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Abstract— Texture analysis and classification is one of the biggest challenges in the field of computer vision and pattern recognition. In
this case, fractal dimension (FD) has proven to be a useful technique to characterize distinctive texture patterns. However, it could be
sometimes difficult to use this approach to extract descriptors as the fractal magnitude space usually fails in representing adequately the
richness of detail present in a unique feature vector. This paper proposes two new methods for emphysema patterns analysis and
detections. The first approach is the Higuchi fractal dimension, different methods of calculating the Higuchi’s dimension of digital images
would be used in this paper for identifying the region of interest (ROI) in images. The second idea applied the multi-fractal spectrum for
efficient identification of emphysema patterns in high resolution computed tomography (HRCT) images. The multi-fractal spectrum is a
graphical representation of FD values in different regions within the images, which can be used as a global descriptor for accurate pattern
recognition. The proposed algorithms have been applied to identify the locations and corresponding quantity of the emphysema patterns in
HRCT images. Some of the experimental analyses of the results are investigated using the statistical analysis to establish the relationship
between the ground truth patches and the HRCT image slices. It was concluded that the Higuchi’s dimension and the multi-fractal analysis
can be accurately used for detecting the regions with emphysema patterns.

Index Terms— Multi-fractal analysis, Holder exponent, fractal dimension, self-similarity properties, emphysema patterns.
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1  INTRODUCTION
Fractal dimension plays a central role in the theory of fractals and also in almost all applications involving fractals. Fractal di-
mension has the ability to characterize the irregularity of shapes, which other dimensions such as the topological dimension
may not be able to represent. The fractal dimension is used to estimate the size and roughness of fractal sets; it is a number asso-
ciated with a fractal that tells how densely the fractal occupies the underlying space. The computational methods that can be
used for the estimation of fractal dimension are the box counting and the Higuchi methods.
The fractal systems can fall into the category of mono-fractals whose characteristics are represented by a single exponent called the
fractal dimension. This concept can be generalized into a wider and more complex multi-fractal system characterized by a continu-
ous spectrum of exponents (called the singularity spectrum or multi-fractal spectrum). Thus, a multi-fractal system can be thought
of as a combination of several fractal systems collectively exhibiting a variation of fractal dimensions at different scaling exponents.
However, it should be noted here that multifractal analysis has not been used to characterize or identify multiple self-similar struc-
tures in an image. Since a fractal property can be considered as a statistical representation of roughness of the objects, a more
general multifractal descriptor encodes the statistical distribution of irregularities in an image, which can be used as just texture
feature descriptors for image analysis applications. Much work has been done on the region of interest identification by using
the general or classical approaches [1],[2] but not in multi-fractals. Multi-fractal features have been successfully used as a global
descriptor for efficient classification in biomedical images. A method for identifying the region of interest in a mammogram im-
age was developed by [3], and in [4], a model for multi-fractal analysis has been proposed for automatic detection of micro-
calcification in tissue images.
This paper therefore proposes two methods for efficient recognition of the emphysema patterns; the implementation of the Hi-
guchi’s dimension and the multi-fractal analysis of the image intensity. The proposed system would focus on detecting the em-
physema patterns by identifying the patterns within the images using some of the characteristic parameters in the extracted fea-
tures. The proposed ideas can be achieved in various ways; the absolute differences in the overall mean values of the Higuchi’s
FD values between the normal tissue images and the histological images could be used. The regions with the statistically signifi-
cant absolute mean differences contain the emphysema patterns while the regions without significant differences have no em-
physema patterns. In the case of multi-fractal, the same procedure can be used to differentiate between the regions with emphy-
sema patterns and those regions without patterns.

2  PREVIOUS WORK
The applications of fractal dimensions have also been previously used to locate and identify regions of interest in various digital
images [5], [6],[7]. The complexities of the images within different locations can be varied with different measures of fractal di-
mensions; the regions or sections with the emphysema in the CT images, for instance, are expected to be more complex than the
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other regions without, and would have higher values of fractal dimensions.
The author in [8] applied the multi-fractal characterizations of the images for edge detection. The process was achieved by using
the smoothing process, which is tantamount to the inverse of a classical approach. The good thing about this process is that the
information is neither lost nor introduced. The results of the segmentation are very excellent. One of the limitations in this case
is that the computational complexity is very high. In this paper, the multi-fractal analysis was introduced to detect micro-
calcifications. This was done by calculating the multi-fractal analysis and segmenting the images in an interactive manner in
order to find suspicious regions. The problem with this approach is that the segmentation method that was introduced may not
be able to detect patterns of diseases like emphysema since it is not visible like micro-calcification or other visible nodules.
Higuchi fractal dimension has also been used to diagnose patients with an Alzheimer disease. HRCT is a very effective scanning
method that is more sensitive than chest radiography in measuring the type, extent and distribution of emphysema. Some pa-
tients with early emphysema, particularly those with early disease might still have the symptoms and this is the stage where
HRCT is most useful.
Emphysema in HRCT is characterized by the presence of areas of abnormally low attenuation, which can be easily contrasted
with surrounding normal lung parenchyma [9],[10],[11],[12]. Emphysema can be classified into three different classes: (i) centri-
lobular emphysema (CLE), defined as multiple small low-attenuation areas, (ii) paraseptal emphysema (PSE), defined as multi-
ple low-attenuation areas in a single layer along the pleura often surrounded by interlobular septa that is visible as thin white
walls, and (iii) Panlobular emphysema (PLE), defined as a low-attenuation lung with fewer and smaller pulmonary vessels [9].
Previous studies have shown several ways by which the CT imaging could be used for early detection of emphysema in patients
with COPD [13].  HRCT of early centrilobular emphysema (CLE) shows uniformly distributed tiny areas of low attenuation
while in panlobular emphysema; HRCT shows either panlobular low attenuation or ill-defined diffuse low attenuation of the
lung. Paraseptal emphysema (PSE) is characterized by subpleural well-defined spaces [14].
The paper by Masashi [14] comprehensively described emphysema diseases, different classification of emphysema and their
properties. It was also demonstrated that features from HRCT images could form important quantitative measures for identify-
ing different classes of emphysema and the assessment of their severity.
The Holder exponent of the local distribution of the intensity measure has been previously implemented and applied for the
development of multi-fractal spectrum in CT images [15],[16],[17], [18],[19],[20],[21].
The computation of a multi-fractal descriptor depends on the calculated Holder exponent and fractal dimension, which have
been successfully used as a global descriptor for efficient classification in biomedical images. A method for identifying the ROI
in a mammogram image was developed by [3] . In [2], a model for multifractal analysis has been proposed to assist the radiolo-
gist in diagnosing the breast cancer. In this case, the regions containing the cancer nodule were identified and the developed
system presents very good classification accuracy in distinguishing the nodules locations between the regions with cancer and
the regions without.
Dubey and Singh [22] introduced a novel feature descriptor called Local Bit-Plane Decoded Pattern and used it for biomedical
image indexing and retrieval. Their experimental performance analysis using the 168 patches from the emphysema database
showed an average retrieval precision (ARP) of approx. 75% and average retrieval rate (ARR) of 88%. A similar image retrieval
system using local gray scale invariant features was proposed by [23] where they achieved an ARP of approx. 90% and an ARR
of approx. 52%. However, in this study, they used only 37 HRCT slices containing the lower part of the lung.
The Higuchi’s dimension for different channels of EEG signals was applied to identify the regions with Alzheimer's disease
(AD) [24]. The results showed that the AD patients have significant lower Higuchi fractal dimension values when compared
with the normal subjects. In [25], multifractal analysis has been successfully used to separate EMG signals with fatigue condi-
tions from those without fatigue conditions. The multifractal analysis extracted the characteristics of EMG signals for this com-
parison and the results demonstrated that the strength of multifractality is very high as the differences between the EMG signals
with fatigue conditions and nonfatigue regions are highly significant. Kara and Ertas [26] applied Uroflowmetry test to evaluate
urine flow rates and volumetric analysis of patients. The Higuchi’s fractal dimension computation for Uroflowmetry signals of
both abnormal and normal patients was implemented for analysing and investigating the characteristics of these signals. Mul-
tifractal analysis has been applied for various applications in biomedical images and the results accomplished so far demon-
strated the strength and capability of multifractal features [27]. In this paper, the introduction of Higuchi’s dimension would
help us to evaluate the performances of the local descriptor in the analysis of the emphysema patterns while the multi-fractal
analysis could be used for global descriptions of the image features.

3  EXPERMENTAL DESIGN FOR EMPHYSEMA DETECTION
The Higuchi’s method is an efficient way of calculating the fractal dimension of a curve that has found several applications in
the analysis of time series. Higuchi’s method is particularly suitable for a one-dimensional signal whose values at regular dis-
crete intervals are available in the form x(i),  i = 1, 2, ...N. Several new data point series are constructed using an interval length d,
and starting value index m:
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Sm(d) = { x(m),  x(m+d),  x(m+2d),  ... x(m+ pd) }           (1)
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The length of the series in Sm(d) = { x(m), x(m+d), x(m+2d),  ... x(m+ pd) }
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As in the case of the box-counting dimension, the Higuchi dimension DH  is also computed as the slope of a linear regression line
obtained using a log-log plot with log(d) along the x-axis,  and log(L(d)) along the y-axis.

An NxN image I(i, j) must be converted to one-dimensional data before the above method can be applied. A common approach
used for this is to add the values along each column to get a one-dimensional array of sums of pixel intensities:
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),(
,     j=1,2,..N.          (5)

In Higuchi’s dimension, the procedures for the extraction could be accomplished by using the horizontal row data of the image
slice or the vertical column data within the image for the computation of the Higuchi fractal dimension. The corresponding val-
ues for each row or column would be used to determine the slice or region that contains the emphysema patterns.
In this section, the Higuchi’s dimension has been implemented and applied for detecting the regions with or without emphyse-
ma patterns. The details of the procedures involving the detection of the emphysema regions using the Higuchi fractal dimen-
sion and the box counting are presented in Figure 1. The FD of subdivided images has been calculated by using the Higuchi
method and the box counting method. The Higuchi of each sub-image is computed for the normal tissues and emphysema im-
ages. The magnitude of the differences in FDs between the normal and the emphysema classes (CLE and PSE) would determine
the complexity of the images in those regions. The second part of the algorithm uses the box counting method for computing the
FDs in different regions of the images in order to generate the multi-fractal spectrum. The deviation in the FDs between the NT
and other classes in both approaches is the key to measure the tissue complexities that determine the quantity of the emphysema
patterns in a particular region. The calculated Higuchi fractal dimension for each sub-image across the slice and the correspond-
ing absolute differences are presented in the following section.
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                           Fig. 1.  System Overview of emphysema detection in HRCT images

4  RESULTS AND DISCUSSION
The results of the experiments, which show the group means and the corresponding p-values for each experiment are shown in
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Table 1. In each group, it has been established that the values of the group mean between the emphysema class of the ground
truth images and the corresponding sub-images extracted from the slices overlap each other and even the corresponding p-
values in each test show that there is no significant differences between the images.

TABLE 1
INTRA-CLASS VARIATION BETWEEN THE PATCHES AND CORRESPONDING SUB-IMAGE SLICES

Patches/Slices Mean1 Mean2 P-values

NT1-NT1 1.9915 1.9949 0.2947

CLE1-CLE2 1.9915 1.9961 0.2907

PSE1-PSE1 1.9925 1.9965 0.2919

The visual representation of the multi-comparison results demonstrating the graph of the estimates with comparison intervals
between the group means of the normal tissues of the ground truth images and the image slice sub-regions are presented in Fig-
ure 2.

           Fig. 2.  Group means between the normal tissues of the ground truth and sub-regions of slices.

Each emphysema image is subdivided into 12 sub images and the differences in FD for each sub image is calculated between the
normal image and the images with the emphysema patterns. The calculated Higuchi fractal dimension for each sub-image
across the slice and the corresponding absolute differences are presented in Table 2. The results presented in Table 2 show that
the FD differences between the normal and emphysema images (CLE and PSE) range between 0.0258-0.7082 and 0.0105-0.3525
for the NT-CLE and NT-PSE respectively. It is noted that the differences in FDs values are statistically significant at some re-
gions but not statistically significant in some other regions.
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The differences in the FDs in the regions that are statistically significant using the analysis of variance (ANOVA) indicate the
presence of emphysema, with a p-value < 0.0001. The NT-CLE range of FD differences detects more presence of emphysema
than the NT-PSE. Although, very large FD differences in both CLE and PSE show the presence of large emphysema in the imag-
es.

TABLE 2
HIGUCHI FDS OF EMPHYSEMA IMAGES

FD of the emphysema images using the Higuchi dimension method

M.   Locations NT-FD CLE-FD PSE-FD |(NT-CLE)| |(NT-PSE)|

E11 1.114 1.0734 1.145 0.0406 0.031

E12 1.3131 1.5 1.0299 0.1869 0.2832

E13 1.2569 1.3059 1.0661 0.049 0.1908

E14 1.0982 1.0724 1.2018 0.0258 0.1036

E21 1.0982 1.8064 1.4507 0.7082 0.3525

E22 1.4198 1.507 1.3635 0.0872 0.0563

E23 1.5987 1.3909 1.5404 0.2078 0.0583

E24 1.5478 1.4341 1.4494 0.1137 0.0984

E31 1.1505 1.1799 1.161 0.0294 0.0105

This result also indicates that a large number of image subdivision is important for the detection and location of emphysema
images, take for instance, it was verified experimentally when the whole HRCT image is divided into four sub images, the dif-
ferences in the FD is not much between the Normal and the emphysema images, the differences in FD are not statistically signif-
icant, but an increase in the number of image subdivisions could improve the detection accuracy since the emphysema will usu-
ally occupy small position within the images. The reason for estimating the FD of different parts of the HRCT images is because
higher FD values could be associated with tissue complexity due to the presence of emphysema. In all cases, the parts of the im-
age with emphysema showed significantly higher FD values compared to the regions without FD values.
The overall result in Table 2 has been very good in terms of detecting the emphysema; the regions that clearly indicate the pres-
ence of emphysema are those where the Higuchi FD differences are statistically significant. The detections of the emphysema in
the CLE image can be observed in different regions compared to the PSE image and they are of different quantities since the
quantity of the emphysema detected directly depends on the magnitude of the FD differences between the normal and the em-
physema images. The exact position of the emphysema can be identified by using the FD differences, but in the Table 2, the
changes in FD between the normal and emphysema images in the cell locations (1,2 and 2,1) are statistically significant in PSE
image and only cell location 1,2 in CLE image. These significant differences indicate the presence of emphysema patterns in
these locations. The remaining locations fail to show the presence of emphysema since the changes in FD vary only in the range
of 1-2% and the variations in FD are not statistically significant. Generally speaking, the FD values in the cell locations in the
normal images are less than the CLE images and that of the CLE images are less than the PSE images.
Though, this is not true in some locations, but in most cases as presented in Table 2, the higher the complexities of the image
tissues, the higher the FD values of the corresponding locations and thus the higher the presence of the emphysema in that loca-
tion. The visualization of the FDs values for the three classes of the emphysema images are plotted against the corresponding
sub images and the results are presented in Figure 3. This is in line with the previous explanations, the 12 sub-images number
on the x-axis is when the image slice is arranged from left to right and from top to bottom. The FD values of the CLE sub-images
are more discriminating in some sub-images, especially among sub-images 2, 5 and 11 than others, and the FD values of the
normal NT slice are generally lower than the pathological images apart from the sub image 7 when its FD value is higher than
the corresponding FD value of the PSE.
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Fig. 3.  FD of CT emphysema images against the corresponding sub-image number.

In Figure 4, the FD differences between the normal image and the emphysema images are plotted against sub-images. The nor-
mal NT-CLE has higher FD differences than the NT-PSE in some sub-images while the NT-PSE also has higher FD differences in
few sub images than NT-CLE. This means there is a presence and detection of more emphysema patterns in the CLE than the
PSE image slice since the FD differences in NT-CLE are generally higher in most sub-images than that of NT-PSE.
Another procedure that would be investigated is to compare the calculated multi-fractal spectra of each sub-image slice in order
to determine the location and the presence of the emphysema by using the shape generated by the multi-fractal spectrum. Multi-
fractal can be described as the generalization of fractal dimension, that is, it would calculate the FDs at the different step inter-
val.
The multi-fractal method for detecting the ROI of the HRCT images has been implemented using the box counting method, the
calculated FD of different regions of the image slice has been used for the computation of the multi-fractal spectrum.
The experiments were conducted using the multi-fractal methods on the same sub-divided images of the CLE used in the Higu-
chi method. It was discovered that the locations with the presence of emphysema in the Higuchi method, that is, the regions
with the largest FD differences when compared with the normal images also gave the best spectra in the multi-fractal.
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Fig. 4.  FDs differences between the NT and the pathological images.

For instance, the results of the multi-fractal spectra for the sub-images at the matrix locations 1,2, 2,1 and 3,2 are shown in Figure
5b while other regions are considered as noise. For example, the multi-fractal spectra of other three selected regions without
emphysema are presented in Figure 5a, as can be seen; the spectra in Figure 5a are not as clean as the spectra in Figure 5b. Fur-
thermore, the higher the Higuchi FD values as shown in Table 2, the better the spectrum of the corresponding sub-images. For
example, the multi-fractal spectrum of the image with the highest Higuchi FD (FD = 1.8064) is better than the spectra of the im-
ages with the FD values of 1.5 and 1.1834, and would automatically detect more emphysema than other spectra with lower FD
values.
In Figure 5, the spectra in the first row for the sub images (Figure 5a) are smaller than the spectra of the sub-images with the
presence of emphysema (Figure 5b). The Holder exponent alpha ranges from 1.5 to 2.1 ( ) in the regions without
emphysema while the alpha ranges from 1.4 to 2.7 ( ) in the case of the regions with the detection of emphysema. It
was observed that the sizes of the multi-spectra in the images with emphysema are generally larger than the sizes of the spectra
with the images without emphysema; therefore, singular exponent alpha is an important parameter in the identification and
detection of emphysema. This is in line with the results in Table 2 that uses Higuchi dimension for the computation of fractal
dimension. The higher the FD values of the region the greater the multi-fractal spectra of the regions, the greater the detection
and the identification of the emphysema.
On the other hands, the regions with higher FD values or greater spectra would detect more emphysema than the regions with
lower FD values or smaller spectra. This is an indication that the fractal dimension in the case of emphysema CT regions has
singularities degree higher than the normal case or the regions without emphysema.
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Fig. 5.  Multi-fractal spectra of PSE sub-images.

The higher FD values or multi-spectra with larger high and width in some sub-images are due to the complexities of the tissue
in that region due to the presence of emphysema. The degree of the singularities exponent can also be used to determine how
severe the presence of emphysema in the region is? It has been noted that the spectra of all sub-images without emphysema are
exactly the same such that any deviation of a spectrum away from the normal spectrum would indicate the presence of emphy-
sema in that region.  The details of the process of detecting emphysema in CT images using the calculated multi-fractal spectra
are presented in Figure 6. Distinct deviations can be observed between the spectra of the normal image and the pathological
images in terms of the minimum and maximum values of local and global information (α, f(α)). This deviation is an indication of
the presence of emphysema in that sub-image as can be seen in Figure 6.
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     Fig. 6.  System overview of the emphysema detection using the box counting method

5  CONCLUSIONS

The research work in this paper has presented some of the applications of fractal dimension in CT emphysema images. The Hi-
guchi fractal dimension of the CT image has been used to identify and detect some of the regions of the image with the presence
of emphysema.
It was discovered that the regions with the higher values of FD contain the presence of emphysema due to the image tissue
complexities within the regions, while the detection of emphysema fails in those regions with lower FD values.
The multi-spectra obtained from the multi-fractal dimension computation showed the effectiveness of the global descriptions for
identification and detection of ROI in HRCT images. The calculated spectrum parameters of HRCT images have been successful-
ly applied to detect and identifying the regions with emphysema patterns in different types of lung tissue layers.
The useful features extracted from the image textures showed excellent performance. The methods demonstrated to be a very
good measure and accurate enough to separate the regions with emphysema patterns from the regions without emphysema
patterns. The results show that the multi-fractal spectrum of the CT images could also be used to detect the presence of emphy-
sema as it is in line with the performance of the Higuchi’s dimension.
Further research work could be done in this area by applying better methods in terms of accuracy and efficiency for calculating
the fractal dimension of the CT images or improving the computational accuracy and time complexities of the algorithms. This
research approach can also be further extended by applying Higuchi’s method in a multi-fractal framework, such that the multi-
fractal spectra of digital images can be calculated using the Higuchi’s dimension and this can probably improve the recognition
accuracy.
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