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ABSTRACT
Improving the resolution of medical images is crucial in diagnosis, feature extraction, and data retrieval. A
significant group of super-resolution algorithms is multi-frame techniques. However, they are not appropriate
to medical data since they need several frames of the same scene, which bring a high risk of radiation or
require a considerable acquisition time. We propose a new data augmentation technique and employ it in
a multi-frame image reconstruction algorithm to improve the resolution of pathologic liver CT images. The
input to our algorithm is a 3D CT-scan of the abdominal region. Neighboring slices are considered to increase
the resolution of a single slice. Augmented slices are prepared using the nearby slices and the interpolation
approach. The new data is aligned to the original slice, and it is used as an augmented version of the data.
Then, a multi-frame scheme is utilized to reconstruct the high-resolution image. Our method’s novelty is
to remove the need for multiple scans of a patent to employ multi-resolution techniques in medical appli-
cations. The results reveal that the proposed method is superior to conventional interpolation methods and
available augmentation techniques. Compared to the tricubic interpolation, the proposed method improved
the PSNR by 3.1. Concerning conventional augmentation techniques, it enhanced the SSIM measure by 0.06.
The proposed algorithm improved the SSIM by 0.11 compared to traditional interpolation techniques and
0.1 for recent researches. Therefore, a multi-frame super-resolution technique has the potential to reconstruct
medical data better.
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INTRODUCTION

Resolution enhancement of medical images is an emerg-
ing field of research with numerous diagnoses, treatment
planning, and image retrieval applications. The bene-
fits of high-resolution data include (1) improvement of
the extracted features, (2) reduction of the Partial Vol-
ume Effect (PVE), (3) improved determination of an
organ’s boundary, (4) lowering the radiation dose and
acquisition time.1,2 The significance of the mentioned
advantages increases when it comes to processing tumor
images of the liver. The CT-scan is a widely used modal-
ity to diagnose liver diseases due to an appropriate con-
trast between the tumor and the liver.3 A physician can
use a high-resolution CT-scan of the abdominal region
to retrieve similar images from a databank of previous
operations and even detect tiny lesions.

Hardware and software solutions are the two
approaches to improve the resolution of an image.1,4

Hardware techniques consist of improving the quality of
detectors, increasing their quantity, and reducing their
sizes. However, these techniques increase the complexity
and overall cost of the system.5 The goal is to include
high-frequency details to low-resolution (LR) data to
reconstruct the high-resolution (HR) image concerning
software solutions. These software methods belong to a
broad spectrum of algorithms called Super-Resolution
(SR) techniques. The main classes of these algorithms
are conventional interpolation-based, dictionary-based,
and model-based methods.4 The interpolation-based
approaches range from the simple nearest-neighbor
algorithm to the B-spline technique.

In dictionary-based techniques, sparse dictionaries
are constructed using low-frequency (LF) and high-
frequency (HF) training patches. The patches of a test
LR image are decomposed using the LF atoms, and
the corresponding coefficients are multiplied by the HF
atoms to reconstruct the HF patches. The LF and HF
elements are added to build the HR patch. The dictio-
naries are setup using scaled versions of the input image
or a set of training data. Dictionary-based approaches
use the self-similarity property of an image to obtain
consistent results in natural pictures.

In model-based methods, a mathematical equation
represents the formation of an LR image from the HR
data. Then, one tries to solve the corresponding inverse
problem with traditional statistical techniques to obtain
a high-resolution image from an LR input. Constraints
or prior knowledge are frequently included in the solu-
tion to prevent ill-posed conditions. If multiple frames
of the same scene are available, sub-pixel data can be
extracted to solve the inverse problem.

Researchers have employed some of the SR
algorithms in the reconstruction of medical data.
Dictionary-based approaches have an innate issue that
they obtain HF details based on the self-similarity the-
ory, which is not valid for medical data. The inclusion
of inaccurate information in a medical image makes it
useless for interpretation and diagnosis tasks. Model-
based methods that employ multi-frame data are more
valid for clinical applications since the extra informa-
tion is obtained from the same input image. However,
getting sufficient data is costly, time-consuming, and it
may bring radiation risks for a patient. Data augmen-
tation methods have been introduced to generate sev-
eral LR images from a low-resolution frame. Here, we
address the problem of low-risk data-augmentation in
medical images with applications in model-based super-
resolution algorithms.

Deep learning technique has recently performed
Super-resolution of CT data.6–8 The general scheme is
to employ conventional deep neural networks and mod-
ify the architecture or the corresponding loss function.
You et al. employed a deep network to reconstruct high-
resolution CT images from noisy low-resolution data
and applied their algorithm on micro-CT and abdomi-
nal images.9 Jiang et al. used several deep networks to
improve the resolution of abdominal CT images. They
introduced a perceptual loss function as the summation
of mean square error, VGG content, and the generator
losses.10

Moreover, some researchers used a model-based
approach to get high-resolution CT data. Aarle et al.
increased CT images’ resolution by upsampling the
sinogram and improving the resolution of CT detec-
tors.11 Gu et al. concatenated random forests with cou-
pled dictionary learning to obtain high-resolution chest
CT images.12

A data augmentation algorithm generates new
frames using an existing dataset without further data
acquisition. These techniques are vital in medical
images since obtaining several scans from a patient is
hazardous, uncomfortable, costly, and time-consuming.
Classical augmentation methods contain translating,
cropping, rotating an input image, and sharpening or
erasing parts of the data randomly. With the advent
of Deep Neural Networks, they are used for data aug-
mentation as well. McLaughlin et al. presented a data-
augmentation method for person re-identification by
changing the background of the image.13 They sep-
arated a person’s image from the background and
changed it to generate additional data. Dvornik et al.
copied objects from a given dataset and put them in
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proper positions in the image using a convolutional neu-
ral network (CNN) to augment new images.14 Zhong
et al. trained a CNN by a proposed image transfer
model between each camera pair with different views
to produce artificial images.15

This paper proposes a novel data augmentation tech-
nique that generates frames from an input CT slice.
Then, we utilize a multi-frame strategy to reconstruct
a high-resolution image from an LR input. Since the
acquisition of several CT images from a patient con-
tains risk, researchers have not extensively used multi-
frame SR techniques in medical image processing. How-
ever, some papers used stacks of Magnetic Resonance
Imaging (MRI) data to reconstruct a high-resolution
image.16,17 Due to the low-risk of MR imaging, it is
possible to obtain multiple data from a patient; how-
ever, the same approach cannot be applied to CT data.
Based on our knowledge, this is the first paper that
employs the multi-frame strategy in the image domain
to reconstruct CT data.

MATERIALS AND METHODS

Materials

Huang and Tsai first introduced the underlying notion
behind the multi-frame SR algorithm by exploiting
additional information in the LR frames to recon-
struct an HR image.18 They proved the concept in
the frequency domain; however, subsequent researchers
extended the idea in the spatial domain as well.19 In
another research,20 the authors presented a general
model relating LR and HR images, and they considered
the issue of the super-resolution as an inverse problem.
The authors employed the Maximum Likelihood (ML),
Maximum A Posteriori (MAP), and Projection Onto
Convex Sets (POCS) methods to obtain the HR image.
Based on this theory (Fig. 1), the kth LR frame (yk)
is generally produced as a result of applying warping
(Mk), blurring (Bk), and down-sampling (D) opera-
tors on an input HR image (X) and corruption by the

additive noise component (nk).

Yk = DBkMkX + nk, 1 ≤ k ≤ P (1)

The input image and down-sampling operator are
fixed for all outputs; however, the warping and blurring
operators may change from one outcome to another.

The warping operator (Mk) represents geometric
transformations of the imaging system concerning the
scene. The matrix Bk is blurring in the image acqui-
sition system, and it is usually known as the Point
Spread Function (PSF). The additive noise is gener-
ally assumed to be Gaussian with a zero mean and
the autocorrelation matrix W . Representing the three
above operators by a matrix (Hk), Eq. (1) is reformu-
lated as follows:

Yk = HkX + nk, 1 ≤ k ≤ P (2)

In Eqs. (1) and (2), the size of the HR and LR image
(X and Yk) is L1N1 ×L2N2 and N1 ×N2, respectively.
The SR problem is formulated as an inverse problem
that searches for an HR image (X), knowing several LR
frames, the degradation matrix, and the noise effect. To
obtain X , an initial estimate of the HR image (X̂) and
a set of LR frames (Ŷk) are required. Then, the error
function (e) in Eq. (3) is minimized to obtain a realistic
estimate of the HR image.

e =

√√√√ P∑
k=1

(Yk − Ŷk)2 (3)

Considering the size of the matrices in Eq. (1), the
inverse problem described by Eq. (2) is ill-posed. One
can obtain a unique solution (X̂R) ay adding prior
knowledge or additional constraints, e.g. smoothness
(Ck). Therefore, the optimization problem is stated as

X̂R = argmin

[
P∑

k=1

||Yk − HkX̂||2 + γ||CX̂ ||2
]

(4)

In Eq. (4), γ is called the Lagrange multiplier or the
regulation parameter, and C may represent a high-pass
filter. The optimum answer is obtained iteratively using

Fig. 1 The generating model of an LR image (yk) using an HR input (X).
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the gradient descent technique by Eq. (5) in which β is
the step size.

X̂
(n+1)
R = X̂n

R + β

(
P∑

k=1

HT
k

(
Yk − HkX̂n

R

)

−γCT CX̂n
R

)
. (5)

The Maximum A Posteriori Probability (MAP) max-
imizes the HR image’s probability given a set of LR
frames, as it is expressed in the following equations:

X̂MAP = argmax
x

P (X |Y ) = argmax
x

[P (Y |X)P (X)],

(6)

X̂MAP = argmax
x

[Ln(P (Y |X)) + Ln(P (X))] (7)

The flowchart of the proposed image reconstruction
method is shown in Fig. 2. The algorithm’s inputs are
a CT volume containing the liver and its tumor mask
prepared by a physician. The two main modules of the
algorithm are Data Augmentation and HR Reconstruc-
tion (Fig. 2).

Preprocessing consists of the tumor’s Region of Inter-
est (ROI) extraction by its mask to decrease the size of
the data, the required memory, and the run-time of our
code.

Fig. 2 The flowchart of the proposed method.

After preprocessing the input image, the data aug-
mentation module prepares two sets of frames corre-
sponding to an input tumor. The first set is obtained by
a conventional data augmentation technique that warps
an LR image by random transformation parameters.
The warping consists of translations and rotations in
horizontal and vertical directions in the range of [−4, 4]
pixels and [−0.5◦, 0.5◦], respectively. The second frame-
set follows the same approach, however, with a new
input slice. The multi-frame strategy is then employed
to reconstruct an HR image. Details of the data aug-
mentation and SR algorithm are given in the following
subsections.

After reading a CT volume and the tumor mask,
the Region of Interest (ROI) of the tumor is extracted.
Then, a slice (yp) together with its two neighboring
slices (i.e. yp−1 and yp+1) are selected (Fig. 3). The
2D images: i.e. yp, yp+1 and yp+1, should contain the
whole cross-section of the tumor.

In some cases, the dynamic ranges of ŷp and yp have
a remarkable difference. Based on our experience, this
mismatch deteriorates the output of the SR algorithm.
Thus, we use the histogram matching method to adapt
the brightness of ŷp to yp. We represent the matched
slice by (ŷpm) in this paper (Fig. 4).

Using the tricubic interpolation, we estimate ŷp using
yp−1 and yp+1

ŷp(x, y, z) =
3∑

i=0

3∑
j=0

3∑
k=0

aijkxiyjzk (8)

In Eq. (8), aijk are obtained using the known values
of image pixels in yp−1 and yp+1.

Next, the rigid transformation is utilized to gener-
ate a sequence of artificial images from yp and ŷp. The

(A) (B)

(C) (D)

Fig. 3 Estimation of a slice using its neighboring slices. (A) An
input slice (yp). (B)–(C) The nearby slices (yp−1) and (yp+1),
respectively. (D) Interpolated slice (ŷp). Images are shown in
similar intensity ranges.

2150026-4



August 4, 2021 17:14 2150026

Reconstruction of High-Resolution Hepatic Tumor CT Images

(A) (B) (C)

Fig. 4 Using the histogram matching technique to adjust the
dynamic range of (A) ŷp to (B) yp. (C) The matched output
(ŷpm).

displacement and rotation parameters are non-integer
values, and they are chosen randomly with uniform dis-
tributions. Therefore, two sets of new data; i.e. ypi and
ŷpi, 1 ≤ i ≤ N , are obtained from yp and ŷp, respec-
tively

ypi = TiRiyp, 1 ≤ i ≤ N, (9)

ŷpi = T̂iR̂iŷp, 1 ≤ i ≤ N. (10)

In Eqs. (9)–(10), the translation parameters are Ti

and T̂i, and the rotational parameters are Ri and R̂i.
The SR algorithm starts with an initial estimate of

the HR image obtained using a bicubic interpolation
method. Then, the optimum result is achieved using the
statistical regulation approach and the MAP method
(Eq. (7)). If we presume the noise follows a Gaussian
model with zero mean and an autocorrelation matrix
W−1, and consider the HR image (X) as a random
process with zero mean and autocorrelation matrix Q,
then Eq. (7) is rewritten as Eq. (11).20

X̂MAP = {[Y − HX ]T W [Y − HX ] + XT Q−1X}
(11)

By maximizing Eq. 11), the closed form of X̂MAP is
obtained by

X̂MAP = R−1P, (12)

R = Q−1 + HT WH

= Q−1 +
N∑

k=1

HT
k WkHk, (13)

P = HT WY =
N∑

k=1

HT
k WkYk. (14)

Experiments

In this study, we used 30 volumetric multi-phase CT
images of the liver region. The image phases were non-
contrast (before injection of a contrast agent), arterial
(15–40 s after the injection), and portal-vein (70–80 s
after the injection). An image had a size of 512×512×70
pixels and a pixel dimension of 0.6836×0.6836×5mm3.

The data were stored in the DICOM storage format
with a depth of 12 bits per pixel. The dataset belonged
to Sir Run Run Shaw Hospital, Hangzhou, China.21,22

The University Ethics Committee approved this set’s
usage, and a physician prepared the liver and tumor
masks. The proposed algorithm was implemented in the
MATLAB 2016b environment and on a personal com-
puter running Windows 8.1, a coreTMi5 quad-core pro-
cessor with 4GB of dynamic memory and an operating
frequency of 3.6GHz. Reconstruction of a single slice
approximately took 20 seconds on the above platform.
We did not use any GPU to run our algorithm.

RESULTS

Evaluation Metrics

The PSNR and SSIM metrics were used (Eqs. (15)–
(16)) to evaluate the results. The PSNR (Eq. (15)) is
used for quality measurement of reconstructed images,
while the SSIM (Eq. (16)) considers the similarity
between two images locally and qualitatively.

PSNR = 20 log10 max(x) − 10 log10 MSE (15)

In Eq. (15), x is the intensity of the reconstructed
image, and the MSE is the Mean Square Error between
the reconstructed and the reference signal. This index
does not fit well with the characteristics of the human
visual system. The SSIM criterion locally compares the
brightness, contrast, and structure of the two images.
If x and y are local blocks in two images X and Y

respectively, the SSIM index is the product of the three
comparison functions defined

SSIM(x, y) = (2μxμy + c1)(σxy + c2)/(μ2
x + μ2

y + c1)

× (σ2
x + σ2

y + c2). (16)

In Eq. (16), c1 and c2 are constants that prevent
the instability of the equation, μx and μy are average
intensity values in the x and y blocks, σ2

x and σ2
y are the

respective variances, and σxy is the covariance between
x and y.

Comparison with Conventional SR
and Augmentation Methods

This section compares our algorithm with existing
interpolation techniques, including bicubic, bilinear,
and nearest neighboring methods. The results of the
PSNR corresponding to four datasets and three differ-
ent phases are shown in Fig. 5, which reveals that our
method outperforms existing interpolation techniques.
The average of the PSNR in our approach is 33.2±3.16,
which is 3.1 higher than the best interpolation method.
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(A) (B)

(C) (D)

Fig. 5 Comparison of the proposed method with conventional interpolation techniques.

Table 1. Comparison of the Proposed Method with the Conventional
Data Augmentation Technique Using the SSIM Measure.

MAP-Based Using MAP-Based Using
Interpolation Conventional the Proposed
Technique Augmentation Augmentation

Non-Contrast 0.69± 0.01 0.81± 0.12 0.87± 0.02
Arterial 0.62± 0.10 0.76± 0.16 0.76± 0.15
Portal-Vein 0.65± 0.07 0.78± 0.13 0.74± 0.20

We also compare the results of our SR method with
the conventional data augmentation technique. In the
traditional data augmentation method, a single LR
frame is warped to prepare new data. In the pro-
posed augmentation technique, a new frame is recon-
structed using the interpolation of its neighboring slices.
Therefore, the LR slice’s high-frequency contents are
enriched, and we expect to obtain an improved HR out-
put. Based on our experiments, the SSIMs of the bicu-
bic interpolation method, the MAP-based SR algorithm
using conventional data augmentation, and the MAP-
based algorithm employing the proposed augmentation
technique are 0.69 ± 0.01, 0.81± 0.12, and 0.87 ± 0.02,
respectively (Table 1).

In an experiment, we used ART/PV data to aug-
ment new slices for the NC phase. However, the results
were not acceptable since the appearance of differ-
ent phases has a significant variation. Moreover, we
employed the histogram-matching technique to com-
pensate for appearance variations; however, the out-
come was not adequate.

DISCUSSION

Multi-frame super-resolution technique has already
been employed to improve MR data.16,17 However, our
paper is the first research on the application of multi-
frame SR algorithms in CT images. Since the proposed
augmentation technique is based on the estimation of a
slice using its neighboring slices, the results are affected
by the estimation accuracy. For example, in a small
tumor with fewer slices, the estimate is not performed
correctly. Moreover, in cases with a high inter-slice
resolution, the distance between the slices is broad.
The interpolation method cannot accurately estimate
the high-frequency content of an image. However, in
a tumor with a broad central cross-section, the neigh-
boring slices are proper representatives of the central
image. The output of the interpolation is more accu-
rate than small tumors.

As is shown in Fig. 5, the variation of our results in
different phases is not significant. The nearest neigh-
bor technique obtained the lowest result as expected,
and the bicubic and bilinear methods compete with
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each other. While an interpolation method estimates
the HR image based on a fixed model, our method con-
siders high-frequency details when reconstructing data.
Therefore, the output of the interpolation technique is
blurred compared to our method.

The proposed method gives better results in non-
contrast (NC) images compared to the arterial (ART)
and portal vein (PV) phases (Table 1). The NC phase’s
average improvements are 0.11 and 0.13 for the ART
and PV phases, respectively. These figures reveal that
the contrast media’s inclusion increases the differ-
ence between nearby slices and reduces the interpo-
lation technique’s outcome. As is shown in Table 1,
we achieved the best result in the NC phase com-
pared to the ART and PV phases. The improvement
is considerable in tumors of large sizes. As the results
reveal, our outcomes’ variation is much lower than the
conventional augmentation technique, and our results
are superior to the bicubic method. The interpolation
techniques have a low cost of computation and simple
implementation. In these techniques, the zigzagging and
blocking artifacts along edges and blurring details have
occurred. In Fig. 6, we show typical 2D slices of our
results.

Our method’s performance depends on several fac-
tors, including the augmented LR data, the registration
technique’s outcomes, and the input image’s spacing.
The histogram matching method is crucial to reduce
the variation of nearby slices’ appearance and yield far
better results. Based on our experiment, when we used

integer shifts in the data augmentation step, no high-
frequency information was added to the data; therefore,
our result was not improved. When non-integer random
shifts are used to prepare augmented data; however, the
PSNR of the SR image was enhanced well. Concern-
ing the spacing of an input image, we found that our
method’s output is not better than the conventional SR
algorithms in slices with large voxel spacing.

We also compared our method with state-of-the-art
SR algorithms. Yang et al. considered the SR problem
in a compressed sensing framework and included spar-
sity of HR patches as a constraint to solve Eq. (2).23

Dong et al. approach the issue from the perspective
of the sparse representation as well.24 However, they
represented the sparse domain by several sets of basis
to reflect variations of image patches across different
scenes. They also employed n autoregressive model
and the nonlocal self-similarity as regularization terms.
Zhang et al. divided an image into textural and non-
textural contents and used a novel rational fractal inter-
polation to upscale textural data.25 We performed a
comparison in the central slice of a large tumor and
showed the results in Table 2. As the results reveal, our
method’s performance is superior in the NC phase com-
pared to other researches. Concerning the ART and PV
phases, our results are comparable to other studies. Our
method’s higher performance is due to neighbor slices’
high-frequency information to enhance the spatial reso-
lution without learning a dictionary using an extensive
training set.

Fig. 6 Visualization of typical HR, LR, and reconstructed slices. Left pane: Data #101, right pane: Data #111.
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Table 2. Comparison of the Proposed Method with Other SR Techniques Using
the SSIM Measure.

The Proposed Method Yang et al. Dong et al. Zhang et al.

Non-Contrast 0.87± 0.02 0.73± 0.06 0.74± 0.05 0.77± 0.05
Arterial 0.76± 0.15 0.73± 0.06 0.74± 0.06 0.76± 0.07
Portal-Vein 0.74± 0.20 0.73± 0.05 0.76± 0.04 0.78± 0.04

There are several parameters in the proposed algo-
rithm. We changed them in a reasonable range and
noticed the variations of the PSNR to obtain the opti-
mum values. These parameters include the rotation and
translation amount corresponding to the transforma-
tion matrix, the estimate of the point spread function
(PSF), and the noise level associated with the SR algo-
rithm. For the transformation matrix, the best results
corresponding to the translation and rotation range
from [−8 8] and [−0.6 0.6], respectively. Regarding the
imaging parameters, the perfect choices for the PSF and
noise levels were [0.35 0.5] and 0.03, respectively.

CONCLUSION

Improving the resolution of medical images can be a
significant factor in the rapid diagnosis of tumors. This
paper proposed an SR reconstruction algorithm based
on a novel data augmentation technique to obtain high-
resolution images from low-resolution data. We opti-
mized the parameters of our algorithm and used the
MAP estimation technique. Our results outperformed
the interpolation method and the conventional MAP-
based SR techniques, especially in tumors with a broad
cross-section.

We plan to employ our algorithm’s output in the
retrieval of pathological liver images in the future. We
decide to apply our method on MR brain images, which
have high similarity in their structure, to study our
algorithm’s effectiveness in an image with high self-
similarity characteristics.
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