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Abstract - This research has developed an algorithm for primary screening of pulmonary tuberculosis from chest radiographs
by using the image processing principle with Artificial Neural Network (ANN) to examine the preliminary features related to
the high incidence of pulmonary tuberculosis, namely Reticular Infiltration, Cavity, and Consolidation. The procedure was
then used to learn 14,000 chest radiographs and tested for preliminary screening on 6,000 test images. The test result found
that this method can process with an accuracy of 82.20%, a sensitivity of 86.80%, specificity of 79.59% and positive predictive

values of 77.37% compared with the radiologist.
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1. Introduction

Tuberculosis is the most common disease in Southeast
Asia. It causes disabilities and the highest mortality rate. The
World Health Organization (WHO) [1] indicated that
Thailand was one of the 14 countries with serious problems
with tuberculosis in three aspects: the incidents of
tuberculosis (TB), the coincidence of tuberculosis and human
immunodeficiency virus (TB/HIV) and multidrug-resistant
tuberculosis (MDR(-TB)). Normally, tuberculosis can be
found in all organs. However, pulmonary tuberculosis is the
most common case in Thailand, with an approximate
percentage of 80. The number of new patients with the
disease was over a hundred thousand per year in 2018. The
average number of patients with the disease in the country
was 108,000. It was found that there were 156 patients per
100,000 people [2]. According to the mentioned data,
pulmonary tuberculosis and the medical treatments by
physicians require pulmonary images to conduct chest
radiography [3 - 6], that is radiography taking the photos of
chests with X-rays on films and processing the photos for
physicians to analyze. It is a method providing clear images,
and there are studies about various chest radiographic
techniques [7-8].

Many studies used chest X-ray images to analyze
pulmonary tuberculosis. For example, H.Das et al. [9]
segmented the pulmonary images with the region-based
active contour. The segmented parts had outstanding
characteristics such as IH, GM, SD, HOG and LBP to
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classify the images into normal and abnormal images using
the support vector machine (SVM). It took 18 minutes to
search for an image. The sets of images were tested. Then,
there were developments in the analyses of the chest
radiographs using various artificial neural networks. For
instance, Y.Cao et al. [10] used mobile phones connected to
the clouds to screen the chest radiographs by improving the
accuracy and the classification of the outstanding
characteristics with the deep convolutional neural network
and SVM. However, there was the limitation that the size of
the inputs or images must be 227x227 pixels. On the other
hand, S.Hwang et al. [11-12] presented the screening
techniques with the artificial neural networks by using three
sets of data from the Korean Institute of Tuberculosis (KIT),
Montgomery College (MC) and Shenzhen College (SC).
Deep learning was also suggested. [13] Tawsifur Rahman et
al. [14] studied the nine layers of artificial neural networks.
The accuracy, correctness, sensitivity and specificity of the
diagnosis of tuberculosis with the radiographs were 96.47%,
96.62%, 96.47%, 96.47% and 96.51%. Eman Showkatian et
al. [15] proposed the accepted model for classifying the
artificial neural networks with an accuracy of 88.0%, the
sensitivity of 87.0%, the F1 score of 87.0%, and the
correctness of 87.0% and the AUC of 87.0%. The highest
efficiency of the automatic classification of the types of TB
was obtained. The accuracy, the sensitivity, the F1 score and
the AUC were 91.0%. The correctness was 90.0%. The
mentioned studies confirmed the accuracy and the
correctness of the artificial neural network algorithms. Thus,
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the researcher(s) presented the initial analysis of pulmonary
tuberculosis with chest radiographs by applying the artificial
neural network for medical benefits.

2. The Principles and the Designs
2.1. The Principles of the Artificial Neural Network

To initially screen the chest radiographs with the
artificial neural network implementation, the researcher
presented the structures of the artificial neural network that
consisted of four layers. The input layer has three neurons for
receiving the values of the characteristics from the previous
step. The recticular values include the infiltration cavity and
the Consolidation. If the neural cells collect the signals by
calculating the weighted sum of the inputs, the sum will be
analyzed and interpreted with the activation function. The
hidden layer has 10 neurons. The output layer displays the
numeral results in the binary system. The abnormality levels
of the chest radiographs consist of the normal level and the
TB candidate level, as shown in Fig. 1
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Fig. 1 The Structure of the Artificial Neural Network for Initially
Screening for the Pulmonary Tuberculosis from the Chest Radiographs

The outputs from the hidden layer are evaluated with
Equation 1
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The outputs from the output layers are evaluated by
Equation 2
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The error vector for the hidden layer can be
calculated with the equation
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The error vector for the output layer can be calculated
with the equation
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The weighted adjustments for the output and hidden
layers are as follows.
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2.2. The user interface designs.

The structure of the artificial intelligent network must be
used for initial screening for pulmonary tuberculosis from
chest radiographs. The network had to perform the learning
tasks, classify the forms of pulmonary tuberculosis and
memorize the forms for the initial analysis. To design the
user interfaces, the users must be able to conveniently and
instantly test the interfaces. The users must be able to
communicate with the system through the screens instead of
directly typing commands. The interfaces were developed
with Matlab, as shown in Fig. 2.
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Fig. 2 The Designs of the User Interfaces with MATLAB for Initially Screening for Pulmonary Tuberculosis from the Chest Radiographs with the
Artificial Neural Network

3. Methodology
The methodology consists of three processes. The 1st process is the preparation of the chest radiographs. The 2nd process

is the identification of the outstanding characteristics of the chest radiographs. The 3rd process is identifying the abnormality
levels of the chest radiographs. The processes mentioned above can be concluded as shown in Fig. 3.

Chest X-Ray Images — Pre-Processing ——» Feature Extraction
Normal
Neural Network Comparison with Normal
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Fig. 3 The Processes for Initially Screening for Pulmonary Tuberculosis from the Chest Radiographs with the Artificial Neural Network
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3.1. The 1% Process — The Preparation of the Chest
Radiographs

The chest radiographs were obtained from the three
chest radiograph databases as follows.

1. The 138 chest radiographs from the Montgomery
County Chest X-ray Set (MC), including the 80 normal
chest radiographs and the 58 radiographs related to
tuberculosis (TB related).

2. The 662 chest radiographs from the Shenzhen Chest X-
Ray Set (SC) consist of 326 normal chest radiographs
and 336 TB-related radiographs.

3. The 19,200 chest radiographs from the National
Institutes of Health (NIH) comprised 9,524 normal chest
radiographs and 9,606 TB-related radiographs.

All radiographs were taken with the computer
radiography (CR) system in the format of. PNG with 12 bits
in the grayscale mode. There were three sizes of the images:
4,020 x 4,892 pixels, 4,892 x 4,020 pixels and 3,000 x 3,000
pixels. The images were divided into two sets for training the
system to memorize the images and testing the computer’s
abilities to support the diagnosis of pulmonary tuberculosis:
14,000 images and 6,000 images, respectively. For the pieces
of training, each group had 7,000 images; For the tests, each
group had 3,000 images. The outstanding characteristics of
the images were adjusted before pre-processing. The
Hounsfield unit (HU) divided the grayscale into various
levels. The values were from: -1000HU to +1000 HU, as

shown in the following details.

- Air <-500 HU (the blackest black value)

- Fat <-90 HU

- Water and CSF = OHU

- Hematoma 50-90 HU

- Calcification >+80 HU

- Bone) >+500 HU (the whitest white value)

The homomorphic filter was used to increase the
radiographs' brightness and reduce the multiplicative noises
found in the radiographs. The rays with the inconsistent
intensities resulted in the bend edges of ribs and concealed
details. Then, the histogram equalization, the median filter
and the contrast-limited adaptive histogram equalization
(CLAHE) were used. The image segmentation was
conducted using the active contour model to specify the
lungs' shapes in the radiographs, as shown in Fig. 4.

©
Fig. 4 (A) The Original Chest Photographs (B) The Radiographs After
the Contrast Adjustment (C) The Images from the Active Contour
Model
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3.2. The 2™ Process — The Identification of the Outstanding
Characteristics in the Chest Radiographs

By adjusting the characteristics with the grayscale by
separating intensity and contrast, the adjusted grayscale will
be used for the reticular infiltration by using the opening
function for processing mathematical shapes and applying
the principle of image erosion. The image dilation follows it.
The erosion function can maintain the reticular infiltration in
the images while removing unwanted parts, while the
dilation function can improve the visibilities of the removed
parts. Then, the bones (collarbones and ribs) are removed by
comparing the values and subtracting the original images
before opening the images.

Then, the images are converted into binary images. The
pixel with a value higher than the threshold is 1 (white),
while that lower than the threshold is 0 (black). After that,
the noises are removed. The AND logic is used. The pixels
of the segmented images and the current images are
compared. If the values are equal, the value will be 1 (white)
and replace the points of the recticular infiltration. The
results from using the logic are shown in Fig. 5.

Fig. 5 The Areas of the Recticular Infiltration in the Chest Radiographs

Pulmonary tuberculosis has various chest radiographic
characteristics dependent on the pathology of the disease.
Some characteristics are specific to the disease, such as the
wounds of pulmonary cavities. Especially for upper lobes,
the patients with the wounds usually have tuberculosis
diagnosed from the stained sputum, as shown in Fig. 6.
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Fig. 6 The Characteristics of the Wounds of the Pulmonary Cavities on
the Chest Radiographs

Source: Dr. Wannabhorn Buriwong, the Teaching documentation about

Pulmonary Radiology

The grey level co-occurrence matrix (GLCM) is used to
identify the pulmonary cavities' wounds. Each pixel is
analyzed to examine the relationships of the two pairs of
GLCM at the different greyscale levels. The relationship
between the greyscale levels can be built by converting the
chest Radiographs into grayscale images. The light
dispersion is adjusted with the adaptive equalization
technique. The relationships can be identified with the matrix
to compare the grayscale levels of the lung parenchyma and
the wounds of the pulmonary cavities, as shown in Figure 7

A).

The image processing technique for identifying the dark
shadows of the pathological conditions of the Consolidation
starts by using the grayscale to adjust the characteristics of
the images before being processed. Then, the technique is
used to process the methematical shapes to remove the blood
vessels in the images and identify the dark shadows. The
collarbones and the ribs must be identified and removed from
the images to improve the accuracy of processing the images
used for the recticular infiltration because the dark shadows
have the outstanding characteristics shown in the grey
group(s) in the figure. To process the images, the differences
in the colors of the images, dark (black) and bright (white),
are used, as shown in Fig. 7 (B).



Sucheera Phramalaet al. / IJETT, 70(8), 318-326, 2022

Lung CXr

v

Grayscale Image

.

Adaptive Equalization

v

Gray Level Co occurrence
Matrix (GLCM)

v

Homogeneity

QY

Grayscale Image

Contrast
Enhancement

Adjust Image
Intensity value

A

Detection of
Consolidation

Bone Detection

| I

Remove Bone Image

Seamentation

‘

Remove of Dark
feature

I

Consolidation

B)

Fig. 7 (A) The Processes of the Identification of the Pulmonary Cavities
and (B) the Processes of the Identification of the Dark Shadows of the
Pathological Conditions of the Consolidation

3.3. The 3" Process - The Identification of the Abnormal
Values of the Chest Radiographs

To identify the abnormal values of the chest radiographs
by using the data for training and testing the abilities of the
artificial neural network with the 14,000 chest radiographs,
the images are divided into two sets: the set for training the
system to memorize the images and the set for testing the
abilities of the computer to initially diagnose pulmonary
tuberculosis. Each set has 3,000 images. These include the
3,000 normal chest radiographs and the 3,000 TB-related
images. After processing the images, the outputs are
presented in the binary system, as shown in Table 1.

Table 1. The Substitution of the Abnormal Numbers in the Chest
Radiographs

The severity of the disease Binary
Normal 00
Abnormal 10
(Suspect Pulmonary Tuberculosis)

The examples of initially screening for pulmonary
tuberculosis with the artificial neural network are displayed
on the user interfaces of MATLAB. After the users command
the system to analyze the data, the images are displayed on
the right window consisting of two parts: the upper window
showing the original images being analyzed and the images
from the lung segmentation as well as the lower window
showing the images from the feature extraction for the three
characteristics L  reticular infiltration, cavity and
Consolidation. The lower left window also shows the
calculation results of the areas of outstanding characteristics
and the abnormalities of the chest radiographs. The results
are normal or TB related, as shown in Fig. 8.
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Fig. 8 The Examples of the User Interfaces of MATLAB for Initially Screening for Pulmonary Tuberculosis from the Chest Radiographs with the
Artificial Neural Network

4. Results

The results from the initial screening for pulmonary
tuberculosis included the 14,000 images divided into two
groups: the normal group and the TB-related group. Each
group had 7,000 images. The number of images that tested
the system's accuracy for screening pulmonary tuberculosis
was 6,000. These images were divided into the normal group
and the TB-related group. Each group had 3,000 images. The
sensitivity, specificity and probability of pulmonary
tuberculosis were tested to check whether the values are
positive predictive by using Equations 7, 8 and 9. The
numbers are arranged in Table 2 [3] as follows.

Sensitivity =

A+C ()
Specificity = D
pecificity = B+D (8)
Positive Predictive Value = B+D (9)

Table 2. The Calculation of the Screening Efficiency

The Screening and confirmation from the
proposed clinic
screening
Test results Pathology

Diseased Not diseased
Positive (True Positive) A | (False Positive) B
Negative (False Negative) C | (True Negative) D

The results from testing the accuracy of the proposed
technique were as follows.

1. The results from processing and analyzing the chest
radiographs of the normal people or groups showed
2,647 correct images from the 3,000 tested images. The
accuracy was 88.23%, as shown in Table 2. Then, the
results from calculating the screening efficiency are
shown in Table 3.

Table 3. The Accuracy of the Proposed Technique
Picture The The The Accuracy
Group number | number | number (%)
of of of
images | images | images
training | testing | correctly
specified
Normal 7,000 3,000 2,674 88.23
with 7,000 3,000 2,321 77.37
pulmonary
tuberculosis
Total 14,000 6,000 4,968 82.80
2. The results from processing and analyzing the chest

radiographs of the patients with pulmonary tuberculosis
or the TB-related group showed 2,321 correct images of
the 3,000 tested images. The accuracy was 77.37%.
Generally, this study could initially check and screen
pulmonary tuberculosis. There were 4,968 images of the
6,000 tested images. The accuracy was 82.80%, as
summarized in Table 3
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Table 4. The Results from Calculating the Screening Efficiency

True True False False Positive Sensitivity Specificity Positive
Positive Negative Negative Predictive
Value
2,321 679 353 2,647 86.80% 79.59% 77.37%
The results from calculating the screening efficiency Then, the errors from the technique were as follows. The

must also be checked in the laboratory(ies) to confirm the chest radiographs of the patients with pulmonary tuberculosis
results. Therefore, the proposed technique in this study had a ~ were normal and did not have the three characteristics of the
sensitivity of 86.80%. It was at a high level. It can be patients with both pulmonary tuberculosis and HIV. The

improved actually to screen for pulmonary tuberculosis. patients with tuberculosis have milliary infiltration, hilar
adenopathy and diffuse pulmonary involvement that are
5. Conclusion and Discussion different from that without HIV.
The proposed technique in this study uses the
characteristics for identifying the relationships with Finally, the other errors were the normal images with an

pulmonary tuberculosis, including reticular infiltration, outstanding characteristics that met the threshold. The causes
cavities and Consolidation. The accuracy was 86.80%. The  of the errors could be the pathological conditions of other
accuracy level was quite high. It shows that the three  diseases such as emphysema, pulmonary edema, pneumonia,
characteristics are related to the disease. Hence, this confirms  atelectasis, pnemoconiosis, lung tumors and stage 1 lung
the potential for improving the technique for actually  cancer.

screening for pulmonary tuberculosis.
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