF). For our approach, we acquired 30 chest CT images from the public source
and applied three type’s PSFs for finding the true image and the original PSF. The observed image might be convolved
with an isotropic gaussian PSF or motion blurring PSF and the original image. The PSFs are assumed as a black box,
hence restoring the image is called blind deconvolution, For the 30 iteration times, we analyzed diverse sizes of the PSF
and tried to approximate the true PSF and the original image. For improving the ringing effect, we employed the weight-
ed function by using the sobel filter. The results was compared with the three criteria including mean squared error
(MSE), root mean squared error (RMSE) and peak signal-to-noise ratio (PSNR), which all values of the optimal-sized image
outperformed those that the other reconstructed two-sized images. Therefore, we improved the blurring chest CT image
by using the blind deconvolutin algorithm for optimal approach.
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| . Introduction

Recently, the increased frequency of using computed
tomography (CT) in clinical routine has caused a higher
increase in patient radiation dose [1], Especially,
chest CT examinations have been considerably increased

in clinical centers and linked to the radiation dose, To

diminish the exposure risk, several developed techniques
reducing radiation dose have been advanced and are
mounted to CT devices for clinical practice [2—5]. One
of the methods is an iterative reconstruction (IR) that
is currently employed to decrease the CT radiation
exposure and to decline noise and blurring on the CT

image, However, the approach would have limitations
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in clinical routine so the blind deconvolution method
might complement the shortcomings in different way
[6-10].

Nowadays, many blind deblurring algorithms associated
with deep learning (DL) have been developed and
released, DL would be useful in learning to map the
blur kernel, A recent study by Schuler et al, designed
the deep learning model for estimating the blur
kernel [11], In addition, deep convolutional neural
architectures might predict the Fourier coefficients by
investigating the property of blurring images in
clinical routine [12], And the deep network was
capable of project calculating the blur kernel, In this
regard, the deep convolutional neural network is
possible to consider several parameters of blur
kernels related to motion blurring on the clinical
image [13].

In general, blind deblurring in clinical practice is to
find out a blurry or degraded image without requiring
prior methods linked the point spread function (PSF)
or utilizing only partial details about the PSF,
Recently, blind deconvolution systems were reported
by previous works which indicated that there are
many motivations for using blind restoration in
clinical imaging applications such as general X-ray
and CT [14,15]., Hence, blind restoration could be
helpful for enhancing medical images quality with no
complicated estimation techniques,

Before applying diverse deep learning algorithms,
our work aims to analyze the blurring effect on the
chest CT images and restore the true image and the
PSF in person without any clinical information related
to the original PSF, The demanding task of
reconstructing chest CT images according to blind
deconvolution has been accepted as one of the main
problems in clinical chest CT imaging [16], Our study
tried to make the blurring chest CT images to be the
original image through the blind deconvolution
technique and to advance the restored image by using

the weighted function,

Il. Material & Method

1. Deblurring Images Using the Blind Deconvolution
Algorithm

Data used in this paper originated from the public
source (known as Kaggle) and 30 images was conducted
for the performance, A blind deconvolution algorithm
used in this work would be especially helpful in this
circumstance where there is no known information with
respect to the deformation by blurring and noise [12],
Under this condition, the algorithm enables to restore
the original image and the point spread function (PSF)
concurrently, For advancing the chest CT image, this
study was done in MATLAB R2021a and all the data was
acquired from the public source, For analyzing the blind
deconstructed images, we estimated three types of
criteria like mean squared error (MSE), root mean
squared error (RMSE) and peak signal—to—noise ratio
(PSNR) between the original image and the deblurred
image to measure performance and accuracy, Several
input parameters concerning the optical system were
used to better the condition of the image restored, The
steps of applying the blind deconvolution algorithm are

followed by Fig. 1.

I Read any slice of chest CT images I

!

I Convert into gray scale |

|

I Simulate a Gaussian blur on the image; blurry image I

4

Generate three types of PSF;
Undersized, Oversized, Optimal-sized

4

Restore image using PSFs with the blurry image;
Blind reconstrution

!

Advance the restoration;
Diminish ringing effect on the restored image

Fig. 1. Six-step blind deconvolution scheme,

2. Blind Deconvolution Definition with Gaussian
Noise

The following term related to the blind deconvolution
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is used in clinical imaging applications:

g(z) = plz) @\ (z)+n(z) eq.1

Where g(x) is the observed chest CT image, p(x)
defines the imaging system and is known as the point
spread function (PSF), which means the 2D convolution
operator, n(x) is the specific noise term called as
additive white gaussian noise with standard deviation
parameter o, and A(x) is the original or true image,
A calculation of the original image is called a

reconstructed/restored/deblurred image (Fig. 2).

Blind Deconvolution Challenge; recover both P(x), A(x)

=[]+

Blurred or Unknown Unknown Paint Unknown
Observed image Original image Spread Function noise
Gix) Atx) Plx) nfx)

LEm
L]t w1 -
b ol
Blurred or Genera?ed Various PSFs; Blind Reconstructed
Observed image Undersized images
G(x) Oversized
Optimal-sized

Fig. 2, Blind deconvolution logic and approximation of original
imageg(x) and point spread function p(x) from the blurry image
A(x) with using varied point spread functions,

In summary, the observed image or blurry image
g(x) is distorted with certain noise such as additive
white gaussian noise, which is designed as an
assembly of random variables by indexing the spatial
variable x with means values g(x). And the gaussian
noise is one of the varied types of noise widely used
in clinical imaging such as gaussian, passion and
rician, Furthermore, according to the central limit
theories, the net outcome of the complicated interaction
out of those independent random variables could be
estimated by the gaussian PSF with standard deviation

factor o:

L
G, (z) = e ¥ eq.2
21 o

lll. Result & Discussion

Step 1. Read any slices related to chest CT
examinations into the workplace, using the functions;
‘dicomread’ and ‘rescale’ (Fig. 3).

Original image Blurred image

Fig. 3, Original chest CT images converted into gray scale as
an original or true image (Left) and the blurred image with
Gaussian noise (Right)

Step 2. The image simulated by some noise and
blurring linked to the patient movement or larger
inspiration during the scanning, creating a point spread
function (PSF) akin to the blurring by performing the
motion filter, The Gaussian noise filter represents the
PSF related to blurring, combining the PSF with the
original image (Fig. 3).

Step 3. To restore the blurred chest CT image to the
original image and find out the optimal PSF size and
shape for the satisfactory result, we reconstructed the

PSF each time as performing three restorations,

1. Lower—sized PSF

The first restoration was computed from a lower—
sized array for an initial estimation, which is 4 pixels
shorter in the fourth dimension than the original PSF
(Fig. 4).

2. Over—sized PSF

The result of the second restoration was based on
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an array of ones and the over—sized PSF that extend
4 pixels ineach dimension than the original PSF
(Fig. 4)

3. Approximated optimal—sized PSF

The final restoration as a third was similar to the
original PSF in terms of the value and size, using an

array of ones (Fig. 4),

Step 4. Analysis of the three restorations with PSFs

Three restorations generated a PSF each iterative
time: undersized PSF, oversized PSF, optimal—sized
PSF, The following figures mean that the restored
PSFs would support predicting the optimal size for the
initial PSF, The pixel’s value is brighter because the
location of the maximum values was close to the

central, Conversely, the farther away the border

Original image Restored Undersized image

Restored Oversized image Restored Optimal image

values are diminished from the center and changed to
black (Fig. 4). In addition, the result of the deblurred
image with the optimal—-sized PSF estimated
outperformed the other deconstructed images all out
of three performance assessments, The mean value of
the optimal—sized PSF pertaining the MSE criteria
was fairly lower than other results and the quality of
the image could be similar to that of the true image
since the shape of the PSF was be close to that of the
original PSF, For the over—sized PSF, all mean values
of three criteria was more poor than other—sized PSFs
because the PSF's array might be dense, which would
result in the ringing effect (Table 1),

The first PSF reconstructed to the undersized size
did not correspond to the original PSF signal owing to
the strong signal variance at the boundary, As figure
4 shown, the image depending on the first PSF was
not improved in terms of blurring and noise, compared

Original PSF Restored Undersized PSF

Restored Optimal PSF

Restored Oversized PSF

= om

Fig. 4. Comparison between the original image and the restored images with various point spread functions: under-sized,

over-sized and optimal-sized PSF

Table 1, Comparison based on various performance metrics such as MSE, RMSE and PSNR between the original image and

the deblurred images

Blind Reconstruction MSE

RMSE PSNR

Deblurred image with under PSF 6.8842 £ 5,02

0,0262 £ 4,59 31.6214 % 6,09

Deblurred image with

37.0000 £ 10,27
over PSF

0,0611 £ 5.23 24,1871 £ 9.56

Debl . .
eb) urre'd image with 24053 + 4.90
optimal PSF

0.0157 £ 2,11 36.1079 + 4,11
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to the original image. The over—sized PSF restoration
became smooth at the boundary, which the corresponding
image means strongly disrupted by the ringing artifact,
The PSF result from the third restoration appeared
the intermediate condition between the first PSF and
the second PSF, Particularly, the array of the PSF was
similar to that of true PSF, and the third reconstructed
image accorded with the PSF indicated advanced
conditions, contrary to the others, Yet, the third
image was still distorted a little by the ringing

artifact,

Step 5. Diminishing the ringing effect

The distortion known as a ringing artifact in the
third restoration appeared surrounding the sharp
enhancement and along the boundary, Considering
this factor, applying a weighting function on the
reconstructed image could be effective for diminishing
the ringing effect, which shows that each pixel on the
image was weighted depending on the weight array
reconstructing the image and the PSF, The iteration
of weighted function is approximately 30 times and
used to sobel fiter, Forthermore, a combination of
edge detection function and morphological processing
was used to find the sharp pixels, By convolving the
third restoration with the weight array, the deblurred
image seemed to suppress the ringing effect (Fig. 5).

Deblurred Image with the WEIGHT array Advanced OTIMAL PSF

Fig. 5. The advanced image and point spread function
declined the ringing effects by using weighted arrays,

In general, chest CT axial images consisted of
complicated data combinations, which could be
described in terms of speckle information, Depending
on visual inspection, speckle noise is constituted with

a comparably high gray scale enhancement, ranging

between bright (hyper—echoic) and dark (hypo—echoic)
domains, Furthermore, chest CT images have some
benefits of being time—saved, non—invasive and
relatively low cost than MRI, In this regard, our
approach focused on reducing noise and blurring
without diagnostic information loss for high quality
and condition on the images by using various filtering
algorithms, Therefore, this work was to research the
optimal point spread function (PSF) value on the chest
CT axial image and make the image better,

However, this work has several limitations, One of
the limitations is the data quantity used from this
paper since the chest CT image originally might be
sensitive to obtain from the hospital such as IRB
acquisition, Under this condition, this method and
result both were based on public sources and the
quality and value of the image were similar to that of
the hospitals, Although the size of data applied from
this work was not enough and satisfactory, the
performance of the blind deconvolution algorithm was
better depending on previous reports [17—18]. Our
results was derived from 30 chest CT images in public
sources, And the iteration applied the weighted
function was 30 times but its times might be different
depending on types of image, Further research should
be based on enough volume of data for robustness and
high accuracy in investigating and studying. Lastly,
we hope that this approach and knowledge would be
widely spread out and applied to the society of
radiological technologists [19—20],

IV. Conclusion

Our experimental work aimed to analyze the
enhancement of the chest CT image and to estimate
the original image and the true PSF by using the blind
deconvolution algorithm, ultimately which means to

decline the noise and blurring on the chest CT image,
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