
 

A Fractal Study of Images obtained by IITK X-ray micro-CT 

Snehlata Shakya1, a, Gagan Agrawal1,b and Prabhat Munshi1,c 
1Indian Institute of Technology Kanpur, Kanpur-208016, India 

asnehas@iitk.ac.in, bgaganag@iitk.ac.in, cpmunshi@iitk.ac.in 

Keywords: CT, fractals, Box counting.  

Abstract. Computerized Tomography (CT) is one of the most common non-destructive techniques 
used in medical diagnosis as well as in industrial applications. Projection data, obtained from a CT 
scanner, is used to reconstruct the inner structure of an object. Fourier transform based convolution 
back-projection (CBP) is the most efficient algorithm for such reconstruction purposes. It utilizes 
different filter functions whose choice depends on the demand of user. Different filter functions 
lead to different reconstructions and they extract different types of information according to their 
properties. Fractal nature is a self-similar pattern that exists in an object and it is quantified by the 
value of fractal dimension (FD). A two dimensional image have a fractal dimension between 2 and 
3. It helps in quantification of image quality in terms of roughness or smoothness.  

A simulation exercise is performed for the following four different types of cyber-phantoms: (1) a 
unit circle of constant density (2) a unit circle with hole at center (3) a unit circle with five holes of 
different densities and (4) a head phantom. These four phantoms are reconstructed with five 
different Hamming filters. Fractal dimensions are calculated for all these reconstructions using Box-
Counting approach. Graphs of fractal dimensions vs. second derivatives of filter functions (at 
Fourier space origin) are plotted. It is observed that fractal dimension decreases for filters H99 to 
H50.This approach is now applied to the image of a Perspex specimen that has been scanned on the 
Procon X-ray micro-CT installed at IIT Kanpur. Results indicate that fractal dimension is an 
effective measure of identifying features of material cross-sections that are not visible otherwise.  

Introduction 

Computerized tomographic (CT) technique has been used for various non-destructive 
inspections. It is used widely for medical diagnosis but it also has a large number of applications in 
non-medical areas. This CT technique is described in great detail by Herman [1]. A CT setup has an 
X/gamma ray source, data collection manipulator and a detector system that collects attenuated 
photons. This information is now used to reconstruct the inner profile of the object. Convolution 
back-projection (CBP) algorithm is used commonly for such reconstruction purposes [1, 2]. This 
algorithm is proven to be fast, efficient and easy to implement for sufficient data problems. It, 
however, utilizes different filter functions which are user dependent and these filter functions give 
different reconstructions. Choice of suitable filter function depends on the type of object.  

Reconstructed images, in case of simulation, can directly be compared with the original image. 
We need some tool for the characterization of reconstructed images in case of real data applications. 
Fractal dimension (FD) is one such tool which is used commonly for characterization/quantification 
purposes. Concept of fractals was introduced by Mandelbrot [3] and the mathematics of fractal 
theory is based on Hausdorff spaces [4]. Fractals give a unique insight about the self-similar pattern 
that exists in an object. Various methods have been discussed by Voss [5] for estimating this fractal 
dimension. Fractal analysis had been applied to various medical and non-medical applications. This 
concept has been used for quantification of reconstructed images of human brain [6]. Bhatt et al. [7] 
have used this approach in non-medical area where a simulation study was carried out for a 
damaged nuclear fuel bundle. A second study incorporates a composite specimen of eight different 
regions and it was characterized by fractal signatures [8]. This specimen was reconstructed with 
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different filter functions and fractal dimensions were compared in terms of roughness of surface. 
Athe et al. [9] have analyzed a multi-phase bubble column using fractal dimension.  

We have carried out an exercise on the behavior of fractal dimensions of reconstructed images 
with different filter functions [10]. This analysis has been done for four cyber-phantoms and it is 
repeated for a Perspex specimen which is scanned by Procon X-ray micro-CT scanner installed at 
IIT Kanpur. Fractal dimensions, in all cases, are calculated by a differential box-counting approach 
[11]. 

Test specimens and specifications 

Four different cyber phantoms and a Perspex specimen are chosen to perform this analysis.  
(1) Cyber phantom 1: A circle of constant density 1 and diameter of 1 unit. 
(2) Cyber phantom 2: Two concentric circles (a) inner circle of diameter 0.5 units and 

density 1 (b) outer circle of diameter 1 unit and density 0.5. 
(3) Cyber phantom 3: A circle with 5 holes. The diameter of larger circle is 1 unit and 

density is 1. Five holes are having a diameter of 0.3 units. Density values of these holes 
are 0.2, 0.4, 0.6, 0.75 and 0.9. 

(4) Cyber phantom 4: Head phantom 
(5) A Perspex specimen (diameter of 2 cm) having 17 holes of 1 mm diameter. Height of this 

specimen is 5.5 mm. 
 

Number of data-rays used for all the cyber-phantoms are 400 and the corresponding projection 
views are 180.  

The Perspex specimen is scanned by Procon X-ray micro-CT scanner which is installed at IIT 
Kanpur [12,13]. The number of data-rays in this case is 1024 and data is collected for 400 
projection views. This setup (Procon X-ray GmbH) provides 3D data for cone beam geometry. 
Focal spot of X-ray tube is 7 micron and a flat panel detector of 1024x1024 photo-diodes is used to 
detect attenuated X-ray radiations. Source-detector system is fixed and the object can rotate for full 
360 degrees. Distance between source and detector system is 46.64 cm and detector area is 
12.1x12.1 cm2. Detector system makes a cone beam angle of ±7.90 on the X-ray source.  

It is kept at a distance of 10.7 cm from the X-ray source (pixel resolution of 24.99 microns). The 
X-ray energy was fixed at 110 keV and detector time was selected as 450 milliseconds. The 
intensity of X-ray radiation was measured with 16-bit data resolution. 
 
Results and Discussion 
 

Fractal dimension is well known characterizing tool for different types of images. We have 
chosen four different cyber phantoms and reconstructed them with four different filter functions. 
Generalized Hamming filter function is defined as: 
  岫 岻    岫   岻         

 
where,   is Fourier frequency,    is Fourier cut-off frequency and        . 

 
We, here, have chosen                   and       and these filters are named as H54, H75, 

H91 and H99 respectively. Filter function H54 is classified as smooth, H75 as medium while H91 
and H99 are classified as sharp filters. 
 

Cyber phantoms are chosen with different density distributions. First choice is a constant 
function i.e. no density variations. This phantom is shown in Fig. 1(a) and Figs. 1(b)-1(e) are its 
reconstructed images using H54, H75, H91 and H99 filters. Second cyber phantom has two density 



 

values, the inner circle has a density value of 1 and the annular region has density value of 0.5. 
Original phantom is shown in Fig. 2(a) and its reconstructions with different filter functions are 
displayed in Figs. 2(b)-2(e). We have further extended our analysis for the cases having different 
density values. Cyber phantom 3 has six density values ranging from 0 to 1. The original image of 
this phantom is shown in Fig. 3(a). This phantom has sharp density variations. Its reconstructed 
images with smooth and sharp filters are shown in Figs. 3(b)-3(e). Fourth cyber phantom is a head 
phantom which is classified as smooth object with mild density changes in the range of 0 to 1. It is 
displayed in Fig. 4(a) and the reconstructions with different filters are shown in Figs. 4(b)-4(e). 
Reconstructed images are similar visually to the original for all the cases as the data resolution is 
high and instrumentation error is zero because it is a simulation exercise. There is not much 
difference in images reconstructed with different filters but the density values reconstructed with 
smooth filters are slightly smaller than those obtained with sharp filters.  

Figure 5(a) represents the photograph of Perspex specimen which is scanned by Procon X-ray 
micro-CT scanner [12, 13]. Reconstructed center slices with different filters are shown in Figs. 
5(b)-5(e). The image in Fig. 5(b) appears smooth while the image in Fig. 5(d) represents sharp 
features.  
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Figure 1. (a) Original Cyber phantom 1 and its reconstructions using filters (b) H54 (c) H75(d) 
H91(e) H99 
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Figure 2. (a) Original Cyber phantom 2 and its reconstructions using filters (b) H54 (c) H75 (d) H91 
(e) H99 
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Figure 3. (a) Original Cyber phantom 3 and its reconstructions using filters (b) H54 (c) H75 (d) H91 
(e) H99 
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Figure 4. (a) Original Cyber phantom 4 and its reconstructions using filters (b) H54 (c) H75 (d) H91 
(e) H99 
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Figure 5. Reconstructed images of Perspex specimen using filters (a) H54 (b) H75 (c) H91 (d) H99 
 

We, now, characterize the above given phantoms with their fractal dimensions. Table 1 shows 
the fractal dimensions of all reconstructed images (using different filter functions) of cyber 
phantoms and Perspex specimen. It is observed that FD values increase for the reconstructions with 
H54 to H99 filters. A constant function and smooth functions have smaller FD values in this 
framework [11]. 

 
Table 1 indicates that all cyber-phantoms are relatively close to each other as far as FD value is 

concerned. The first row shows results for the user dependent choice of filter H54 (smooth filter). 
The corresponding images given in Figs. 1(b), 2(b), 3(b) and 4(b) appear different but the self-
similar nature (given by FD value) is similar. It implies that different objects may have a hidden 
pattern, sometime not visible to human eye, which puts them in a same class from the mathematical 
point-of-view (Hausdorff space [4]). We also note that the Perspex specimen shows significant 
difference in FD values as compared to all the cyber phantoms. It implies that this specimen appears 
similar (holes in a base matrix) but its inherent characteristics from the material self-similarity 
point-of-view are very different. The same inference can be drawn the other popular user dependent 
filters, H75, H91 and H99, indicating the robustness of this approach.  

 



 

This self-similarity property is related to the material micro-structure of the cross-section being 
imaged. It thus provides a quantification scheme for comparing different types of material or 
different states of material during a manufacturing sequence.  

 
Table 1. Fractal dimensions of reconstructed images of different phantoms using different filter 
functions 

Filter Cyber-
phantom 1 

Cyber-
phantom 2 

Cyber-
phantom 3 

Cyber-
phantom 4 

Perspex 
Specimen 

H54 2.0287 2.0044 2.0737 2.0831 2.3372 
H75 2.0595 2.0255 2.0972 2.1045 2.4081 
H91 2.1002 2.0805 2.1398 2.1557 2.4699 
H99 2.1254 2.1082 2.1650 2.1788 2.4090 
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