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ABSTRACT

Medical diagnostic and imaging system are ubiquitous in modern health care facilities. The
advantages of early detection of potential lesions and suspicious masses within the bodily tissue
have bheen well established. It can be detected and assessed many different types of injuries,
diseases and conditions with the aid of the medical imaging that allows medical personnel to look
into living cells non-instructively. Chronic Chstructive Pulmonary Disease (COFD) is the fourth
leading cause of death worldwide and the only chronic disease with increasing mortality rates.
COPD is the name for a group of lung diseases including chronic bronchitis, emphysema and
chronic obstructive airways disease. This study involves in improving the accuracy over the existing
technique using the adaptive region growing property and Adaptive-Neuro-Fuzzy Inference
System-ANFIS classifier. Initially, pre-processing is carried out for the input image by Adaptive
median Filter technique to make the image suitable for further processing. The contours of the
image will be obtained using region growing technique. The ANFIS classifier is then used to
confirm the suspected COPD cavities. The classification will be carried out by the features which
have been taken from the segmented image. The proposed technique is implemented in MATLAR
and the performance 1s compared with the existing technique. From the experimental result it can
be said that the proposed method achieved maore accuracy as compared with existing techniques.

Key words: Chronic obstructive pulmonary disease (COPD), medical imaging, ANFIS classifier,
adaptive median filter, local gabor XOR pattern

INTRODUCTION

The Medical imaging is cne of the most useful diagnostic tools available in modem medicine.
Medical diagnostic and imaging system are ubiquitous in modern health care facilities. The
advantages of early detection of potential lesions and suspicious masses within the bodily tissue
have been well established. COPD is a most important disease but under-recognized cause of
morbidity and mortality worldwide (Pauwels and Rabe, 2004). The occurrence of COPD in the
general population is predictable to be, ~1% across all ages rising steeply to >10% amongst those
aged 40 years. The occurrence climbs appreciably higher with age. The 30-yr for the global increase
in COPD is from 1990-2020 is surprising. COPD is projected to move from the sixth to the third
most common cause of death worldwide, at the same time as rising from fourth to third in terms of
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morbidity within the same time-frame (Murray and Lopez, 1997). The cofactors in charge for this
extraordinary increase are the continued use of tobacco, coupled with the changing demographics
of the warld, such that many more people, especially those in developing countries, are living into
the COPD range of age.

COPD occurrence is generally higher than recognized by health authorities (Pauwels ef al.,
2001; http:/fwww .goldecopd.org/). Few population-based occurrence surveys have been carried out
and prevalence estimates have repeatedly relied on expert opinion or self-reported doctor diagnosis,
a disreputably unpredictable source of information for COPD. For example, in the USA National
Health and Nutrition Examination Survey III, 70% of those with airflow obstruction had never
received the diagnosis of COFD (Stang et al., 2000), The IBERPOC study in Spain also reported
that there was no previous diagnosis of COFPD in 78% of identified cases and, even more worrisome,
only 49% of those with severe COPD were receiving some kind of treatment for COFD (Pena et al.,
2000). Recently, the Nippon COPD Epidemiology (INICE) study in Japan, presented the current
series, had a similar finding (Fukuchi ef al., 2004).

During the 1990s, surveys of asthma successfully identified a huge variations in asthma
occurrence in children and adults, as high as 20-fold. It shows that the geographical distribution
of COPD is more harmonized than asthma, at least in the developed countries. It seems that the
distribution of COPD follows the distribution of its risk factors very closely, of which smoking is
undoubtedly the most important worldwide. COPD 1s in the spothight of worldwide at the high
prevalence, morbidity and mortality present challenges for healthcare systems. From the
patient’s viewpaoint, it 1s also a disease that has a reflective effect on quality of life (Rennard ef al.,
2002). The burden of COPD can be assessed in a number of ways such as mortality, morbidity,
prevalence, disability-adjusted life years, cost and quality of life. A number of authors have
reviewed this topic in detail elsewhere (Viegi ef al., 2001; Loveymi et @l., 2011; Malik et ai., 2008),

In this study, first the input image 1s pre-processed; the lung region is segmented from that
image, segmented the cavity region in that lung region, extracted some features for training the
classifier and used the ANFIS classifier to identify the tuberculosis affected lung. The pre-
processing is done by using the Adaptive Median Filter to avoid the noise in the input image and
to increase the image quality. The cavity segmentation is done by evaluating the pixel range in the
segmented lung region and setting a threshold value from that evaluated pixels and comparing
every pixel with that threshold value. After the lung and cavity segmentation, some parameters
are chosen to train the classifier to identify whether an x-ray image 1s a normal or tuberculosis
affected. The classifier used in proposed technique is ANFIS classifier. The ANFIS Classifier 1s then
trained using the parameters chosen from the sample chest CT scan images to identify the normal
lung and tuberculosis affected lung.

RELATED WORK

The Computer-aided Diagnosis (CAD) system 1is used for early detection of tuberculosis in lungs
by analyzing chest 3D Computed Tomography (CT) images. The underlying idea of developing a
CAD system is not to delegate the diagnosis to a mechanism, but quite than a machine algorithm
acts as a support to the radiologist and points out locations of suspicious objects, so that the overall
sensitivity is raised. CAD systems meet four main objectives which are improving the quality and
accuracy of diagnosis, increasing therapy success by early detection of cancer, avoiding unnecessary
biopsies and reducing radiologist interpretation time (Magesh et al., 2011).
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Katoch (2004) explained that the diagnosis of tuberculosis is mostly based on clinical features,
demonstration of Acid Fast Bacilli (AFB) and 1solation of Mycobacterium tuberculosis from the
clinical specimens. These techniques have limits of speed, warmth and specificity. Several rapid
techniques for detection of early growth have been described for last two decades which can help
in obtaining the culture and sensitivity reports early. Important among such methods are BACTEC,
Mycobacterial Growth Indicator Tuber (MGIT) and Septi-chek, MB/BacT systems. This growth can
be recognized by rapid methods based on lipid analysis and specific gene probes, PCR-RFLF
methods and ribesomal RNA sequencing. Advance improvement in knowledge about genetic
structure of tubercle bacillus helps to develop gene probes and gene amplification methods for
detection of tubercle bacillus, from culture or directly in clinical specimens and molecular detection
of drug resistance. The gene probes can help in rapid identification of isolates, gene amplification
methods developed for diagnosis of tuberculosis are obviously highly sensitive especially in culture
negative specimens from different paucibacillary forms of disease. The molecular methods drug
resistant mutants for drugs like rifampicin can be detected with reasonable certainty within hours.
In recent years great advances have been made in Computer Aided Diagnosis (CAD) systems for
detecting disease from Computed Teomography scans, mainly due to the advances made in the
scanning machines which allow a greater amount and quality of information to be extracted during
a single breath of the patient. The use of textural analysis and pattern recognition techniques for
regression or classification is most suited to the evaluation of global conditions (e.g., Ground glass,
Emphysema) rather than local (small nodules) which won'’t be concerned with in this report. This
recent progress in CAD in Chest Radiclogy has been discussed in Giger ef al. (2001), where it has
been noted that the amount of 3-D image data from thoracic CT scans greatly increases the number
of images that much be reviewed by the radiolegist and therefore a search aid may be a great
benefit.

Uchiyama et al. (2003) said that the selected regions in 315 HRCT 1mages from 105 patients,
relating to six different patterns, i.e., ground-glass opacities, reticular and linear opacities, nodular
opacities, honeycombing, emphysematous change and consolidation, labeled by 3 radiclogists. The
lungs were first segmented, using standard technique, then divided into many contiguous regions
of interest (ROIs) with a 32x32 matrix and classified using artificial neural networks. The accuracy
varied from 88 to 100%, with specificity in detecting a normal ROT of 88.1%.

Sluimer et al. (2003) and Loveymi et al. (2011) presented a CAD system to automatically
distinguish normal from abnormal tissue in HRCT chest scans of 116 patients, producing 657 ROIs
labeled as containing normal or abnormal tissue. The circular ROIs with an 80-pixel diameter were
extracted from the peripheral lung region in slices at the height of the aortic arch, with each ROI
required to contain at least 75% abnormal tissue. An accuracy of 86.2% as obtained, comparable
to those of a radiologist when evaluating only the ROls, i.e., without seeing the whole scan.

Lee et al. (1997) explained that the digital CT 1s a technique used for recording images in
computer code as an alternative of on X-ray film. The images are displayed on a computer monitor
can be enhanced or lightened or darkened hefore they are printed on film. Images can also be
manipulated; the radiologist can magnify or zoom in on an area. This screening will generate large
number of CT images to be determined by a small number of radiologists resulting in misdiagnosis
due to human errors caused by visual fatigue. The sensitivity of human eye decreases with
increasing number of images. Hence, it may be helpful for a radiologist, if a computer-aided system

is used for detection of tumours in CT images. Computer-aided detection (CAD) involves the use of
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computers to bring suspicious areas on a CT to the radiclogist’s attention. It is used after the
radiologist has done the initial review of the CT. There are several image processing methods

proposed for extract of tumours from CT 1mage for better view of area and shape of tumour.

PROPOSED TECHNIQUE FOR THE IDENTIFICATION OF CAVITY

The block diagram of the proposed approach is shown in Fig. 1. In this figure some sample chest
CT scan images are taken with COPD and without COFD. The sample images are then
preprocessed and then send for segmentation process. There segmenting the lung and cavity
regions. After the lung and cavity regions are segmented from the sample images, some parameters
are chosen to train the classifier. First the preprocessing is done to find weather the COFD is
affected or not. After the preprocessing process, need to segment the lung and the cavity region.
After that the chosen parameters are given to the classifier, here the ANFIS classifier is used. The
ANFIS classifier then identify whether the input chest CT scan image 1s affected by COPD or not,
by comparing the parameters from the sample images and from the input image.

Pre-processing: The input image is subjected to the pre-processing steps to make the image
suitable for further process. The pre-process is used to load the input image to the MATLAB
environment and it will remove the noise present in the input image. The image is passed through
the Adaptive median filter to lower the noise and to get a better image. The adaptive median filter

will also increase the image quality and the corner of the images.

Adaptive median filter: The standard median filter performs well as long as the spatial noise
density of the salt and pepper noise is not large. The filter performance degrades when the spatial
noise variance of the salt and pepper noise increases (Chen and Whu, 1998). Further with larger
image and as the size of the kernel increases, the details and the edges becomes chscured
{Maragos and Schafer, 1987). The standard median filter does not take into account the variation
of image characteristics from one point to another. The behavior of adaptive filter changes based
on statistical characteristic of the image inside the filter region defined by the m=n rectangular
window S, (Maragos and Schafer, 1987). The adaptive median filter differs from other adaptive
filter as the size of the rectangular window S, is made to vary depending on:

= Minimum gray level value in 5,

Maximum gray level value in 5,

Median of gray level in 5,

Ziin
Zmax
/A

Ly Gray levels at coordinate (x,v)

S = Maximum allowed size of 5, Gonzalez and Woods (2002)

The flowchart of adaptive median filtering 1s based on two levels 1s shown in Fig. 2.

The adaptive median filtering algorithm works in two levels, denoted by level 1 and level 2. The
application of AMF provides three major purposes: To denoise images corrupted by salt and pepper
{impulse) noise; to provide smocthing of non-impulsive noise and also to reduce distortion caused
by excessive thinning or thickening of object boundaries. The values Z_; and Z__ are considered
statistically by the algorithm to be “mpulse like’ noise components, even if these are not the lowest,

and highest possible pixel values in the image.
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Pre-processing the sample Segmenting the Segmenting the cavity
images using adaptive median ) lung region S region
filter

Input image to test

Fig. 1: Block diagram for proposed technique

Fig. 2: Flowchart of adaptive median filter

The purpose of LEVELL is to determine if the median filter output Z__,is impulse cutput or not.
If level 1 does find an impulse ocutput then that would cause it to branch to level 2. Here, the
algorithm then increases the size of the window and repeats level 1 and continues until it finds a
median value that is not an impulse or the maximum window size 1s reached, the algorithm returns
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Fig. 3: Two commonly used discrete approximations to the adaptive median filter

the value of Z, . Every time the algorithm outputs a value, the window S, is moved to the next
location in the image. The algorithm is then reinitialized and applied to the pixels in the new
location. The median value can be updated iteratively using only the new pixels, thus reducing
computational overhead.

Two commonly used small kernels are shown in Fig. 3. Because these kernels are approximating
a second derivative measurement on the image, they are very sensitive to noise. To counter this,
the image is often smoothed before applying the Adaptive median filter. This pre-processing step
reduces the high frequency noise components prior to the differentiation step.

Lung segmentation: Lung segmentation i1s a process of segmenting the lungs from the chest CT
scan image. The normal process of region growing technique for segmenting the lungs is shown in
Fig. 4. First choose a pixel from the chest CT scan image as default. Then need to set a threshold
value for comparison to find the pixel intensity for the lung area in the chest CT scan. The default
pixel which chosen is compared with the adjacent pixel values. If the difference between the default
pixel and the adjacent pixel is greater than the thresheld value, have to exclude that adjacent
pixel. If the difference between the default pixel and the adjacent pixel is less than the threshold
value, have toinclude that adjacent pixel for region growing. Compare all the pixels except the left
pixels with its adjacent pixels by keeping one pixel as default. The process of normal region growing
technique is shown in the Fig. 4.

In this study, comparing the normal region growing technique with the Local Gabor XOR
Pattern (LGXP) based region growing technique to segment the lungs from the chest CT scan
image. The LGXP technique is used to find the texture image.

The LGXPF based region growing technique is as follows. In LGXP technique, apply the Gabor
Phase Technique on every pixel in the chest CT scan image. The Gabor Fhase Technique will
convert all the pixel values to phase values (0 to 360). After converting all the pixel values to phase
values, find these phase values comes under which quadrant. Each quadrant has certain values.
For the first quadrant the value is zero and for the second quadrant the value is cne and for the
third quadrant the value is two and for the fourth quadrant the value is three. After that choose
a default phase value of a pixel and check under which quadrant this phase value comes and
assign respective quadrant value to that pixel. After assigning respective quadrant value to the
default pixel, check the adjacent pixel's phase values and assign the respective quadrant values
to those adjacent pixels. Then convert the adjacent pixel's value as zero which has the same
quadrant value of the default pixel. If the adjacent pixels value does not have the same quadrant
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If result<

Include threshold
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Fig. 4: Block diagram of normal region growing technique

value of the default pixel, convert the adjacent pixel’s value as one. Now the pixel values would be
like binary values as zeros and ones. After converting the pixel values as binary format, make that
binary format as decimal value and apply that decimal value to the default pixel. The process of
taking the binary value is shown in the figure. Likewise apply this LGXP process for all the pixels
in the chest CT scan by keeping one pixel as default. The sample process of LGXF technique 1s
shown in Fig. b.

The fundamental idea of technique (Zie et al., 2010) is to ease the sensitivity of Gabor phase
to the differing positions, whether two phases reflect same local feature must be determined in a
“looser” way. Specifically, if two phases belongs to the same interval (for instance: 00, 900), they
are believed to have similar local features or else they reflect different local features. In this section,
the LGXP descriptor is presented.

Figure 6 shows an 1nstance for the LGXP encoding method where the phase is quantized
into 4 ranges. In LOXP technique, phases are first quantized into disparate ranges and the LGXP
operator is applied to the quantized pixels of the central pixel and each of its neighboring pixels and
eventually the result of the binary labels are concatenated together as a local pattern of the central
pixel. In the Fig. 6a1s the matrix with initial phase of the pixels after applying the Gabor filter and
Fig. 6b 1s the result after quantization and Fig. 6¢ 15 the result after XOR comparison with the
center quantized value. From the matrix which we got after XOR comparison, we can deduce the
binary value obtained is 01011101 and its equivalent decimal value is 93. The pattern of LGXP in
binary and decimal form is as follows:

7
LGXE,, (P,) = (LGXPY,LGXBY™, ... LGXP!, )binary{Z?'l.LGXPljv }
i=1

pv? pv o 2

decimal

where, F_denotes the central pixel in the Gabor phase map with seale v and orientation , N is the
size of the neighborhood and:
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technique

Select default phase
value Quadrant of phase
value

Set default pixel and its Compare default and Assign values for
equivalent quadrant values adjacent phase values each quadrant
as zero and others as on

—_—
0 1 1 s
0 0
! ! 0 Binary code: 01100110
«—
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using the adjacent in the default pixel
pixel's quadrant vlaue

Fig. 5: Block diagram of LGXP Technique Local Gabor XOR Pattern (LGXF)

() (b) ©

95 328 145 1 3 1 0 1 0
212 135 78 > 2 1 0 > 1 0 1
158 188 254 1 2 2 0 1 1

Fig. 6{a-c): Example of LGXP method where the phase is quantized into 4 ranges, (a) Matrix with
initial phase of the pixels after applying the Gabor filter, (b) Result after quantization
and (¢) Rresult after XOR comparison with the center quantized value

LGXP, (i=1,2,....,N)

denotes the pattern ecalculated between F, and its neighbor P, which is computated as

follows:

LGXP), =q{®,,(P))®q(®,,(P)).i=12.....N

where, ¢, uv denotes the phase, denotes the LXP operator which is based on XOR operator, q
denotes the quantization operator which calculates the quantized code of the phase according to

the number of phase ranges:
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0,1fa=b
a®b=
{l, else
... 360%] 360%(1+1
q(q)”"(')):l’lf e 1<®uv(')<#,
1=0,1 b-1

where, e denotes the number of phase ranges. With the pattern explained above, one pattern map
is computed for each Gabor kernel. Thereafter, each pattern map i1s split into m non overlapping
sub blocks and the histograms of all the sub blocks of scales and the orientations are concatenated
to form the proposed LGXP descriptor of the input face image:

H 1 H

nOvom > e EE I UF R e E R 2 pO-lvs—1m )

where, H,, (I =1, 2,... ., m) denotes the histogram of the i sub block of the LGXP map with scale
v and orientation.

Cavity segmentation: After the lung segmentation, identify the cavities in the lung. The cavities
present in the lung region are an essential thing to identify the COPD affected lung. To identify
the cavity in the lung, set an adaptive threshold wvalue. The threshold value is chosen by
calculating the pixel range in the lung region and dividing that pixel range by two. After that,
compare the threshold with all the pixels. While comparing the pixels to the threshold value, if the
pixel value 1s greater than the threshold value then it would be the cavity region and if the pixel
value is less than the threshold value then it would be the lung region. Figure 7 shows the block
diagram for segmenting the cavity region from the lung region.

Feature extraction: After finding the regions, extract some features to diagnose the disease in
the lung. To discover the disease in the lung, have to feed the extracted feature into the classifier,
because the extracted features will give vital information about the region which is used to train
the classifier. In this study an ANFIS classifier 1s used for feature extraction. The features need to
extract are number of cavities in the lung region, minimum area of cavity region, maximum area
of cavity region, total number of pixels in each cavity, maximum repeated pixel intensity in the
cavity region and maximum repeated pixel in the lung region to find the total number of cavities
in the lung region. Because the normal lung would also have some cavities present in its region.
So to distinguish the normal lung image and the COPD affected lung should find the total numbers
of cavities present in the lung region and give the result to the ANFIS classifier.

Adaptive neuro-fuzzy inference system (ANFIS) classifier

Architecture of ANFIS: The ANFIS 1s a fuzzy Sugeno moedel put in the structure of adaptive
systems to make easy learning and adaptation (Jang, 1993). Such structure makes the ANFIS
modeling more efficient and less reliant on expert knowledge. To present the ANFIS structural
design, two fuzzy if-then rules based on a first order Sugeno model are measured:

« Rulel:If{xis A)and (yis B)then fl=px+qy+r)
¢«  Rule 2: If (x1s Ay} and (y1s By) then (f2 =p,x + q,y + 1)
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Fig. 7: Block diagram of cavity segmentation
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Fig. 8 ANFIS architecture

where, x and v are the inputs, A, and B, are the fuzzy sets, f are the outputs within the fuzzy
region precise by the fuzzy rule, pi; qi and ri are the design parameters that are determined
throughout the training proecess. The ANFIS architecture to put into practice these two rules is
shown in Fig. 8, in which a circle indicates a fixed node, while a square indicates an adaptive
node,

In the first layer, all the nodes are adaptive nodes. The outputs of layer 1 are the fuzzy
membership grade of the inputs which are given by

0! =p, (x),i=12, (1)
O =y, »(y).i=3.4 (2)

where, p,;(x), uB, ,(y) ean adopt any fuzzy membership function. For example, if the bell shaped
membership function is employed, p, (x) is given by:
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H{[x_ci”bl (3)
ai

where a,, b, and ¢, are the parameters of the membership function, governing the bell-shaped

funections, as a result.
In the second layer, the nodes are fixed nodes. They are labeled with M, indicating that they
carry out as a simple multiplier. The outputs of this layer can be correspond to as:

O =w, =p, (%), (¥),1=12 (4)

which are the called as firing strengths of the rules.

In the third layer, the nodes are also fixed nodes. They are labeled with N, indicating that they
play a normalization role to the firing strengths from the preceding layer.

The outputs of this layer can be represented as:

OP=w = i =12 (5)

i 1 ] ]

W, T W,

which are the so-called normalized ring strengths.

In the fourth layer, the nodes are adaptive nodes. The output of each node in this layer is
simply the product of the normalized firing strength and a first-order polynomial. Thus, the outputs
of this layer are given by:

O/ =wf=w (px+qy+1).i=12 (6)

In the fifth layer, there is only one single fixed node labeled with S. This node performs the
summation of all incoming signals. Hence, the overall output of the maodel is given by:

2
Ol5 :iwifl :M,izljz (7
io1 W, + W,

It can be experiential that there are two adaptive layers in this ANFIS structural design, that is
the first layer and the fourth layer. In the first layer, there are three changeable parameters
{a, b,, ¢} which are connected to the input membership functions. These parameters are the
so-called premise parameters. In the fourth layer, there are also three modifiable parameters
ip, q, ri}, pertaining to the first order polynomial. These parameters are so-called consequent

parameters (Magesh et al., 2011; Katoch, 2004).

TRAINING AND TESTING USING ANFIS CLASSIFIER
Some of the data features are to be taken to identify the normal lung region and COFD affected
lung by this the classifier 1s trained. The data features will then train the classifier and the
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classifier will find whether the given CT scan image is normal or abnormal. The data features
which have chosen for training the ANFIS classifier are number of cavities in the lung region,
maximum area of cavity in the lung region, minimum area of cavity in the lung region, total
number of pixels in each cavity, maximum repeated pixel in the cavity regions together and
maximum repeated pixel in the lung region. After computing all the data features, have to give the
values to the classifier. For instance, choosing three normal CT scan images and three abnormal
CT scan 1images, need to calculate all the six data features separately for all the CT scan images had
chosen. After calculating all the six data features for every chosen CT scan images, have to give
the result to the ANFIS classifier. Using those results train the classifier to identify the normal and
abnormal lung from the given CT scan image. After the ANFIS classifier is trained, give a new CT
scan 1mage to find whether it has COPD or not. Afterwards, the six data features such as number
of cavities in the lung region, maximum area of the cavity region, minimum area of the cavity
region, total number of pixels in each cavity, maximum frequent pixel in the cavity region and
maximum repeated pixel in the lung region are calculated for the new CT secan image. The
computed values of all the six data features are then give to the ANFIS classifier. The ANFIS
classifier is then comparing the values of all the six data features with the stored values of normal
and abnormal CT scan images. Because during training have stored all the six data features of the
five normal CT scan images and five abnormal CT scan images. After comparison, the ANFIS
classifier will identify whether the given CT scan image comes under normal category or abnormal
category.

RESULTS AND DISCUSSION

The experimental result 1s conducted in MATLAB. Figure 9 shows the normal and abnormal
lung images.

The sample images are taken and the images are filtered using Adaptive Median filter. The
filtering technique is used to remove the noises and it improves the quality of the images as shown
in Fig. 10.

The sample images after applied the filtering technique are given to the process of lung
segmentation. The lung segmentation process only segments the lung region from the sample CT
scan images. Figure 11 shows a sample image of segmented lungs with COPD and without COPD,.

After the lung 1s segmented from the sample images, have to segment the cavities from the lung
region. Using the cavities in the lung region identify whether alung is COPD affected or not.

Fig. 9(a-b); Sample images of normal and abnormal lungs images (a) Normal Image and (b)
Abnormal image
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E

Fig. 10(a-b): Sample image of lungs after filtering process {(a) Normal image after filtering process

and (b) Abnormal image after filtering process

Fig. 11{a-b); Sample image of lungs after segmentation process (a) Normal image after
segmentation process and (b) Abnormal image after segmentation process

Fig. 12(a-b); Sample image of lungs after segmenting the cavities (a) Normal image after
segmenting cavities and (b) Abnormal image after segmenting cavities

Figure 12 shows a sample image of segmented cavities and segmented cavities with CT scan image
for the COPD affected lung.

PERFORMANCE ANALYSIS USING EVALUATION METRICS

The evaluation of the COPD identification of the images is carried out using the following
metrics:

Sensitivity = TPHTP+FN)
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Tahble 1: Comparative analysis of existing technicque with proposed technique

Techniques TP TN FP FN Sensitivity Accuracy
SVM Technicque 3 9 1 1 0.9 0.857
Proposed ANFIS 1 4 1 0 0.43 0.989

Accuracy = (TN+TE)/(TN+TP+FN+FP)

where, True Positive TP, True Negative TN, False Negative FIN, False Positive FP.

Sensitivity 1s the proportion of true positives that are correctly identified by a diagnostic test.
It shows how good the test is at detecting a disease.

Accuracy 1s the proportion of true results, either true positive or true negative, in a population.
It measures the degree of veracity of a diagnostic test on a condition.

Table 1 shows the accuracy comparison between proposed technique and the existing technique.
The tabular column shows that the proposed technique gives better performance than the existing
technique.

CONCLUSION

In this study, proposed an efficient technique for the detection of COFD in the lungs using CT
scan Images. The proposed technique contains pre-processing, lung segmentation, cavity
segmentation, feature extraction, training and testing using ANFIS classifier. The ANFIS classifier
is efficient and simple in nature. The performance of the proposed technique and the existing
technique is analyzed using evaluation metrics. To evaluate these metrics, should need some terms
like True Positive, True Negative, False Positive and False Negative. After evaluating these metrics
it shows that the performance of proposed technique is better when compared to the existing
technique in terms of accuracy. The result shows that the accuracy of proposed technique higher
than existing techniques.
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