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ABSTRACT In forensic biometrics old x-ray images are often used for identification and verification. The
number of homicide cases has increased manyfold along with population growth. Forensic odontology is a
less expensive method to solve these cases. In forensic odontology, the old dental x-ray images of a victim are
used as ante mortem data to compare the pattern for identification. The success of this post mortem biometrics
process totally depends on the brain perception of forensic odontologist. Low resolution (LR) image may
create human brain perception error at the time of making decision both in case of disease diagnosis and
forensic biometrics. In such context, a software solution could help to reconstruct high resolution (HR)
image from LR medical x-ray image. However, methods like convolution neural network (CNN) require
high volume of training images to reconstruct HR images. Unfortunately, the available medical x-ray
image repository does not offer a large volume of training dataset. This work aims to overcome this data
related issue and presents a granular level feature based HR grayscale medical x-ray image reconstruction
mechanism from LR image. This method uses machine learning for HR image reconstruction. The proposed
granular level feature extraction method generates adequate amount of training set from limited amount
of training image sets. These granular level features contain the influence of neighboring points separately
and its direction. These features are highly immune to noises and preserve important properties like edges.
Polynomial regression model is used for HR value reconstruction. This image reconstruction provides
satisfactory results for image database like dental radiographs datasets and the average structural similarity
index (SSIM) metric reaches 0.9326.
INDEX TERMS Forensic odontology, dental biometrics, granular level features, polynomial neural network,
superresolution, image reconstruction, data sequencing, training data shuffling.
I. INTRODUCTION

The numbers of homicide cases throughout the year are
increasing gradually. This alarming situation has been published by UN Office of Drug and Crime (UNODC) in their
report ‘‘Global Study on Homicide 2019’’ [1]. In general,
homicide cases are being reported couple of days/weeks later.
Under these circumstances, identification of the dead bodies
becomes very difficult because soft tissues based good physiological biometrics techniques (like finger print, iris, face
The associate editor coordinating the review of this manuscript and
approving it for publication was Marina Gavrilova
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pattern etc.) may not work properly. Therefore, identification
process totally depends on hard tissue based forensic odontology or expensive DNA test methods. In forensic odontology dental radiographic images (antemortem) are used to
extract features like dental restoration, dental features, teeth
morphology, root morphology. These features are compared
during post mortem. World Health Organization’s (WHO)
report [2] on oral health says that 90% of world population
suffers from dental caries. Hence, most of the world population has to undergo dental radiography through their lifetime. Thus, availability of antemortem data regarding dental
radiography is not an issue. At the time of ante mortem and
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post mortem comparison from gray scale dental radiographic
images, human brain perception error plays an important role.
This perception error increases the difficulty level for particular pattern identification in forensic odontology. Sometimes comparatively high resolution images are preferred to
reduce this error in human brain. In these circumstances,
a software solution is preferred that will reconstruct High
Resolution (HR) gray scale dental radiographic image from
Low Resolution (LR) images. Most of the time these LR anti
mortem images are taken earlier or obtained from old generation equipments. These reconstructed images should look
very similar with actual high resolution images. Based on the
implementation technique, high resolution image reconstruction mechanisms are broadly categorized into two classes.
The former class is single image super resolution [3] and
the other class is example based super resolution. In single image super resolution method high resolution image is
reconstructed by estimating values from the corresponding
low resolution image. These estimations are linear, nonlinear
and distribution based.
Sometimes these methods reduce the aliasing effect,
impact of noises etc. However, such methods do not provide satisfactory results when resolution increases beyond
1.6 times [4]. Example based super resolution methods are
proposed to overcome these difficulties. Using these methods, a low and corresponding high resolution images are
sliced into patches. At the time of training, a corelation
mapping is built among the low and corresponding high
resolution patches. After completion of training, a low resolution image is given into the system as an input. The system
breaks the image into patches and finds the corresponding
best matched high resolution patch. After that, these high
resolution patches are stitched to get high resolution image.
Machine learning provides satisfactory results in high resolution image reconstruction. However, the bottle neck of this
method is that it requires huge training sets. Conventional
machine learning methods for HR image reconstruction fail
due to inadequate training image set. If granular level features
are considered, then adequate number of training sets can be
generated from limited number of training image datasets.
II. REVIEW ON HR IMAGE RECONSTRUCTION

In this section, we focus on the existing HR image reconstruction and critically analyze the merits and demerits of
such methods. Our study reveals a few important gaps in the
existing state of the art. These motivate us to identify the
specific scope of work and to explore the solution thereafter.
A. STUDY AND ANALYSIS

Based on implementation procedure, HR image reconstruction methods are roughly categorized into four major groups.
These are interpolation based, frequency domain based, regularization based and learning based approaches [5]. Each
of these approaches has merits and demerits. Interpolation
approaches are very straight forward and are practical in
reducing aliasing effects significantly in text images. That is
VOLUME 8, 2020

why they are suitable for handwritten biometrics. However,
they have very high computational cost. Frequency domain
based approaches migrate the entire computation into frequency domain. Hence, these methods are not suitable for
real time applications. On the other hand, after completion of
exhausted learning using predetermined model, the learning
based approaches can work on real time basis.
The computational cost during learning is very high.
Regularization based approaches are suitable for document
images. In such methods, determination of the hyper parameter is very important and arbitrary selection of these parameters can deviate the result. Yang et al. [6] proposed a high
resolution image reconstruction mechanism where the low
resolution image is migrated into frequency domain using
Discrete Fourier Transform (DFT). This is to combine it with
aliased DFT coefficients and finally to revert back in the
spatial domain. Woods et al. [7] introduced an interactive
expectation maximization procedure to get high resolution
image. Image registration, interpolation, deconvolution are
used in the expectation maximization procedure. Iterative
back projection is also used to reconstruct the HR image [8].
Multiple images of the same object are used in the reconstruction. Translation and rotation are used to describe local
motion. In wavelet, an image can be splitted in different
scale; this multi-scaling property is used during high resolution image reconstruction [9]. Bicubic, bilinear, neighborhood, cubic spline [10]–[14] are the most common example
of interpolation based high resolution image reconstruction
methods. In these methods, unknown pixel values within
high resolution images are estimated from corresponding low
resolution images. This process is smoothing the pixel value
changes. Hence, interpolation method reduces the sharpness
of the edges within the HR image. Image registration is one of
the primary operations used in multi image super resolution
method. This is essential to mitigate the alignment issue of the
subject within multiple input images. Ur and Gross et al. [15]
reported a uniform interpolation technique without considering image registration. Reconstruction-based methods mainly
focus on the removal of aliasing effects that occur in the
low-resolution images due to under-sampling process.
An increasing interest is found in the application of
super-resolution to different biometrics modalities like finger prints, face, gait and iris. Fundamental limits of
reconstruction-based super resolution algorithms come under
local translation. Lin and Shum [16] proposed a technique
that derived theoretical limits of reconstruction depended
super-resolution methods. The authors have also proved that
magnification factors are very low and less than 2. Moreover, these methods are only applicable for video sequences.
These need several sequences of low-resolution images as
input and fail to restore dynamic non-rigid objects such as
faces, finger print. A framework based technique that extends
reconstruction-based SR method has been proposed for the
single image super-resolution problem [17]. This method is
based on some observations. The patches of a natural image
inclined to appear many times inside the image. Both of the
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images emerge within the same scale and across different
scales as well [18]. Research community is increasingly paying more attention to learning based super-resolution methods. Learning based methods recover more texture detail,
attain higher magnification factors as well.
Kim et al. [19] proposed a method based on deep convolution network motivated by VGG-net. Here the accuracy significantly improves when network depth is increased.
They have used 20 weighted layers at their final level. The
authors cascaded small filters in a deep network structure.
However, here convergence is one the of major critical issues
during training time. Datsenko and Elad et al. [20] proposed
a method that assigned many candidates to high quality
patches at every pixel position in the LR image. At the end
of their method, it is merged into Maximum A Posteriori
probability (MAP) penalty cost function. In learning based
approaches [21], the high frequency components from the
given sample images are collected. In the next phase, the
high resolution image is constructed using these high frequency components. Chang et al. [12] reported a method
based on multiple nearest neighbours in the training set.
Nguyen et al. [22], [23] worked upon the poor quality iris
image reconstruction. The authors have given the effort upon
the quality measures to compute the weights of reconstruction
based SR technique.
In paper [19], the authors engaged on the focus level
at each frame. The focus level is measured by evaluating
the high frequency and total energy of the image. A highresolution image was reconstructed using the focus-score,
weighted average of the available frames. Highly de-focused
frames were discarded for further processing. Remaining
frames were fused to super-resolve the iris image. The
authors have achieved an EER of 2.1 using the MBGC Portal
database [24]. In paper [25], the authors combined focus, offangle, motion blur, and illumination variation factors into a
unified quality score for each frame. The authors employed
the Depmster-Shafer theory. The novelty of this work [25]
is that in spite of using the conventional weighted average
of image reconstruction, the frames were fused by an exponential weighted average. Experimental results also showed
that optimum number of frames were used for fusion. The
work in [25] is not validated on different dataset and different image acquisition. Othman et al. [26] and Othman and
Dorizzi [27] extended this idea by computing the quality of
local image patches. They have estimated a Gaussian Mixture
Model (GMM) of clean image texture distribution. At the
time of fusion, each pixel was weighted individually. These
are associated with the quality value of the corresponding
local patch, instead of employing a single quality score for
the whole image.
B. MOTIVATION

Different learning methods [28] provide satisfactory results in
high resolution image reconstruction. However, these methods consume considerable time the during preparation of
training model (creation of pre-trained model). Huge amount
123558

of proper training set is the prerequisite criteria of learning
methods. The SR methods using machine learning require
huge amount of low and corresponding high resolution image
pair as a training set. But in reality, this huge number of image
pair is not available in medical domain specially in dental
radiography [28]–[30]. Hence, conventional ML methods
cannot fit directly for high resolution image reconstruction.
Moreover, single image super-resolution methods are not able
to increase the resolution beyond 1.6 times [4].
C. SCOPE OF THE WORK

Under such circumstances, a research gap is identified
towards developing high resolution x-ray image reconstruction that ensures a higher rate of accuracy. It also requires
minimum training image set at the same time. The main
contribution of this research work includes,
1) A granular level feature extraction mechanism is proposed to reconstruct a high resolution medical x-ray
image.
2) The granular level features address both the local
influence and its aggregate direction. The influence of
neighbor is derived from laws of magnetism property
of a ferromagnetic material.
3) A novel training data sequencing method has been
proposed to avoid biased learning during training.
III. METHODOLOGY

A learning based high resolution medical x-ray image reconstruction mechanism is proposed in this research work. It is
helpful for disease diagnosis and forensic biometrics as well.
A granular level feature extraction mechanism has been proposed in this work. This helps to generate adequate amount
of training dataset from small number of image pairs with
low and corresponding high resolution images. Hence, limited amount of training pairs of a particular type medical
images are sufficient to build the pre-trained model. This
method works like the same way that an example based
image reconstruction method works. The estimation of high
resolution pixel value is calculated on the basis of neighboring pixels influence. The block diagram of the system is
shown in figure 1. Typically, like most other machine learning
applications, the sequence of actions are the training phase,
testing phase and then deployment phase. In the first phase,
the training image dataset is checked to confirm whether
it has image pair of high and corresponding low resolution
image. If the image pair is not available then input image
is treated as high resolution image. A low resolution image
synthesis mechanism is introduced to get corresponding low
resolution image. After that high and low frequency features
are extracted from low resolution image.
High level and low level features, contain the influence of
neighbor pixels and direction of the collective influence. Then
‘‘prepare the training dataset’’ module combines these high
and low level features and builds a vector of 14 elements.
This feature vector is called granular level feature. At the
VOLUME 8, 2020
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preliminaries are discussed before going into the details of
the system. These are used as fundamental building blocks of
the system.
A. PRILIMINARIES

In this section, a brief overview of the fundamental imaging in
terms of the combination of illumination and reflection is presented. It’s properties and correlation are also incorporated in
this section. The property of magnetism and its influence on
ferromagnetic materials are discussed. This property assists
us to understand the collective influence of neighboring pixels. At the end, a robust feature set extraction mechanism is
proposed by combining these properties.
1) OPTICAL COMPONENT OF MEDICAL X-RAY IMAGE

Horn [31] has established that the intensity level of any part of
an image I(x,y) is a product of illumination component IL(x,y)
and reflection component Re(x,y) of that (x,y) point.
I (x, y) = IL(x, y)Re(x, y)

(1)

In the case of normal gray image, illumination component
IL(x,y) totally depends on the various source of light and it
can be re-written as
n
X
IL(x, y) =
Ki (x, y)ILSi
(2)
i=1

FIGURE 1. Block Diagram of the proposed method.

time of preparing training dataset, a training data sequencing
mechanism is introduced to prevent biased training through
‘‘sequence the training’’ module. All training data are not
used for preparing the trained model. Some portion of this
training data are reserved for testing the performance of the
system. The testing phase uses this reserved data and calculates the performance through metrics.
In deployment phase the high and low level frequency
features of the input x-ray image are extracted. The input
x-ray image should be of the same category from which
training model is built. Next, these feature sets are passed
to the trained model to generate corresponding output value.
These output values are mapped as pixel values in the corresponding high resolution image. Some selected theoretical
VOLUME 8, 2020

Here, n is the number of light sources, ILSi denotes the
illumination level of ith light source. Ki (x, y) is the factor that
reduces the illumination of ILSi at the point (x,y). On the other
hand, Re(x,y) depends on the surface of the object. The ‘‘Re’’
component contains actual information, like sudden change
of value that indicates the presence of edge in the image.
On the other hand, ‘‘IL’’ component is incident on the object,
so it does not contain information regarding the object. In the
case of machine vision application, sudden change of ‘‘IL’’
component is unusual [17], [32], [33]. However, it happens in
the case of natural images, like landscape images. This makes
the entire system very complex. This is explained in the next
paragraph.
In terms of digital image processing, ‘‘IL’’ can be compared as low frequency component and ‘‘Re’’ as high frequency component. So it can be concluded that in a digital
image the impact of ‘‘Re’’ is smoothen by ‘‘IL’’. Hence,
if ‘‘IL(x,y)’’ eliminated from I(x,y), then I(x,y) contains more
detailed information of local neighbourhood. In case of natural images, the value of n in equation 2 tends to infinity. In a
sunny day, it is easy to find the shadow of an object placed
in an open space. The ‘‘IL’’ component of both places which
are in shadow and not in shadow are different. These have
become almost same when the direct source of ‘‘IL’’ is absent.
Consider the case of a cloudy day where direct source of ‘‘IL’’
is absent. Hence, simple implementation of equation 1 is difficult in most of the natural images. Fortunately, this situation
does not arise in medical x-ray imaging.
In the case of medical x-ray imaging, incident x-ray penetrates through the body. However, the penetrated amount of
123559
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light differs on the basis of internal structure of the patient’s
body. This penetrated light is used for x-ray imaging. Hence,
instead of reflection component, the penetration component
is being considered for x-ray images. On the other hand,
in medical x-ray images, only one source of x-ray is used for
imaging. Ambient light from natural sources of light does not
have the capacity of penetration properly like x-ray. Thus, for
x-ray image, equation 2 is rewritten as
IL(x, y) = K1 (x, y)ILS1

point is surrounded by other points. Hence, a set of ‘‘df’’ is
generated for point ‘‘C’’. Four neighbor points are considered
for this application. These points are marked as N1, N2, N3,
N4 in figure 2.

(3)

The k value is almost constant for all (x,y) coordinates of
the x-ray images. Finally, equation 1 is re-defined as
I (x, y) = IL(x, y)Pe (x, y)

(4)

Pe (x, y) denotes the penetrated component of incident
x-ray. The variation of the intensity levels in two consecutive
points of the x-ray image indicates the change of internal
structure of the organ. These x-ray images are used to study
the structure of the organ.
B. EXTRACTION OF HIGH LEVEL FEATURES

Equation 4 is transformed into logarithmic domain to replace
the multiplicative model with additive model. This will
reduce the dilution effect of ‘‘IL’’ on ‘‘Pe’’ as discussed
earlier.
log(I ) = log(IL) + log(Pe )
log(Pe ) = log(I ) − log(IL)

(5)

The advantage of this model is that Illumination-invariant
component Pe can be obtained by subtracting Illumination
from the x-ray image. It is much easier than division. Let
df be the difference between two consecutive pixel intensity
level in x-ray image. Thus, df can be expressed in logarithmic
domain as,
df = log(IN ) − log(IC )

(6)

IC is some source point and IN is the neighbourhood point.
df = log(ILN ) + log(PeN ) − log(ILC ) − log(PeC )
df = log(PeN ) − log(PeC )
as ILN = ILC (as discussed earlier, x-ray illumination is
almost constant for all points)
df = log(PeN /PeC )

(7)

Equation 7 provides a rate of change calculation method
for intensity value without considering illumination component of a point ‘‘C’’. Experimental results of the literature
[28], [34]–[37] justify this approach. Equation 7 sometimes
provides undefined result when denominators tend to zero.
This issue can be fixed by adding 1 to all points of the image
matrix. Here, ‘‘df’’ is an important feature that can be used for
local pattern prediction. This feature can be used to estimate
the direction of the influence of a pixel from its neighbour
pixels. We infer from equation 7 that df finds the change
of ‘‘Pe’’ component with respect to a point ‘‘C’’. But ‘‘C’’
123560

FIGURE 2. Neighbour points and corresponding df.

1) MAGNETISM PROPERTIES

In super resolution, each pixel in low resolution image is
mapped into a distinct set of n × n pixels in high resolution
image. Here n ≥ 1 and n is an integer. If all elements in the
derived set of n × n pixels have the same value, then there is
no practical difference with LR image and the corresponding
derived HR image. The objective of super resolution is to
estimate values for all points in n × n from derived pixels
in such a way that the derived HR image is quite similar
with actual HR image. During this estimation, influence from
neighbour pixels is important. Analytical observation shows
that the nearest pixels have more influence than furthest
pixels. This phenomenon is quite similar to the magnetism
property. The effect of magnetism over a magnetic particle
is inversely proportional to the distance between these points
and mathematically written as,
f =k∗

Mp
d2

(8)

Here, Mp denotes the conjugate power of magnetism of two
particles and d denotes the distance. Here, ‘‘f’’ measures the
force upon the particle and ‘‘k’’ is a constant. Again, mass
of a particle and the energy are reversible. Pixel intensity is
a form of measurement of energy. Hence, equation 8 can be
used to study the influences of neighbouring pixels upon a
pixel along with the direction of the influence.
Only 8 neighbour pixels are considered for this application.
These pixels are marked as P1 , P2 , . . . . . P8 . This is shown
in figure 3. The corresponding influences are towards the
central pixel (‘‘Ce’’) are denoted as FP1 , FP2 , . . . . . FP8 . Let
us consider Fxaxis is the force towards x-Axis and Fyaxis is the
force towards y-Axis, as shown in figure 4. Then cumulative
VOLUME 8, 2020
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FIGURE 3. Centre pixel and its neighbor pixels.

FIGURE 5. Mapping between LR and HR images.

FIGURE 4. Vector division of force FP i .

force towards x and y axis are defined as follows.
Fxaxis =

8
X

FPi × cos (θPi )

(9)

Fyaxis =

8
X

FPi × sin (θPi )

(10)

i=1

i=1

(θPi ) is the angle between FPi and Fxaxis . These two equations are re-written with the help of equation 8 as follows.
Fxaxis =

8
X
Mpi
( 2 ) × cos (θPi )
di
i=1

(11)

8
X
Mpi
(12)
( 2 ) × sin (θPi )
di
i=1
√
di is 1 for
The value of di is either 1 or 2. Value of √
the points P1 , P2 , P5 and P7 . The distance is 2 for the
corner points and are calculated by applying the theorem
of Pythagoras. The total amplitude of the neighbour pixel’s
influence is denoted as F and is defined as
q
(13)
F = Fxaxis 2 + Fyaxis 2

Fyaxis =

would be P1 , P2 , P3 , P4 , P5 , P6 , P7 , P8 . In this work, a learning based high resolution image reconstruction system is
described. In figure 5, the mapping between LR image and
HR image are explained. The centre pixel ‘‘Ce’’ is divided
into four child pixel in high resolution image. It is marked as
NW, SW, SE and NE.
The upper left portion of ‘‘Ce’’ (which will be mapped
with NW) pixel should have more influence of P3 than P8 .
Similarly, SW, SE and NE should have more influence by
P5 , P7 and P1 respectively. Hence, at the time of preparation
of training set, these positions of pixels should be prioritized.
The value (V) within pattern sequence of low frequency features are restricted within 0 to (28 − 1) and these are defined
as V ∈ Z and 0 ≤ V < 28 .
During the training set preparation, both high and low
resolution images are required. All high frequency and low
frequency features are extracted from LR images. Corresponding responses are obtained from the HR images. Upper
left portion of Ce should have more influence by its nearest
neighbour P3, P4, P5. This portion is mapped with the HR
image’s pixel and is marked with ‘‘NW’’. Mapping sequences
of NW, SW, SE and NE are different from each other due to
this reason. The format of training set is the sequence of low
frequency features, followed by high frequency features F, α
and ‘‘df’’.

And the direction is
α = tan−1 (

Fyaxis
)
Fxaxis

(14)

F and α have important roles to estimate the pixel value
during reconstruction of high resolution images. The value
of α is between 0 to 25. F and α can be treated as features.
All of these features like F, α and ‘‘df’’ are high frequency
features. These contain the minute variation details. However,
low frequency features are also important to construct the
base line value of a pixel on which high frequency features
will be applicable.
C. EXTRACTION OF LOW LEVEL FEATURES

Surrounding row pixel values are considered for low level
features. The centre pixel is ‘‘Ce’’ and the neighbour pixels
VOLUME 8, 2020

FIGURE 6. Mapping for low and high frequency features.

Figure 6 shows the training set data format pattern. Low
resolution image (say ‘‘Ce’’) will produce four training sets
for each pixel. In this figure, the first eight columns represent low frequency feature whilst columns 9 to 14 represent
high frequency features. Column 15 shows the desired output
obtained from the corresponding high resolution image. The
NE, NW, SE, and SW each comprises of two categories of
features - high frequency features and low frequency features.
123561

K. Saeed et al.: GranularLevel Feature Extraction Approach to Construct HR Image for Forensic Biometrics

The high frequency features are the same for NW, SE, and
SW. However, low frequency features are different for NW,
SE, and SW. Hence, after combination of these high and low
frequency features, the NW, SE, and SW do not have the same
feature value.
IV. PREPARATION OF TRAINING DataSet

Both low resolution and corresponding high resolution medical x-ray image datasets are required to prepare the training
dataset. Unfortunately, the medical x-ray image repository
hardly has high and corresponding low resolution image
pair set. Hence, to meet this criteria for preparing training
datasets, low resolution images are synthesized from the
available medical x-ray images. In this work, Kaggle [28],
[38] x-ray image repository is used. The repository contains
more than thousand gray scale x-ray images. However, it does
not have low and its corresponding high resolution image
pair to prepare training dataset. The available images in the
repository are considered as the high resolution images whilst
the corresponding low resolution images are synthesized.
The simplest way to get this synthesized LR image is the
averaging method [39]. It is defined as,
LowResolutionI (x, y)
n n
1 XX
HighResolutionI ((x −1)×m+i, (y−1)×m+j)
= 2
m

Rowi and Cols have m and n number of elements respectively.
Let us assume Rowi and Cols are set, then for any value of i
and s (within its range) is defined as Z = Rowi ∩ Cols 6= φ
and the result set (Z) should have always one and only one
element. Let us consider Rowis as the sth element in Rowi set.
Let us assume another row vector set Row′ and its elements,
which are also a set of elements, are denoted as Row′i . The
elements in Row′i are estimated from the corresponding Rowi
using interpolation method. This method is highly immune
in abrupt change of single value (noise). The number of
elements in each Row′i is m/2. The set Row′ will be used to
construct low resolution image. The elements in Row′i vector
are estimated on the basis of corresponding neighbouring
points in Rowi vector and it is defined as
Row′i [k]
=

npoint
X

p=0
p6 = npoint
2

×

Rowi [k × step −

npoint
Y

npoint
+ p]
2

k × step − (k × step −

q=0
q6 =npoint
q6 =p

(k × step −

npoint
2

npoint
2

+ q)

+p)−(k ×step− npoint
2

+ q)
(16)

i=1 j=1

(15)
LowResolutionI(x,y) represents a pixel in low resolution
image whose row and column are x,y respectively. HighResolutionI(x,y) represents the high resolution image. The number
of rows in HighResolutionI is m times greater than the row
number in LowResolutionI. This is also applicable for column
numbers. The synthesized low resolution image by using
averaging method differs much from actual low resolution
images that are captured by transducer. Thus, to overcome
this issue an alternate approach is proposed to create LR
image from HR image. In the proposed method, input image
matrix, Img is converted into two sets of vectors. The former
one is a row vector set and other one is a column vector
set. One element in row vector is denoted byRowi and Cols .
‘‘Img’’ is the set of all elements in input HR image. The
properties of these are defined as follows,
Rowi ∈ Img,

Rowi 6= φ, i ∈ Z, i = 1, 2, . . . , n

where n is the number of row in the input image matrix.
Row1 ∪ Row2 ∪ Row3 ∪ Row4 . . . .. ∪ Rown = Img
Rowk ∩ Rowj = φ; k 6= j k, j = 1, 2, 3 . . . n
Similarly, column vector properties are as follows.
Cols ∈ Img, Cols 6= φ, s ∈ Z;

After simplification, equation 16 can be rewritten as equation 17.
Row′i [k] =

npoint
X

p=0
p6 = npoint
2

Rowi [k × step −

×

Cols′ [k] =

npoint
X

q=0
q6 =npoint
q6 =p

p=0
p6 = npoint
2

Col1 [k × step −

×

m is the number of column in the input image matrix.
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npoint
Y

npoint
2

−q
p−q

(17)

k = 1, 2, 3, . . . m/2.
Here, ‘‘npoint’’ denotes the number of neighboring points
to be considered at the time of estimation of Row′i [k] th value.
‘‘Step’’ is a constant that indicates the reduction of elements
in each row. For example if step = 2 then, it indicates that
the number of rows in HR image is 2 times greater than the
number of rows in LR image.
In the same way Cols ’s components are calculated using
equation 18.

s = 1, 2, . . . .m

Col1 ∪ Col2 ∪ Col3 , . . . . ∪ Colm = Img
Colp ∩ Colq = φ; p 6= q; p, q = 1, 2, . . . .m

npoint
+ p]
2

npoint
+ p]
2
npoint
Y

q=0
q6 =npoint
q6 =p

npoint
2

−q
p−q

(18)

k = 1, 2, 3, . . . n/2.
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Once Row′ , Col ′ set of vector is considered as a matrix,
these are used to construct the low resolution image. If x
and y are the coordinates of a point in low resolution image
LowResolutionI then the combination formula will be defined
as follows:
1
LowResolutionI (x, y) = (Row′ (x × step, y)
2
+ Col ′ (x, y × step)) (19)
Here x = 1, 2, . . . ., m/2 and y = 1, 2, . . . , n/2.
This method provides a better result than the averaging
method using equation 15. The reason behind is that in averaging method, noise has active participation at the time of
calculating LR value. However, the proposed method checks
the change of values for trained dataset during calculation.
Hence, noise has very less contribution in the proposed low
resolution image synthesis method.
The implementation of the above technique is explained
in procedure 1. Procedure 1 is to construct a low resolution
image from the corresponding high resolution image. This is
essential for training dataset preparation.
The synthesized low resolution image using procedure 1 is
quite similar with actual low resolution image. This method
uses an estimation technique on the basis of neighbouring
pixels. Hence, the effect of high entropy is smoothed. This
synthesis is much better than the method discussed using
equation 15. The computational time of this method is higher
than the method for equation 15. However, this is one time
computation to prepare the training dataset. This computational overhead is not part of the actual computation that is
used for reconstruction of the HR image.
A. LEARNING FROM TRAINING DATASET

A fraction of training dataset is kept aside for testing the
performance of learning system. Rest of the training data is
used for training purpose. Almost all machine learning systems suffer a common problem that is biased learning. This
happens when similar type of output valued training sets are
given consecutively at the time of learning. It results in less
robust learning. Hence, the ordering of training dataset at the
time of training is very important to increase the performance
of the system. Training data sequencing method is proposed
in the next subsection.
1) REARRANGING THE TRAINING DATASET

Random selection of training dataset is widely used to overcome the bias learning issues. However, random selection is
not a good solution in this case. Figure 7A is the input image
for which training set is preferred. The distribution of quantity
for each training pattern is shown in figure 7B, the distribution
is un-uniform.
In the case of random selection the training patterns which
are more in numbers are getting selected more frequently.
This leads to bias learning. A novel hashing based training
data sequencing method has been proposed to overcome this
issue. In this method total training set is distributed among
VOLUME 8, 2020

Algorithm 1 Synthesis of LR Image From HR Image for
Preparation of Training Dataset
Input: I input image matrix with m rows and n columns.
Output: Low resolution image matrix ILR
Assumptions: m/2 ∈ Z and n/2 ∈ Z
Step
1: Initialize two matix R’and C’ with dimension of m ×
(n/2) and (m/2) × n respectively.
Subset_length = 7, step = 2
2: Repeat step 3 for all i1 = 1, 2, 3, ................m
3: Repeat steps 4 to 9 for all C2 = 1, 2, .....n/step
subset_length
) ≤ 0 Then
4: If (C2 × step −
2
sub_v_x = [1, 2, ...., C2 × step − 1, C2 × step + 1,
]
..........., C2 × step + subset_length
2
sub_v_y = I [i1 , values of sub_v_x]
Else
, ......, C2 ×
sub_v_x = [C2 × step − subset_length
2
]
step − 1, C2 × step + 1, ......, C2 × step + subset_length
2
sub_v_y = I [i1 , values of sub_v_x]
End If
5: Repeat steps 6 to 8 for all elements in sub_v_y and index
are denoted by i2 i2 = 1, 2, ....(subset_length − 1)
6: Repeat step 7 for all elements in sub_v_x and index are
denoted as j2 j2 = 1, 2, ......(subset_length − 1)
C2 ×step−sub_v_x[j2 ]
× temp1
7: temp1 = sub_v_x[i
2 ]−sub_v_x[j2 ]
∀i2 6= j2
8: sum = (temp1 × sub_v_y[i2 ]) + sum
9: R′ [i1 , c2 ] = sum
Reset sum
10: Repeat step 11 for all k = 1, 2,....n
11: Repeat steps 12 to 17 for all l = 1, 2,....m/2.
subset_length
12: If (l −
) ≤ 0 Then
2
sub_v_x = [1, 2, ....., (l × step − 1), (l × step + 1),
....., (l × step + subset_length
)]
2
sub_v_y = I [values of sub_v_y, k]
Else
), .....,
sub_v_x = [(l × step − subset_length
2
(l × step − 1, (l × step + 1), .....,
(l × step + subset_length
)]
2
sub_v_y = I [values of sub_v_x, k]
End If
13: Repeat steps 14 to 16 for all elements in sub_v_y and
indexes are denoted by i2 = 1, 2, ....., (subset_length −
1)
14: Repeat step 15 for all elements in sub_v_x and indexes
are denoted by j2 = 1, 2, ..........., (subset_length − 1)
l×step−sub_v_x[j2 ]
15: temp2 = temp2 × sub_v_x[i ]−sub_v_x[j
2
2]
∀i2 6= j2
16: sum = temp2 × sub_v_y[i2 ] + sum
17: C ′ [l, k] = sum
Reset sum
n numbers of bins. Mathematically, it is defined as the total
training set (TS ) and divided into n numbers of bins (Bin). The
ith bin is denoted as Bini .
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Algorithm 1 (Continued). Synthesis of LR Image From HR
Image for Preparation of Training Dataset
18:
19:
20:
21:
22:

Repeat step 19 for all x = 1, 2, ......m/2
Repeat step 20 for all y = 1, 2, ......, n/2
ILR [x, y] = 21 (R′ [x × step, y] + C ′ [x + y × step])
Return low resolution image ILR
Stop.

FIGURE 7. Input image and corresponding histogram.

Bini ∈ TS for all i=1,2,. . . .,n; i ∈ Z, Bin1 ∪ Bin2 ∪
Bin3 . . . . . . ∪ Binn = TS Bini ∩ Binj = φ
Each Bin has a bin representative value denoted as BinR.
Bin representative is used to calculate the similarity with
corresponding bin. The k th element of the training set TS
is denoted as Tk . Hence, Tk ∈ TS and Tk (Y ) is the output
element of Tk .
Tk ∈ Bini for which kTk (y) − BinRi k is minimum and
i=1,2,. . . ..,n. After distribution of all training data among
n numbers of bins, the training data sequencing starts. This
hashing based training data sequencing method reduces the
chance of consecutive training datasets having similar type of
output values. The number of bins should be greater than or
equal to the total number of peaks in the distribution of output
training datasets. Initially, BinR contains the peak values of
the distribution. Change in derivatives is used to detect the
peaks. This data sequencing mechanism is explained with
the help of procedure 2. In this procedure, un-sequenced
training dataset is given as input and it sequences the
given training sets. The sequencing process is organized in
such a way that average difference between output value
Tk (y) of two consecutive training data should be quite
high.
In Procedure 2, steps 1 to 5 are used to define ‘‘Bins’’.
Steps 6 to 9 are used to categorize the training dataset
as per the ‘‘Bin’’ property. Steps 10 to 14 describe the
sequencing mechanism for which the average entropy of
the output value of two consecutive training sets should
be quite high. It is clear from figure 5, that some bins
may have a lot of training set with similar type of output. This unbalanced dataset may bias the training procedure. However, steps 11 to 15 have mechanism to avoid
such situation. This section discards additional training
datasets.
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Algorithm 2 Arrange the Sequence of Training Data to
Reduce Biased Learning
Input: The set of training data along with count of dataset
say R.
Output: Proper sequencing the training data for unbiased
learning.
Assumptions: The training dataset must be complete; there
is no missing data in any training set.
Step
1: Apply histogram on the output element of each training
set; it is denoted as Tk (Y ). The result is stored in a vector
V
2: Find the number of peaks and peak values in V by
examining the change of derivative direction
3: Store the number of peak in ‘‘m’’ and peak values in
‘‘peak_vector’’
4: If m%2 == 1 Then
n=m−1
Eliminate the least element from ‘‘peak_vector’’
End If
5: For each element of ‘‘peak_vector’’ find the value of
Tk (Y ) and store the result in BinRepresentative vector;
Number of elements in ‘‘BinRepresentative’’ vector is
equal to ‘‘n’’
6: Repeat steps 7 to 9 for all elements in input training set
K = 1, 2, ...., R
7: Repeats step 8 for all j = 1, 2, ......, n
8: Distance(j) = ||Tk (Y ) − BinRepresentative(j)||2
9: Find the index, i of the smallest value from distance
vector and categorize the k th dataset Tk as a member of
that index Bin say Bini
10: count = 0
11: Repeat step 12 to 15 until (n-2) bins are empty
12: BinIndex1 = count%(n/2) + 1
BinIndex2 = BinIndex1 + (n/2)
13: If Bin[BinIndex1 ] 6 = Empty Then
Fetch any arbitrary training set from
Bin(BinIndex1 ) and sequence that training dataset
Else
Fetch any arbitrary training set from
Bin(BinIndex1 + 1) and sequence the training
dataset
End If
14: If Bin[BinIndex2 ] 6 = Empty Then
Fetch any arbitrary training set from
Bin(BinIndex2 ) and sequence that training dataset
Else If (BinIndex2 + 1) ≤ n Then
Fetch any arbitrary training set from
Bin(BinIndex2 + 1) and sequence the training
dataset
End If
15: count = count + 1
16: Return the final sequence of training dataset
17: Stop.
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TABLE 1. Comparison of PSNR for different methods.

2) LEARNING METHOD

Individual training data is a vector of 15 elements out of
which 14 are the granular level features. These may be called
as input and the last one is the desired output for the combination of the input values. As per the convention the output value
must be an integer and its range varies between 0 and 255. The
response from the learning system is denoted as ‘‘the output’’.
It is treated as a continuous function in 14 dimensional feature
plane. Polynomial neural network using group method of
data handling (GMDH) [40], [41] is used to construct the
pre-trained model from training dataset. GMDH model is
suitable for single output with multiple inputs. This property
satisfies the criteria for the application. Moreover, GMDH
optimised the internal parameters that is beneficiary from
implementation point of view. GMDH follows the Volterra
Kolmogorov Gabor (VKG) polynomial at the time of constructing the polynomial equation internally. This complex
polynomial looks like equation 20.

Y = A0 +

M
X
i=1

Ai x i +

M
M X
X

Aij x i x j

i=1 j=1

+

M X
M X
M
X
i=1 j=1 k=1

Aijk x i x j x k + . . . . .

(20)

Here, M denotes the number of independent variable
which is the same as the number of input features. Xi (i =
1, 2, . . . .M ) are the independent input features. Y is the output
response.A0 , Ai , Aij . . . . are the constraints. It can be said that
training set contains the value of independent input variables
Xi (i = 1, 2, . . . .M ) and corresponding response (Y). The
values of constants A0 , Ai , Aij . . . . are unknown. If adequate
training set is available then, values of A0 , Ai , Aij . . . . can be
determined. Once these values are available then it is easy
to determine the response (Y) for given input values Xi (i =
1, 2, . . . M ). Higher order polymonial does not necessarily
mean more accurate result. Sometimes higher order polynomial leads to ill condition. GMDH follows layer wise training
and during training the neurons have good prediction power
that are fed forwarded to next layer. The other neurons with
less prediction power are discarded. The number of neurons
should be provided during parameter setting. The default
value of neuron is the same value as the number of input
variables.
V. PERFORMANCE EVALUATION

This research work can be considered as an assembly of three
blocks or sub-systems on the basis of implementation. These
blocks are as follows:
1) Synthesis of low resolution image from high resolution
image.
2) Learning from training dataset.
3) Reconstruction of high resolution image from low resolution input image.
VOLUME 8, 2020

The result section is also organized in that way. The performance of each block is evaluated separately into subsequent
subsections.
A. PERFORMANCE OF LR IMAGE SYNTHESIS

The DIV2K image repository [42]–[44] is used to test the
performance of the proposed subsystem. This repository contains normal high resolution images and corresponding low
resolution images that are obtained from a physical transducer. In this dataset, ‘‘Validation Data Track 1 x4’’ is used
as low resolution image set and corresponding high resolution
images are in set ‘‘Validation Data Track 1 x2’’. The output
from this subsystem is compared with other methods like
averaging method, wavelet based method. The synthesized
output images using the proposed method, are quite similar to
the original low resolution images and this similarity is measured by PSNR. Table 1 shows the comparison of different
low resolution images synthesized by different methods with
actual ground truth low resolution images.
The average PSNR for the ‘‘averaging method’’ is 24.334.
This value improves in wavelet based method and it is 31.354.
However, the PSNR of the proposed low resolution image
synthesis subsystem is 33.031. It is comparatively better than
the other methods. Out of these ten samples, images like
‘‘0020.png’’, ‘‘0027.png’’, and ‘‘0040.png’’ have considerable amount of noises. The proposed subsystem is able to
handle these noises much better as compared to the other
two methods. Besides, the wavelet method takes considerable
amount of time to compute.
B. PERFORMANCE OF THE TRAINING PROCEDURE

Dental x-ray image database [29], Kaggle [28] database are
used in this section for performance benchmarking. These
123565
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TABLE 2. Performance of learning system.

FIGURE 8. Score evaluation against increasing epoch.

databases have only high resolution images. Hence, images
from these databases are passed through the proposed LR
image synthesis method to obtain corresponding low resolution images. These low resolution images are used to extract
low and high frequency feature set of the training data. The
corresponding high resolution image is used to obtain output
data of those training sets. The number of pixels in high resolution and corresponding low resolution images are 748×512
and 374 × 356 respectively. The number of valid training
dataset for each pair of images are considerably large. All
these datasets are used for the training and testing purpose.
Table 2 shows the performance of the learning system with
respect to different values of parameters. At the time of this
performance evaluation, the number of training set is kept
constant and its value is 400000. Huge computation time
would be needed at the time of high value for number of
epochs, number of neurons in each hidden layer. The last two
columns show the score of the ‘‘polynomial neural network’’
model with and without data sequencing mechanism as proposed in section IV.A. The value of the score is between 0 and
1. A higher value denotes higher accuracy. The experimental
result shows that the score improves when training data are
sequenced using procedure 2. Performance increases when
epoch increases althouogh it gets almost saturated after certain value.
Figure 8 shows the graphical representation of score with
respect to a chronological increment of an epoch. The blue
line represents row 1 to 5 of Table 2. Here the number of the
hidden layers are 2 and the number of perceptrons in each
layer is 5. Orange line represents row 6 to row 10. In this
case, the number of the hidden layers are 2. It is the same
as the previous one. However, the number of perceptrons in
each layer is increased to 10. This configuration provides
a better score than the blue line with low epoch value.
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The yellow line represents the performance of row 11 to
row 14. This configuration uses 3 hidden layers with 5 perceptrons in each layer. This configuration provides a high
score when the epoch is low. However, performance does
not improve much when the epoch value is increased. The
violet line represents row 15 to row 17. As mentioned earlier,
an arbitrary selection of more number of perceptrons in a hidden layer may lead to the ill condition. The violet line shows
that the previous statement is correct. In this configuration,
the number of neurons in a particular hidden layer is increased
to 10. This leads to a drop in performance. It is clear that when
the epoch is 50 then the score for most of the configuration
is almost the same. However, the total computational time is
very high for epoch value 50. Considering all of these, the
preferred parameter configuration for further processing is set
as follows. The number of the hidden layers are 2 whilst the
number of neurons in each layer is 10 and the epoch value is
20. The supplementary materials are uploaded in [45]. After
selection of preferred learning parameters, the performance
of the learning system is evaluated with respect to different
volume of dataset. The performance is shown in figure 9.
In this evaluation, the number of hidden layers are 2, neurons
in each layer is 10 and epoch is 20. These values remain
constant during evaluation. Initially, the score increases proportionally with the volume of data. Performance decreases
when the volume of data is further increased. After the performance degrades to some extent, it again increases. The
fluctuation of performance is not very major. Hence, it is
not exactly the example of over fitting. Fifty images from
Dental x-ray image database [29] are used to generate training
dataset; out of which 400000 dataset are selected by the
procedure 2 to build the training model.
C. PERFORMANCE OF THE HR RECONSTRUCTION

The Kaggle [28] image repository is used both for the training
system and to evaluate the performance of the proposed
system. The synthesized low resolution image is given as
input. The reconstructed high resolution image is compared
with the original high resolution image of the repository.
VOLUME 8, 2020
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TABLE 3. Comparative performance for different methods.

FIGURE 9. Performance evaluation against data volume.

Some standard metrics are used to compare the performance with other methods. These standard metrics [46]–[48]
are Peak Signal to Noise Ratio (PSNR), Mean Squared
Error(MSE), Root Mean Squared Error (RMSE), Structural
Similarity Index (SSIM), Feature Similarity Index (FSIM),
Smoothness, Normalized Cross Correlation (NCC) and Average Difference (AD).
MSE is calculated as,
MSE =

m−1 n−1
1 XX
||f (i, j) − g(i, j)||2
mn

(21)

NCC =

MAXf
PSNR = 20 ∗ log10 √
(22)
MSE
f represents the original image, g represents the degraded
image, m denotes numbers of rows of the images, i is the
index of that row, n represents the number of columns of
the image and j represents the index of that column. MAXf
denotes maximum value that exists in ground truth image.
SSIM helps compare the local patterns of pixel intensities
between the ground truth image and the output images. The
range varies between -1 and 1.The value closer to 1 indicates
the output image and ground truth images are similar. SSIM
measures the perceptual dissimilarity between two similar
images. It is calculated as,
(2 ∗ µx µy + c1 ) ∗ (2σxy + c2 )
SSIM =
(23)
(µx 2 µy 2 + c1 )(σx 2 + σy 2 + c2 )

Here, µx , µy are the average of x and y. σx and σy are the
variance of x and y, σxy is covariance of x,y. c1 and c2 are
two standard variable. RMSE finds the average magnitude of
error. This metric takes the difference between ground truth
image and output image and directly finds the variation in the
pixel values. This metric is calculated as,
v
u
n
u1 X
bi 2 )
(Yi − Y
(24)
RMSE = t ∗
n
i=1

n is the data points on all variables, Yi is the vector of the
observed values and Yi′ being the predicted values.

M P
N
P

′
x(j,k) x(j,k)

M P
N
P

2
x(j,k) x(j,k)

j=1 k=1

j=1 k=1

(25)

Average difference is the mean difference between the
ground truth image and reconstructed output image. It is
calculated as follows,

i=0 j=0

Here, PSNR is calculated as
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Normalized cross correlation measures the correlation
between input image and newly constructed output image.
It is calculated as,

AvgD =

M P
N
P

j=1 k=1

′
x(j,k) x(j,k)

(26)
MN
′ are
Here xj,k are pixel values of the original image and xi,j
the pixel values of the image after reconstruction. M,N are the
number of columns and rows respectively.
The correlation between input image and reconstructed
output image is normalized as this is the ratio of ‘‘the crosscorrelation’’ and ‘‘the summation of squares of the pixel
values’’ of the original image. Table 3 and 4 show the comparative performance study between different methods.
TABLE 4. Comparative study for different methods.

We have compared the proposed method with five existing popular methods. These methods are aliasing based
method [4], Yang proposed method [49], Dong proposed
method [50], Iterative back projection [51] and bicubic [14]
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FIGURE 10. Performance evaluation for different methods.

FIGURE 11. Comparison on SSIM, FSIM and Smoothness for different
methods.

also important in forensic biometrics. A low-cost software
solution is highly advantageous to solve this low resolution
issue without changing the existing setup [52]. The available
medical x-ray image repository does not have a huge number
of training dataset. Hence, example based or CNN based
super resolution techniques are inappropriate for these issues.
On the other hand, single image super resolution methods
do not provide a good result when magnification is greater
than 1.6 times. Considering all these constrains, an alternative
machine learning method is proposed in this research work.
It uses existing image repository to generate a huge number
of granular level feature dataset for training. These granular
level feature sets are the combination of low frequency feature
and high frequency feature. Low frequency feature contains
the basic property and high frequency features contain the
minute details. These granular level features along with their
extraction mechanism is one of the contributions of this
research work. The performance of this high resolution image
reconstruction method is quite satisfactory. As the next phase
of this work, authors are planning to localize the reconstruction mechanism within the region of interest [53], [54].
Consequently, the system itself will find the region of interest
automatically for an unknown medical x-ray image. After
that, it will reconstruct the high resolution image for those
selected regions rather than the entire image. Such modified
approach would also reduce the total computational cost.
ACKNOWLEDGMENT

FIGURE 12. Comparison on RMSE for different methods.

method. The proposed method is compared with these high
resolution images reconstruction mechanisms. The aliasing method and bicubic method estimate the values on
the basis of neighbor values. These methods do not consider the trends of neighbor values. In these methods noise
value also has active participation in estimating values. This
degrades the performance of these methods. Other methods
[49], [51] do not have the provision for input-output pattern analysis and exhaustive learning. Hence, the proposed
method performs well with limited training image dataset.
Figures 10 to 12 show the graphical presentation of different
metrics.
D. CONCLUSIONS

The resolution of the medical x-ray image is an important
factor to detect the abnormality, defect, injuries in the hard
tissues. Modern x-ray systems that are used for medical
diagnosis do not have resolution related issues. However, old
medical diagnostic systems used in rural areas of developing
countries have resolution related issues. The x-ray images are
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