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Abstract: In today’s medicine field, there is an increasing
need to be more efficient and to be able to develop new
techniques to diagnose and cure different diseases and
ailments. From the wide range of medical images, there
has been an initiative to concentrate or restrict the
implementation to X-rays, since X-ray images are the
only valid analogies that can be compared to vision from
a camera with a perspective. Due to the older diagnosis
methods implemented, there is an excess of 2D data when
compared to 3D data. Therefore, conversion of 2D data to
3D plays an important factor in arriving at the required
result with higher efficiency since it is more cost effective
to convert 2D images to 3D rather than create a 3D image
from scratch. In this work, the first concept used is of
defocus method to perform the depth estimation of the
given X-ray image, with the help of edge detection and the
second concept used is, gradient magnitude calculation
along with image matting using Laplacian process to
produce a 3D structure of the 2D image.

ACM CCS (2012) Classification:
Computing methodologies — Image and video acquisition
— 3D imaging.

Keywords: ARE and RMSE, Defocus method, Image
quality metrics, Laplacian matting.

I. INTRODUCTION

Medical imaging has come a long way since its initial inception
of applications and today it has become a major tool or facility
that can be used by the doctors to diagnose their patients about
the kind and intensity of any problem in their body. In fact,
the range of medical imaging has spread so vast that there are
specific treatment processes and techniques to diagnose and
evaluate different types of regions of interest in their body
depending on the disease or injury or state of the medical
condition in which the patient is. Some of the common types
of medical imaging include X-ray, MRI (Magnetic Resonance
Imaging), CT scan (Computer Tomography scan), Ultrasound
and nuclear medicine imaging including PET (Positron-
Emission Tomography). The method of using X-rays is
prominently the cheapest available and often serves as a best
answer to diagnose the structure of the body, mainly on the
bones in case of an external injury that can possibly cause
damage to the integrity of the bone.

Although X-ray imaging is the cheapest solution compared
others it isn’t very cheap looking at it from an absolute value
perspective and for some specific cases there might be a need
of more than one X-ray to diagnose a medical condition. It also
poses a increasing chance (very less) of occurrence of cancer
since it involves the emission of ionization particles that might
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trigger certain cells in the body to develop a tumor which might
ultimately lead to cancer lately.

So, an attempt have been made to look at different possible
techniques that can be applied on a single X-ray image to extract
more information from it thus possibly reducing the necessity
of getting exposed to the radiation multiple times.

Related Work

The paper [1], the technique mentioned for measuring the depth
of a query image involves the usage of a pre-existing image
(color and depth) database. The input image is taken and the
database is scanned for photometric similarity. This similarity
is detected by comparing their gist (structure of the image)
descriptors.

A depth map [2] is estimated by fusing the two maps. A
clustering-based hierarchical search using compact SURF
(Speeded-Up Robust Features) descriptors to characterize
images is proposed.

In [3], the method proposed involves searching for similarities
between a query image and the images from the depth of an
image in the database based on the nearest neighbor search. In
this approach, only k images that are most similar to the query
images in terms of image functions like color and edges.

In [4], the proposed method utilizes the learned distance of an
image rather than the Euclidian distance. It says that the distance
metric is learned based on the fact that similar and dissimilar 3D
image structures are greatly different. There is also a method
proposed that uses the Gaussian weighted function for the same
output.

In [5], the technique mentioned for measuring the depth
of a query image involves the usage of an image (color and
depth) database. The input image is taken and the database is
scanned for structural similarity. The similarity is detected by
using Local Binary Pattern which are used to characterize the
structure color image.

In [6], focus has been on the creation of a depth map from a
single RGB image which is a challenging task. A regression
model is proposed with the help of Convolutional Neural
Networks. This model is optimized using the Tukey’s Bi-
weight Loss Function (To find difference between estimation
and ground truth) which is an M-estimator. In [7], a model is
proposed with the help of Convolutional Residual Networks.
This model is optimized using the Huber Loss Function (To
find difference between estimation and ground truth).

In [8], focuses on depth map and the depth is found through
discrete-continuous variables. The continuous variables find

the depth of the pixels and the discrete variables represent the
relationship between the neighboring pixels.

The main focus is on Image Matting which focuses on
foreground and background extraction. Given an Image to
produce a matte (a transparency value a at each pixel) such that
each pixel can be deconstruct the color value I(i) into a sum of
two samples, one from F(i) i.e. foreground color and one from
B(i) i.e. from background color. In [10], uses the concept of
stereovision as it gives a high spatial resolution. It mainly uses
image pairs taken from two different cameras with different
perspective to obtain depth values. Factors which affect this
approach are computational efficiency, depth discontinuities.

In [11], the depth information is extracted from the single image
in order to achieve this scene classification and object detection
is applied. In this image is divided into different image sets
based on the different scene structure.

I1. THEORIES AND CONCEPTS

In 2D to 3D conversion of X-ray images the first stage
is conversion of image to Grey scale which performs the
conversion of multiband image to binary image which is
followed by the Noise Removal and Edge detection. It gives
the outline of X-ray image. Feature extraction stage includes
calculation of Gaussian gradient magnitude, defocus map and
Laplacian matting.

Conversion of the Image to Grayscale

This module deals with the conversion of a multiband image
into a single band image-:

Multiband Image - A Multiband image is an RGB color image
in which each component consists of 8 bits, hence, the entire
multiband image occupies 24 bits.

Single Band Image - A Single band Image is a binary image in
which the components occupy a total of 8 bits.

The multiband image is converted into a single band image so
as to reduce the overhead of time in the overall performance.

The Conversion Formula:
G = R+G+E

: ()
Noise Removal with the Use of Median Filter

The original image is smoothened initially by using Median
filter [9] in order to increase the performance of processing.

B = MEDFILT2(A,[M N]) 2)

Apply Median filtering on two dimensional matrix A [14] [19]
and output pixel around the corresponding pixel in the input
image has the median value in M by N neighborhood in the
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input image. Apply MEDFILT2 on the image is used to pad
the image with zero on the edge then the median values for the
points within [M N]/2 of the edges may appear distorted.

Canny Edge Detection

Canny’s intentions involved enhancing the many existing edge
detectors comparatively. The ideas and methods are proven
to be very successful. A list of criteria has been taken into
consideration to improve the contemporary methods of edge
detection. The low error rate is taken into consideration as the
initial and most important criteria. It is of great significance that
the various edges that occur in images should not be missed and
non-edges should not be responded too. The second criteria that
should be taken into consideration is the edge points be well
localized. “The edge point be well localized” indicates that the
distance found by the detector between the actual and the edge
pixel is to be minimum. Only one response is given to a single
edge is taken into consideration for third criteria. The first two
criteria is more enough to eliminate the possibility of getting
multiple responses to an edge. This was implemented already.
In canny edge detector, these criteria are used for smoothening
the image to eliminate noise. Next step is to find image gradient
in order to height light region with high spatial derivatives.
Then, suppress any pixels that are not at maximum (i.e. non-
maximum suppression) by tracking along those regions with
the help of algorithm. The canny operator uses a method called
Hysteresis that is used to track remaining pixels that have not
been suppressed. The gradient array is reduced further more
with the help of Hysteresis.

Gaussian Filter

Several steps to be followed to implement the Canny edge
detector algorithm. Before trying to locate and to detect edges
present in the image, first apply filtering algorithm to filter out
noise from the original image. Gaussian filter is used exclusively
in the Canny algorithm to remove noise from the image. The
Gaussian filter can be calculated with the use of a simple mask
before the Standard convolution method can be used to perform
the Gaussian smoothing [21]. A convolution mask is generally
much smaller than the image itself. As a result, the mask is slid
over the image, manipulating a square of pixels at a time. The
possibility of detecting noise decreases gradually by increasing
the width of the Gaussian mask. As a result, the localization
error will also be increased slightly by increasing Gaussian
width.

Sobel Operator Convolution Masks

After eliminating and smoothing the image, next is to find the
edge strength by considering the gradient of the image. The
Sobel operator is used to find a 2D spatial gradient measurement
on an image [20]. Then the edge strength (approximate
absolute magnitude) at each point can be calculated. Then,

the approximate absolute gradient magnitude (edge strength)
at each point can be found. A pair of 3x3 convolution mask
used by Sobel operator to estimate the gradient in x-direction
(columns) as well as in y-direction (row) as in Fig. 1 as shown
below:

-1 0 +1
-2 0 +2
-1 0 +1
+1 +2 +1
0 0 0
-1 -2 -1

Fig. 1: Sobel Operator Convolution Masks

The formula for approximation of the magnitude or edge
strength of the gradient is given below:

G = |GX| + |GY] 3)

Finding Edge Direction

After calculating the gradient in both the direction (x and y),
It is very easy to find the edge direction. The code should
enforce the restriction whenever the error will be generated
(error will be generated when sumX=0). However, and error
will be generated when sumX is equal to zero. Whenever the
sumX=0 (gradient in x direction), set the edge direction as 0
degrees or 90 degrees, depending on the value of the gradient
in y direction. If the gradient in y direction (sumY=0) is equal
to zero then the edge direction will be 0 degree else will be 90
degree [16].

The formula to find the edge direction is as follows:

theta = invtan (Gy / Gx) 4)

After finding the edge direction, the next step is relating the
direction that should be traced in an image to edge direction.
The alignment of pixels of 3x3 image is as follows:

X X X

Xax

X X X
By considering the pixel “a” in the above alignment, it is
clearly stating that only four possible direction are there while

considering the surrounding pixels. The four possible directions
are given below:

1. Horizontal direction-0 degrees,
Along the positive diagonal-45 degrees,
Vertical direction-90 degree and

Rl e

Along the negative diagonal-135 degrees.
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Now edge orientation should be mapped with any one of the
direction described above. For example if the edge orientation
= 5 degrees then edge direction = 0 degrees. By considering the
above calculation, the semicircle is divided into 5 regions as
shown in Fig. 2 and edge direction is given in the Table I.

=l

135° 45°

Fig. 2: Classification of Edge Direction
(source:www.uta.edu/faculty/krrao/dip/Courses/EE5356/
Edge%?20detection%20project.doc)

TABLE I: VALUES oF EDGE DIRECTION

SI. Color Range in Degrees Direction in
No Region Degrees
1 | Yellow 0-22.5 &157.5-180 0 degrees
degrees
2 | Green 22.5-67.5 degrees 45
3 | Blue 67.5-112.5 degrees 90
4 |Red 112.5-157.5 135

Non-Maximum Suppression

After finding the edge direction, the next step is to suppress
any pixel (set pixel value is equal to zero) value that is not
considered to be an edge by tracing along the edge in the edge
direction. This process is called Non-Maximum Suppression.
This suppression will produce a thin layer in the output image.

Double Threshold Edge Classification

Hysteresis is used as a means to eliminate streaking. Streaking
is essentially the breaking up of an edge contour. It is caused by
the operator output fluctuating above and below the threshold.
Consider a single threshold, T1 is applied to an image, and an
edge has an average strength equal to T1, then due to noise,
there will be various instances in which the edge may dip below
the threshold. Similarly, it can also extend above the given
threshold, resulting in an edge looking like a dashed line. In
order to avoid this, hysteresis uses two thresholds, a high and a
low. Any pixel in the image that has a greater value than that of
T1 is presumed to be an edge pixel, and is immediately marked
as such. Then, any pixels that are connected to this edge pixel

and that have a greater value than that of T2 are also selected
as edge pixels. If you think of following an edge, you need a
gradient of T2 to start but you don’t stop till you hit a gradient
below T1.

Using Defocus for Depth Estimation

In application like computer graphics and computer vision
includes depth estimation, image de-blurring, image quality
assessment and refocusing, Defocus for Depth Estimation plays
an important role. In conventional camera, Focusing is more
challenging one. Image captured by conventional camera that is
not calibrated is facing more challenging problem of recovering
the defocus map from a single image. By using the first and
second order derivatives of the input image, Elder and Zucker
[12] found the blur amount and locations of the edges. The
obtained defocus map is sparse.

Calculation of the Gaussian Gradient Magnitude

The Gaussian kernel is used to re-blur edge in an image. After
finding out the re-blur an edge in an image, then calculate the
ratio between the gradient magnitude of the step edge and the
re-blurred edge is calculated. The ratio is maximum at the edge
location. With the help of obtained maximum value, compute
the amount of the defocus blur at the edge location. Using the
formula given below in equation 5, calculate the gradient of the
re-blurred edge. Here, in the re-blur Gaussian kernel, o, is the
standard deviation [12].

Gaussian Gradient Magnitude,

x ]
¢ = () ®

ﬂ|2n|:55+ g )

It is called the re-blur scale. The gradient magnitude ratio
between the original and re-blurred edges is given by the
formula shown in equation 6.

Ratio of Gradient Magnitude,

R = w_il:,ﬁjl _ ||:71+:7§ ©)
[wig el Rt &

Giving an insight on both the above equations, it is observed

that the gradient edge depends on both ¢ (blur amount) and

the edge amplitude A. So, maximum gradient magnitude ratio

R eliminates the effect of edge amplitude A. Then maximum

gradient magnitude R depends only on 6, ,,4 G

Removal of Noise (Gradient Image)

IMFILTER is used for removing noise in the gradient image
[18].
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B = IMFILTER (A, H) ()

Here, multidimensional filter (H) is wused to filter
multidimensional array (A). Multidimensional Array A can be
of any dimension and class [18]. Array A can be either a non-
sparse numeric array or logical array. The size and class of output
array B is same that of array A. Floating point mathematics is
used to compute each element in an output array B. Fractional
values are rounded off in an array A, when array A is an integer
or a logical array.

Generation of the Defocus Map

The output of the defocus blur estimation is a sparse defocus
map dO0(x). So the next step is to obtain a full depth map d(x) by
propagating the defocus blur estimation from edge location to
the entire image. To obtain full depth map, d(x) (defocus map)
is required which is close to the dO(x) (sparse defocus map) at
each edge location. It is preferably ideal that the defocus blur
discontinuities are to be aligned with the image edges [15].
Edge-Aware interpolation methods are generally used for tasks
such as these. Here, Bilateral filter [13] is applied to the existing
defocus map which smoothes while preserving the edges and
thus the final thin focus depth map is obtained. The Laplacian
matting is applied to perform the defocus map interpolation.

Using Laplacian Process for Depth Estimation

When dealing with image matting, a graph can be constructed,
in such a way that each pixel is a vertex and, adjacent pixels
share an edge. A graph such as this is naturally non looping
and undirected. A large part of image matting, however, is
determining appropriate weights for the edges, so it cannot
immediately construct Graph Laplacian. Instead, a variant
of the Graph Laplacian called the Matting Laplacian is used.
Although identical in purpose, D and W must be produced
differently from simple adjacency. The distance between pixels
must be taken into account, but will be weighted by differences
in color. For example, a red and a blue pixel directly next to
each other would likely be less “adjacent” than two red pixels
a slight distance apart. The way these numbers are produced is
called the affinity function, and it has been defined in various
ways.

[II. EvALUATION METRIC

The evaluation metrics are the criteria used for testing the
efficiency of the developed system. They are the set of
predefined rules that analyze the results obtained from the
various test cases to get the quantitative measure of the accuracy
of the system.

Given a predicted depth image and the corresponding ground
truth, with "dp and dp denoting the estimated and ground-truth
depths respectively at pixel p, and T being the total number
of pixels for which there exist both valid ground truth and
predicted depth, the following metrics have been reported in

literature [22]:
Absolute Relative Error =

1y ldp=dyl
X, ®)

Linear Root Mean Square Error (RMSE) =

|
f1 72
1‘|;z*p (d*p - d’p:] )
Log scale invariant RMSE =
1 -7 -7 27
;Zp (logd, —logd, + a(d,.d,))"d, (10)
Where, a("dp, dp), addresses scale alignment.

We consider Absolute Relative Error Linear and Root Mean
Square Error (RMSE) [17] during this metric evaluation since
log scale invariant RMSE [21] is just another variant of RMSE
and the results are proportional to each other.

IV. PrRoPOSED WORK AND DISCUSSION

The objective of estimating the depth in X-ray images has been
achieved with this developed model using “Defocus method”
and “Laplacian Matting” in which the depth of a map is
computed based on color similarities. With the metrics derived
from Absolute Relative Error (ARE) and Relative Mean Square
Error (RMSE) an average accuracy of up to 93% has been
achieved which makes this model reliable and will be useful
to reduce both the amount of radiation to which the patient is
exposed and the expenses up to 50%.

DEPTH

USERINPUT  —> PREPROCESSING —» EDGE DETECTION —» ESTIMATION

—> QOUTPUT

Fig. 3: Block Diagram of Depth Estimation Model

e User feeds the medical image as an input.
e The system then removes the noise from the image.

e The system then identifies significant edges in image
based on the threshold set.

e The output is received as a depth image of given
2D-image.

V. EXPERIMENTAL RESULTS AND ANALYSIS OF THE
DeprtH EsTiMATION IN X-RAY IMAGES

The analysis of the system is performed to determine which
inputs provided the best results and how these inputs affect the
overall efficiency of the system. In the testing phase, various
modules of the system are tested individually by providing
sample inputs and observing the outputs they produce. In this
chapter the evaluation metrics that are available to estimate
the accuracy and reliability of the results obtained from input
images so that it is possible to determine for which kind of input
the system functions more efficiently [22].
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Experimental Dataset

The Experimental Dataset used for the project has been
accumulated from multiple medical resources i.e. medical
institutions and diagnosis centers for X-ray cases. For the
project to get effective output there is a need for datasets that
involves two views of an object mandatorily and it is seldom
found in cases of global directories of datasets. The dataset
mainly focuses on the images which are in jpeg format. The
main reason for using jpeg format is that the images can be
compressed easily. They take lesser file size. The picture quality
is high with little level of compression.

Performance Analysis

Fig. 4: X-ray Projection of a Hand

Fig. 4 shows the surf image of the input image that shows the
estimated 3D structure of the given input image. Since the
model produces the output images now, there is a need to justify
that the output that has been displayed is accurate enough to be
relied on. For that, evaluation metric is applied to calculate the
relative errors and estimate the accuracy of the output.

One of the main inferences that are to be taken from the 3D
plot obtained is that the scale used to reflect the estimated
depth value is unique and there is a need to convert the value
into useful units i.e. inches or centimeters. So, these values
are referred on the vertical axis as Depth units denoted by Z.
With the help of multiple trials, a conversion factor of ‘3.1’
was calculated which when multiplied with the obtained z
values, gives the estimated depth values in terms of inches and
this when further multiplied by 2.54 gives the same values in
terms of centimeters. But, one of the problems that has been
encountered is that, irrespective of the size of the object in the
image, if the gradients obtained from the input are similar in
nature, the conversion estimates the depth value of the image
always scaling up to a certain size because every input image
will be compressed to a fixed size and the conversion factor
scales it up back to a fixed dimension. So, this might result
in getting the same estimated depth for two different sizes of
input if they have similar gradient values which are a not to be
overlooked at all. To overcome this limitation, there is a need to
include at least one size-parameter from the actual object while

rendering this process so that it can help us to scale up back to
the desired dimension which is of life size.
Z:3.1x2. 54 xoptimal widih

DePth = standardized width cm

(1)

Where, Z i.e. depth value is obtained by taking the difference
between upper bound and lower bound of the intensity values in
the 3D map, 3.1 is the conversion factor, 2.54 to convert inches
to cm, Optimal width is the width of the object in the image
which is given as an input to the size-parameter that helps in
scaling up the image to real size. Standardized width-this value
is fixed and is a consequence of the conversion factor.

The above formula will be the solution for the existing problem.
The standardized width is found out to be 9.5cm after testing
with the sample cases that resulted in scaling up back to more
or less an equal value of width. So, the formula now becomes
simpler and can be written as:

Z:3.1x2. 54 «optimal width

Depth x = - cm

(12)

This enables us to take any two values in the 3D surf image
that has been created and find the estimated difference in depth
between them in centimeters (up to 4 decimal points).

The below comparison shows us a form of a histogram based
values taken from the actual and the estimated images at regular
intervals (in centimeters and real size) and these values will be
substituted into the formulae in the evaluation metrics and thus
can come to a decision on the correctness of the model and on
the amount of error that can be tolerated during this process of
getting the estimated output.

Fig. 6: Histogram Values on the Estimated Surf Imagel

TaBLE II: VALUES oF RELATIVE ERROR FOR IMAGE] (ARE aND RMSE) IMAGE 1:ABsOLUTE RELATIVE ERROR: 0.026 RMSE: 0.2264

Estimated Depth (Z1) (incm) | 0.76 1.5 2.22 2.4 245 | 265 | 281 | 29 3.05 | 3.15
Actual Depth (Z1) (in cm) 0.75 1.2 1.8 2.4 2.6 2.8 3 3.1 33 3.4
Relative Error (RMSE) 0.0001 | 0.09 | 0.1764 | 0.0225 | 0.0225 | 0.0361 | 0.04 | 0.0625 | 0.0626 | 0.0625
Relative Error (Absolute) 0013 | 025 | 0.23 0 0.05 | 0.053 |0.061| 0.064 | 0.075 | 0.073
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The Table II above shows us the metrics obtained from the
Absolute relative error and Linear Root Mean Square Error
(RMSE) for which inputs have been taken from multiple
histogram values taken from each image and here, the table
specifically shows metrics from the values of above shown
input imagel.

Inference

From the results that have been obtained, an estimate can be
given that the range of the error through the metric of Absolute
Relative error has been from 0.5-3% from the data set that have
been used and can possibly have a worst case of 6% for any
unusual case. So talking in terms of accuracy [24], it can be
said that the model can give an average accuracy of 96%. In
contrast, the RMSE values [23] are also promising with the
tolerable deviations of 2-5% on various test cases and can
expect a worst case of 10% deviation from the original which
leads to come to a concluding fact that through RMSE, there is
an accuracy range 95-98% and 90% at the worst.

VI. CoNncLUSION

There has been a success in developing an algorithm that
performs 2D to 3D conversion of X-ray images that estimates
the 3D structure for a given input with a fair accuracy. This
project covered methods used to estimate depth in X-ray
images and classified these methods based on the algorithms
used for depth estimation and cost effectiveness. The objective
of estimating the depth in X-ray images has been achieved with
this developed model using “Defocus method” and “Laplacian
Matting” in which the depth of a map is computed based on
color similarities. This model will be useful to reduce the
amount of radiation to which the patient is exposed and the
expenses up to 50%.

Limitations of the Project

Though, good results have been obtained on the working cases
of input, the actually scope of choosing the kind of input is
restricted to mostly the X-rays of hands and legs only. So this
model is not so suitable to be applied on other kind of X-rays for
example, chest or spine or skull etc. This model cannot estimate
the 3D structure of a given input image if the orientation of the
object is not in the format of a proper front view, which means
other X-rays that have a different orientation of profile, cannot
be used for the estimation of depth.

Future Enhancement

e Extending the proposed method to perform clinical task
like analyzing the depth of bone cracks and be able to
locate it with greater accuracy in a given X-ray.

e Integrating multiple perspectives of a medical object
(input object) to generate a 3D model.

(1]

(3]

(3]

(7]

(9]

Extending the proposed solution to perform depth
estimation for other categories of X-rays (Legs, Knee,
Elbow, Chest, etc).
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