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Abstract
Tuberculosis (TB) is known as a potentially dangerous and infectious disease that affects mostly lungs worldwide. The

detection and treatment of TB at an early stage are critical for preventing the disease and decreasing the risk of mortality

and transmission of it to others. Nowadays, as the most common medical imaging technique, chest radiography (CXR) is

useful for determining thoracic diseases. Computer-aided detection (CADe) systems are also crucial mechanisms to

provide more reliable, efficient, and systematic approaches with accelerating the decision-making process of clinicians. In

this study, we propose voting and preprocessing variations-based ensemble CNN model for TB detection. We utilize 40

different variations in fine-tuned CNN models based on InceptionV3 and Xception by also using CLAHE (contrast-limited

adaptive histogram equalization) preprocessing technique and 10 different image transformations for data augmentation

types. After analyzing all these combination schemes, three or five best classifier models are selected as base learners for

voting operations. We apply the Bayesian optimization-based weighted voting and the average of probabilities as a

combination rule in soft voting methods on two TB CXR image datasets to get better results in various numbers of models.

The computational results indicate that the proposed method achieves 97.500% and 97.699% accuracy rates on Mont-

gomery and Shenzhen datasets, respectively. Furthermore, our method outperforms state-of-the-art results for the two TB

detection datasets in terms of accuracy rate.

Keywords Tuberculosis detection � Pattern recognition � Deep learning � Fine-tuning � Image processing �
Voting � Ensemble learning � Augmentation � CLAHE

1 Introduction

Infectious diseases are disorders caused by many patho-

genic microorganisms, such as bacteria, viruses, and par-

asites [37]. The diseases can be directly or indirectly

passed from one person to another. Some infectious dis-

eases can be spread by insects or different animals.

Tuberculosis (TB), coronavirus, and malaria are crucial

examples of serious contagious diseases.

TB is caused by the bacterium called Mycobacterium

tuberculosis (MTB) [33]. It often affects the lungs, but TB

bacteria can harm other parts of the body such as kidney

and brain [6]. This disease is transmitted through the air

from person to person. TB disease is a major health threat

for the people (particularly adults) of developing countries

especially in the African and South-East Asian regions.

According to the WHO, 10 million people fell ill with this

disease and a total of 1.5 million people died from TB in

2018 [38]. TB is curable and preventable if necessary TB

diagnosing, treatments are done and drugs are used prop-

erly, otherwise, the disease can be fatal.

Diverse medical imaging modalities like computed

tomography scan (CT) and chest X-ray are applied for

identifying lung diseases. Chest radiography or chest X-ray

(CXR), known as the most common imaging modality, is

utilized to detect/diagnose conditions of lung abnormali-

ties, particularly pulmonary TB [27]. CXR is a rapid,
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essential, highly sensitive, affordable, and primary medical

imaging tool for early detection of TB [39].

With the widespread of technological devices, the

computer-aided detection/diagnosis (CADe)/(CADx) sys-

tems gain importance by providing more accurate, efficient

solutions to expert radiologists for speeding up their deci-

sion-making process. Nowadays, deep learning approaches

(e.g., convolutional deep neural networks (CNN)) beat

results for many artificial intelligence-related fields such as

image classification, natural language understanding, and

speech recognition with the increase in computation power

(i.e., GPU and CPU) and data volume [19]. In addition to

the deep learning, ensemble learning (e.g., voting mecha-

nisms) fuses the results of various learning models to

achieve better predictive performance for machine learning

tasks [9]. At the present time, ensemble learning approa-

ches are considered as giving state-of-the-art results for

solving machine learning challenges [28, 34].

In this study, we propose an ensemble deep learning

method that selects the best pipelines employing different

preprocessing, augmentation alternatives, and CNN models

for tuberculosis detection. We utilize the voting-based (i.e.,

soft voting and Bayesian optimization-based weighted

voting) ensemble of various fine-tuned CNN models (i.e.,

InceptionV3 and Xception) with the preprocessing (e.g.,

Contrast-limited adaptive histogram equalization

(CLAHE)) and image data augmentation (e.g., translation,

rotation, and scaling) variations for TB detection. Fur-

thermore, we calculate the mean performance values (i.e.,

accuracy rate (%) and AUC (Area Under ROC Curve)) on

different train-test sets and analyze comprehensive exper-

imental results for getting reliable results and improving

TB detection performance.

The main contributions of the study are summed up as

follows:

– As far as our knowledge, our study includes the first

method that uses both variations in preprocessing and

image augmentation techniques with various voting

schemes to fine-tune different CNN models for perfor-

mance improvement in TB detection.

– We focus on merging the advantages of the image

processing, deep learning, and ensemble learning

techniques for image classification on two common

TB datasets (namely Montgomery and Shenzhen).

– We introduce a significant time-efficient approach to

the fine-tuning process by applying all preprocessing

operations as a whole on the images before the fine-

tuning process.

– It is aimed to figure out the best combination of models

on the fine-tuning process for more efficient and

accurate voting operations.

– The extensive effects of the combinations of two image

preprocessing types, ten different transformations of

image data augmentation, and two pre-trained CNN

models are revealed to fine-tune various CNN models

for TB detection.

– The performances of voting-based algorithms are

measured with a various number of learners in detail.

– We outperform the results of state-of-the-art methods

for tuberculosis detection on commonly used two CXR

image classification datasets in terms of accuracy rate.

The remaining sections of this study are structured as fol-

lows: First, we briefly explain the important previous

works and summarize various methods related to tubercu-

losis detection in Sect. 2. We present CNN models and

describe our method in the third section. After the exper-

imental procedures and the evaluation metrics are descri-

bed, we give the computational results in detail in Sect. 4.

Section 5 contains the conclusion, discussion of the results

and also possible recommendations for future studies.

2 Related works

In recent years, studies of researchers for TB detection with

CADx systems particularly are categorized into two clas-

ses: (1) machine learning-based methods (2) deep learning-

based approaches [7, 20, 22, 27, 35, 36, 39]. For machine

learning-based systems, traditional handcrafted feature

extraction methods and different learning models are uti-

lized in this context. For deep learning-based approaches,

pre-trained CNNs are used for the deep (learned) feature

extraction process. All studies related to this field con-

tribute to the detection/diagnosing process by automation

of analyzing CXR images, speeding up operations,

increasing the quality of TB detection, and improving the

performance.

As conventional handcrafted feature extraction-based

TB detection approaches, in [22], a wavelet transform is

proposed for TB detection. They acquired thirty line pro-

files and applied one-dimensional discrete wavelet trans-

form to the profiles to obtain Daubechies coefficients.

Then, the coefficients are used as features for identifying

TB. In [36], a fully automatic method is introduced to make

a decision on CXRs using texture patterns. To this end, the

lung fields are divided into parts and analyzed each part

individually. Afterward, various texture features (e.g.,

second, third, and fourth moments) are extracted by

applying multi-scale filter banks. Furthermore, k nearest

neighbors (K-NN) algorithm is utilized for classifying

texture patterns in the range from zero (normal) to one

(abnormal).
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In [7], the histogram of oriented gradients (HOG),

Gabor, gist, and pyramid histogram of oriented gradients

(PHOG) features are extracted from images to diagnose TB

without segmentation. The results demonstrated that

extracted features improved efficiency of discrimination

between the TB and non-TB all CXR images than gray

level co-occurrence matrix (GLCM) textural features. In

[35], the authors develop a set of feature extraction meth-

ods (e.g., shape and texture features) with a wrapper-based

feature selection strategy to identify normal and TB CXR

lung images. They obtain 78.3% accuracy (ACC) and 0.87

AUC values for the Montgomery dataset, 95.57% ACC,

and 0.99 AUC values for the Shenzhen dataset.

As deep learning-based methods using CNN models,

[11] carried out an ensemble approach by employing three

pre-trained CNNs to classify X-ray images of patients for

tuberculosis detection. At preprocessing stage, they dupli-

cated every image by horizontally mirroring them and

applied histogram equalization or CLAHE to every image.

Ensemble of ResNet50, VGG19, and InceptionV3 models

are used for classification.

An ensemble of fine-tuned CNNs is also used in another

study [18] to classify medical images from the Subfig-

ure Classification dataset from the ImageCLEF 2016 col-

lection. They developed a new feature extractor by fine-

tuning CNNs. AlexNet and GoogLeNet CNN architectures

are used with softmax and one-vs-one multi-class SVMs

classifiers.

Lung region symmetry is also considered to detect

pulmonary abnormalities [29]. The study stated that

Abnormal Posteroanterior chest radiographs (CXRs) tend

to reflect changes in lung content (textures), size, and

shape. By using that fact, they analyzed lung region sym-

metry using edge plus texture features and multi-scale

shape features. Their classification architecture consists of

voting-based combination of multilayer perception neural

networks (MLP), bayesian network, and random forest.

Montgomery County, Shenzhen, China, India, and New

Delhi data collections are used. Their method achieved

91.00% accuracy and 0.96 AUC for abnormality detection.

There is also a study that takes speed and efficiency in

first place while preserving accuracy for X-ray tuberculosis

screening [23]. They also used visualization capabilities of

CNNs by testing saliency maps and gradCAMs as tuber-

culosis visualization methods. They implemented simple

CNN optimized for the problem. Montgomery and Shen-

zhen datasets are used for experiments.

In [13], computer-aided diagnosis (CAD) system is

developed based on deep CNN for tuberculosis screening.

They added one extra convolution layer to Alexnet CNN

architecture for feature extraction. They used Montgomery,

Shenzhen, and the Korean Institute of Tuberculosis

datasets. The effects of transfer learning are also analyzed

with experiments.

In [20], the authors introduce three different CNN-based

methods for tuberculosis detection. For all schemes, the

pre-trained CNNs are fundamentally utilized as feature

extractors to detect the disease in this scope. In the first

scheme, deep features are extracted from different pre-

trained CNNs such as GoogleNet and ResNet. Then,

obtained features are given into the support vector machine

(SVM) classifier for TB detection. In the second scheme,

the bag-of-words (BOW) model and three different deep

feature sets from various CNNs in subregions of images

with the SVM classifier are used for this purpose. As a final

approach, an ensemble of deep feature sets is employed.

They achieve values of 82.6% and 84.7% in terms of

accuracy, in addition to values of 0.926 and 0.926 in terms

of AUC on Montgomery and Shenzhen datasets,

respectively.

In [27], both of using handcrafted (i.e., local and global

feature descriptors such as GIST and HOG) and deep

features are proposed to increase TB visual recognition

performance. The authors also make use of a stacking

generalization of classifiers to improve accuracy. In this

regard, the SVM and the logistic regression (LR) classifiers

are used as a base learner and meta learner, respectively.

They reach promising values of 87.5% and 93.4% in terms

of accuracy, in addition to values of 0.962 and 0.991 in

terms of AUC on Montgomery and Shenzhen datasets

concerning the results of state-of-the-art methods,

respectively.

In [39], hybridization of extracted large-scale of deep

features from diverse pre-trained CNNs and handcrafted

features is combined with a feature selection algorithm

(i.e., particle swarm optimization (PSO)). Then, the fea-

tures are given into an optimized SVM classifier with the

Bayesian optimization algorithm. They also use CLAHE

preprocessing method to improve image contrast and

quality. Their study achieves state-of-the-art results on

commonly used two TB detection image datasets (i.e.,

Montgomery and Shenzhen). These values are 92.7% and

95.5% in terms of accuracy, and 0.995 and 0.995 in terms

of AUC on Montgomery and Shenzhen datasets.

In [34], six voting combination rules are applied

(namely weighted probabilities, the product of probabili-

ties, maximum probability, the average of probabilities,

minimum probability, and median) for ensemble learning

of fine-tuned CNN models on food image recognition

datasets for the obesity problem. The author reaches out-

standing image classification/recognition results on the

three datasets used.

As expressed in the related studies and introduction

section, there are many variations and applications of

convolutional neural networks in medical image
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classification. However, as far as we know, there are no

published studies considering and analyzing the results of

fusing the various fine-tuned CNN models by focusing on

different combinations of augmentation and preprocessing

techniques on TB detection.

3 Methods

In this section, firstly, the overview of the proposed method

is presented. Then, we describe various image prepro-

cessing techniques (namely CLAHE and image data aug-

mentations), the used pre-trained CNN models (namely

InceptionV3 and Xception), fine-tuning of the CNN mod-

els. Finally, we also explain the voting-based ensemble

learning processes in the following subsections in detail.

3.1 The overview of the proposed method

The overview of the proposed method that utilizes diverse

preprocessing and pre-trained CNN models is shown in

Fig. 1. The method consists of two stages: (1) Classifier

model generation based on InceptionV3 and Xception and

(2) Ensemble learning with selected models according to

their performance values.

First of all, TB CXR datasets and predefined segmented

CXR images are obtained and prepared for further opera-

tions. Then, the classifier generation (i.e., fine-tuned CNN)

phase is implemented with the specified options on the

training set of images. The method consists of three main

variation types for fine-tuning: (1) preprocessing types (2)

transformations for image data augmentation (3) pre-

trained CNNs. After the model generation process, 40 fine-

tuned classifier combinations are generated, the ranking of

all models and selection of best n ¼ 3 or five models are

yielded according to the performance measure (i.e., accu-

racy rate). Furthermore, the ensemble of several the best

models is employed in the voting-based ensemble learning

process to achieve the final classification task on the

datasets used. Each stage is described in the following

subsections in detail.

No 
Preprocessing

CLAHE

Rand X 
Reflection

No 
Augmentation

Rand Y 
Reflection

Rand Rotation

Rand X Scale

Rand Y Scale

Rand X Shear

Rand Y Shear

Rand X 
Translation

Rand Y 
Translation

InceptionV3
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...Segmented 
TB 

Images

Dataset
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Fig. 1 The overview of the

proposed method
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3.2 Image preprocessing

Image data preprocessing is a series of the operations

related to facilitating of further processing process. For

example, removing noise of image, improving the quality,

image resizing, data augmentation, histogram equalization,

and contrast operations (e.g., CLAHE). The preprocessing

stage assists the following related stages such as segmen-

tation, model construction, and classification to improve

performance.

3.2.1 CLAHE

CLAHE, known as contrast-limited adaptive histogram

equalization, refers to a type of adaptive contrast

enhancement method. CLAHE, developed by Pizer et al.

[25, 26], is based on adaptive histogram equalization

(AHE) that computes diverse histograms for each distinct

subregion of an image. AHE is useful for enhancing edges

of each distinct image regions and improving local

contrast.

For CLAHE, the enhancement computation is updated

by getting a user-specified maximum clip level value, and

thus on the maximum contrast enhancement factor [24].

Then, the neighboring image regions are merged with

bilinear interpolation to eliminate artificially stimulated

boundaries of regions [43]. This method is especially

suitable for medical images to increase image quality and

contrast [24, 39]. CLAHE operation on an image of the

Montgomery TB dataset is shown in Fig. 2.

3.2.2 Image data augmentation

One of the important image preprocessing techniques is

image data augmentation that synthetically increases all of

the size, diversity, and quality of training images without

needing additional memory for storage on deep learning

applications. As one of the common regularization tech-

niques, data augmentation reduces the risk of model

overfitting and poor performance in the process of deep

learning model construction [4]. This process is yielded by

applying different input transformations that keep corre-

sponding output labels.

The common transformations for data augmentation can

be implemented in various ways: (1) reflection at x or

y axis; (2) rotation at some degrees; (3) scaling horizontally

or vertically; (4) shearing at x or y axis (5) translation at

x or y axis. The task of image data augmentation is used to

take into account these several invariances in addition to

the image dataset. So the final learning models will per-

form well despite these challenges [30]. Representative

examples of a TB image for the Montgomery dataset

[1, 15] are illustrated in Fig. 3.

Image augmentations have also been observed to

improve convergence, generalization ability, and robust-

ness of samples and have more advantages compared to

other regularization techniques [4, 12]. The limited size of

datasets is a particularly widespread case in the field of

medical image analysis because of expensive and labor-

intensive procedures to collect [30].

3.3 Pre-trained CNN models

A pre-trained CNN is a type of network which is trained on

a large-scale benchmark dataset to solve a problem similar

to the handling of our related task. InceptionV3 and

Xception are two of the examples of pre-trained network

models [17]. Pre-trained CNNs allow to use a trained

model as a starting point for different analogous problems

instead of training a model from scratch. Therefore, they

Fig. 2 Example of the CLAHE

operation on an image of the

Montgomery dataset (i) Original
image (ii) The image after

CLAHE operation
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can provide speed, time, and performance efficiency for the

corresponding process.

InceptionV3 and Xception are the pre-trained network

models trained on millions of images from the ImageNet

database [14]. InceptionV3 and Xception networks are 48

and 71 layers deep, respectively, and they require an image

with input size of 299-by-299. While Inception considers

the problem of representational congestion and yields

efficient results with utilizing asymmetric filters and bot-

tleneck layer and replacing large-size filters with small

filters [17, 32], Xception gives easier and more efficient

results by independently applying cross-channel correla-

tions and spatial correlations [8]. Depth-wise separable

convolution is also proposed and the use of cardinality to

learn better abstractions is executed for Xception model

[17].

3.4 Fine-tuning

In transfer learning, we first train a base model on a pri-

mary dataset/problem, and then we reuse the deep features,

or transfer them, to a second target model which will be

trained on a target dataset/problem as in [41]. Fine-tuning

is the most common approach to transfer learning and

improves the generalization ability of the model used [5].

To this end, the weights of the pre-trained CNN models are

fine-tuned by continuing the backpropagation operation.

The main approach for fine-tuning is to remove the last

fully connected layer of selected pre-trained CNN models

and modify them with our new fully connected layer (i.e.,

the same size as the number of classes in our new dataset).

In this study, we used two classes due to TB and non-TB

cases of image datasets.

3.5 Soft voting

In soft voting, the probability score-vector is used for vote

aggregation instead of class labels in hard/majority voting

for classifier ensemble. The output class is determined by

the combination rule (e.g., the average of probabilities)

used. This approach provides more flexible and fine-

grained results than majority voting due to handling

probability scores.

Fig. 3 Examples of the transformation for data augmentation of an image of the Montgomery dataset (i) The image (ii) Rotation (iii) Reflection
(iv) Scaling (v) Shearing (vi) Translation
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3.6 Bayesian optimization-based weighted
voting

In the case of weighted voting, the prediction scores are

weighted by the classifier’s importance level and summed

up. Then, the target class with the greatest score (i.e., the

sum of the weighted probabilities) wins the vote. Accord-

ingly, the weights of models in the ensemble

scheme should change among the different output classes

in each classifier according to its performance for getting

better results [42]. The weighting process can be observed

as an optimization problem to select appropriate weights

for each classifier. It can be carried out with various opti-

mization algorithms such as Bayesian optimization.

For the Bayesian optimization-based weighted voting,

the Bayesian optimization algorithm is applied to weight-

ing optimization. The Bayesian optimization algorithm is

an influential and iterative strategy for finding the extrema

of high-cost objective functions globally to evaluate

[3, 34]. The optimization techniques are one of the most

efficient approaches in terms of the number of function

evaluations needed [3]. The Bayesian optimization algo-

rithm is given in Algorithm 1 [21, 34]. As viewed in

Algorithm 1, the acquisition function determines new x

points for evaluation.

Algorithm 1: Bayesian optimization algorithm.
//This algorithm executes the Bayesian Optimization algorithm by
minimizing the objective function f(x)
Get xi points randomly within the given variable bounds
Compute the prior over the objective function f(xi).
for i=1:num of Iterations

select next xi point by maximizing the acquisition function a(x) for
evaluation.
Update the Gaussian statistical model of f(x) for acquiring a

posterior distribution
end
return x

In this study, the weights of the selected fine-tuned CNN

models are set in the range of 0–1 for Bayesian optimiza-

tion-based weighted voting . Each fine-tuned CNN has a

class probability score for the related image dataset to

classify images. The scores are multiplied with the weights

of the CNNs. Then, the summing of products is calculated

for the weighting process. The weights are identified ran-

domly with the Bayesian optimization algorithm. Finally,

the output class is determined according to the max prob-

ability index. The Bayesian optimization algorithm is run

100 iterations with default parameter values. The equation

is shown in Eq. (1). In this study, n value can be 3 or 5 as

illustrated in Eq. (1).

WeightedVoting ¼ w1: � CNN1þ � � � þ wn: � CNNn ð1Þ

where wn and CNNn represent the weight and the proba-

bility score of the selected fine-tuned CNN, respectively.

4 Experimental work

In this section, we describe the experimental procedures,

image datasets, and evaluation metrics. Then, we present

comprehensive computational results with respect to the

performance metrics in the following sections in detail.

Finally, we compare and discuss our results with the state-

of-the methods on TB detection problems.

4.1 Experimental process

All the experiments were performed using Matlab R2019b

software and a desktop computer with the configuration of

Intel �Core i7 8700K CPU with 3.70 GHz, 64 GB RAM,

and 8 GB NVIDIA GeForce GTX 1080 GPU Memory. We

adjust the train-test ratio as 80-20 for all the experiments

(namely fine-tuning and voting schemes). We set the CPU

random number generator seed to 1 for fine-tuning of CNN

models and Bayesian optimization on all TB image data-

sets used. We also used 10 different seeds (i.e., 1–10) and

train-test split for voting-based ensemble schemes. In the

soft voting process, we used an average of the probabilities

as the combination rule. Three and five best-fine-tuned

models are considered on soft voting and Bayesian opti-

mization-based weighted voting approaches.

As preliminary testing, we aimed to decrease the com-

bination sets thanks to selecting the best two models. To

accomplish this, we tried to apply Alexnet, VGGNet,

GoogleNet, InceptionV3, and Xception CNN models with

various combinations on these datasets in terms of accu-

racy rate. Then, we decided to select InceptionV3 and

Xception as the best two CNN models for the problem

based on the success of the results (i.e., accuracy rate) and

advanced network models in the literature [17].

In this study, we choose to use CLAHE preprocessing or

not to apply preprocessing before image resizing. After

that, we apply ten different image data augmentation

variations consisting of no augmentation, reflection, rota-

tion, scaling, shearing, and translation for fine-tuning of

Table 1 Types of image data

augmentation and parameter

values

Transformation Value

RandXReflection True

RandYReflection True

RandRotation [0 360]

RandXScale [1 2]

RandYScale [1 2]

RandXShear [0 30]

RandYShear [0 30]

RandXTranslation [1 3]

RandYTranslation [1 3]
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CNN models used. These transformations and related

parameter values are given in Table 1. After selecting

preprocessing type, all images are resized into the input

size of used CNN model (i.e., 299 * 299). Then, if the

augmentation option is active in the related variation, the

selected data augmentation technique is applied with the

same size of the training images as the dataset. So, the size

of training images becomes two times the size of the

training set of the dataset.

Table 2 Generated combination

sets for the experimental

process

Set Minibatch CNN Model Preprocessing Augmentation

1 64 Inceptionv3 No preprocessing No augmentation

2 64 Inceptionv3 No preprocessing No augmentation

3 64 Inceptionv3 No preprocessing RandXReflection

4 64 Inceptionv3 No preprocessing RandYReflection

5 64 Inceptionv3 No preprocessing RandRotation

6 64 Inceptionv3 No preprocessing RandXScale

7 64 Inceptionv3 No preprocessing RandYScale

8 64 Inceptionv3 No preprocessing RandXShear

9 64 Inceptionv3 No preprocessing RandYShear

10 64 Inceptionv3 No preprocessing RandXTranslation

11 64 Inceptionv3 No preprocessing RandYTranslation

12 64 Inceptionv3 CLAHE No augmentation

13 64 Inceptionv3 CLAHE RandXReflection

14 64 Inceptionv3 CLAHE RandYReflection

15 64 Inceptionv3 CLAHE RandRotation

16 64 Inceptionv3 CLAHE RandXScale

17 64 Inceptionv3 CLAHE RandYScale

18 64 Inceptionv3 CLAHE RandXShear

19 64 Inceptionv3 CLAHE RandYShear

20 64 inceptionv3 CLAHE RandXTranslation

21 64 Inceptionv3 CLAHE RandYTranslation

22 16 Xception No preprocessing No augmentation

23 16 Xception No Preprocessing No augmentation

24 16 xception No preprocessing RandXReflection

25 16 Xception No preprocessing RandYReflection

26 16 Xception No preprocessing RandRotation

27 16 Xception No preprocessing RandXScale

28 16 Xception No preprocessing RandYScale

29 16 Xception No preprocessing RandXShear

30 16 Xception No preprocessing RandYShear

31 16 Xception No preprocessing RandXTranslation

32 16 Xception No preprocessing RandYTranslation

33 16 Xception CLAHE No augmentation

34 16 Xception CLAHE RandXReflection

35 16 Xception CLAHE RandYReflection

36 16 Xception CLAHE RandRotation

37 16 Xception CLAHE RandXScale

38 16 Xception CLAHE RandYScale

39 16 Xception CLAHE RandXShear

40 16 Xception CLAHE RandYShear

41 16 Xception CLAHE RandXTranslation

42 16 Xception CLAHE RandYTranslation
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In the fine-tuning process, we used stochastic gradient

descent with momentum (SGDM) optimizer for training

the network. We determined the minibatch size as 64 and

16 for InceptionV3 and Xception, respectively, due to GPU

memory limitations. The maximum number of epochs is set

to 30 for all CNN model combinations. For other training

options, default values are assigned to the corresponding

locations.

Table 3 Fine-tuning times and

experimental results of the

combination sets for the

Montgomery, Shenzhen

datasets, and mean values in

terms of accuracy rate

Set Montgomery FT Shenzhen FT Montgomery Shenzhen Mean datasets

Time (mm:ss) Time (mm:ss) ACC (%) ACC (%) ACC (%)

1 03 m 15 s 11 m 51 s 67.8571 88.4956 78.1764

2 00 m 58 s 06 m 43 s 67.8571 84.9558 76.4065

3 02 m 54 s 13 m 32 s 82.1429 89.3805 85.7617

4 02 m 53 s 13 m 26 s 75.0000 86.7257 80.8629

5 02 m 53 s 13 m 22 s 82.1429 90.2655 86.2042

6 02 m 52 s 13 m 26 s 78.5714 86.7257 82.6486

7 02 m 53 s 13 m 48 s 75.0000 85.8407 80.4204

8 02 m 54 s 13 m 33 s 82.1429 88.4956 85.3193

9 02 m 54 s 13 m 32 s 78.5714 84.9558 81.7636

10 03 m 00 s 13 m 26 s 82.1429 86.7257 84.4343

11 02 m 56 s 13 m 46 s 78.5714 85.8407 82.2061

12 00 m 58 s 07 m 07 s 75.0000 87.6106 81.3053

13 02 m 56 s 13m 44s 82.1429 89.3805 85.7617

14 02 m 54 s 13 m 35 s 85.7143 88.4954 87.1049

15 02 m 56 s 13 m 25 s 85.7143 85.8407 85.7775

16 02 m 54 s 13 m 29 s 92.8571 87.6106 90.2339

17 02 m 54 s 13 m 26 s 82.1429 87.6106 84.8768

18 02 m 58 s 13 m 27 s 89.2857 89.3805 89.3331

19 02 m 54 s 13 m 49 s 82.1429 88.4956 85.3193

20 02 m 57 s 13 m 33 s 85.7143 88.4956 87.1050

21 02 m 56 s 13 m 36 s 89.2857 89.3805 89.3331

22 05 m 48 s 15 m 50 s 82.1429 89.3805 85.7617

23 02 m 17 s 10 m 35 s 85.7143 88.4956 87.1050

24 04 m 57 s 21 m 12 s 89.2857 87.6106 88.4482

25 04 m 56 s 21 m 11 s 85.7143 85.8407 85.7775

26 04 m 56 s 21 m 12 s 85.7143 87.6106 86.6625

27 04 m 58 s 21 m 12 s 82.1429 89.3805 85.7617

28 04 m 54 s 21 m 11 s 82.1429 85.8407 83.9918

29 05 m 00 s 21 m 14 s 92.8571 85.8407 89.3489

30 04 m 59 s 21 m 11 s 85.7143 89.3805 87.5474

31 04 m 56 s 21 m 27 s 71.4286 85.8407 78.6347

32 04 m 54 s 21 m 13 s 82.1429 89.3805 85.7617

33 02 m 1 6s 10 m 37 s 89.2857 88.4956 88.8907

34 04 m 59 s 21 m 17 s 85.7143 87.6106 86.6625

35 04 m 56 s 21 m 11 s 82.1429 87.6106 84.8768

36 04 m 57 s 21 m 14 s 78.5714 88.4956 83.5335

37 04 m 57 s 21 m 09 s 85.7143 89.3805 87.5474

38 05 m 00 s 21 m 09 s 89.2857 87.6106 88.4482

39 05 m 01 s 21 m 24 s 78.5714 86.7257 82.6486

40 04 m 58 s 21 m 11 s 78.5714 88.4956 83.5335

41 04 m 57 s 21 m 10 s 85.7143 88.4956 87.1050

42 04 m 56 s 21 m 20 s 89.2857 88.4956 88.8907
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4.2 Image datasets

We utilized Montgomery County and Shenzhen TB CXR

image datasets to evaluate the effectiveness of the proposed

method [1]. Montgomery dataset CXR images have been

obtained from the tuberculosis control program of the

Department of Health and Human Services of Montgomery

County, MD, USA [1]. This dataset consists of 138 pos-

terior-anterior CXRs, of which 80 CXRs are normal and 58

X-rays are abnormal with signs of tuberculosis. Shenzhen

dataset images have been acquired by Shenzhen No.3

Hospital in Shenzhen, China [1]. There are 326 normal

CXRs and 336 abnormal CXRs showing signs of

tuberculosis.

In this study, we use the predefined lung masks before

the deep learning model construction and voting processes.

For the Montgomery dataset, obtaining the lung masks is

easy because of the fact that spanning segmentation masks

in the dataset description. However, the Shenzhen dataset

has no segmentation masks. Therefore, the segmented

lungs masks are employed from [16, 31] for this dataset. In

this case, we used 566 images of which 279 CXRs are

normal and 287 CXRs are abnormal with manifestations of

tuberculosis for Shenzhen dataset.

4.3 Evaluation metrics

To evaluate the predictive performance of the proposed

approach, we employed two different evaluation measures

including the classification accuracy rate (ACC) and Area

Under ROC Curve (AUC).

Classification accuracy, shown in Eq. (2), is calculated

by dividing the total of true positives and true negatives by

the total number of false negatives, true negatives, true

positives, and false positives (i.e., instances).

ACC ¼ TNþ TP

TPþ TNþ FNþ FP
ð2Þ

where FN, TN, TP, and FP, represent the number of false

negatives, true negatives, true positives, and false positives,

respectively.

AUC represents the area under the receiver operating

characteristic (ROC) curve for the classification perfor-

mance. ROC charts are two-dimensional graphics in which

the TP ratio is plotted on the Y-axis and the FP ratio is

plotted on the X-axis. The total area is computed as the

sum of the trapezoids’ areas by applying numerical inte-

gration on the ROC Curve. Trapezoids are used instead of

rectangles in order to mean the effect between points [10].

The area value of 1 as max AUC value provides a perfect

test [10], the area value of 0 as min AUC value shows that

the learned model categorizes all instances incorrectly.

4.4 Computational results

For our approach, we produced the combination sets of

preprocessing, minibatch size, CNN model, preprocessing

type, and augmentation type for possible different cases of

our experimental setup. The combination sets are illus-

trated in Table 2. The detailed experimental results of the

proposed preprocessing and augmentation-based fine-tun-

ing method for TB detection are given in Table 3 for

Montgomery, Shenzhen, and mean datasets, respectively.

While the columns in Table 2 represent the number of

combination sets, minibatch size, CNN model, prepro-

cessing type, and augmentation type, the columns in

Table 3 represent the number of combination sets, fine-

tuning time, and accuracy (%) for the related dataset. The

bold values demonstrate the best values for each method

utilized. For Table 3, sets 1–2 and sets 22–23 specify the

results whether batch preprocessing operations are applied
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Fig. 4 A graphical representation of ACC values according to all variations in fine-tuning process for datasets
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collectively before the fine-tuning operation. If these

operations (e.g., CLAHE and image resizing) are applied

completely before the fine-tuning operation, it is observed

that the frequency of GPU-CPU switch and context switch

times decreases. In this case, time efficiency will improve

significantly (approximately between 3 or 10 times faster

concerning the used preprocessing technique and dataset

size). After some preliminary tests, we utilized this effi-

cient approach as well for the remaining combination sets

on two TB image datasets.

4.4.1 Experimental results of individual classification
models (with preprocessing)

In this subsection, we give comprehensive results to con-

struct the learners (i.e., fine-tuning of CNN models) by

implementing all image preprocessing variations (i.e., 40

per dataset) on TB detection. To observe the effective fine-

tuning process, we also add combination sets #1 and #22

(i.e., CPU-GPU usage with batch slowly operations) for

time evaluation in Table 3.

Table 3 reports the performance results including

accuracy rates and fine-tuning(FT) times according to the

Montgomery, Shenzhen, and mean datasets for the varia-

tions in CNN models, preprocessing types, and

Table 4 Soft voting and

Bayesian optimization-based

weighted voting results

according to Montgomery,

Shenzhen, and both mean

datasets’ accuracy (%)

Montgomery ACC-based

Soft voting Dataset Number of votes Mean accuracy (%) SD (%) MeanAUC SD

10 seed Montgomery 3 96.7857 3.5515 0.9880 0.0208

Montgomery 5 96.7857 3.5515 0.9880 0.0208

Weighted voting Dataset Number of

weights

Mean accuracy

(%)

SD

(%)

Mean

AUC

SD

10 seed Montgomery 3 95.3571 4.7768 0.9875 0.0223

Bayesian optimization-

based

Montgomery 5 96.0714 3.9304 0.9865 0.0252

Shenzhen ACC-based

Soft voting Dataset Number of votes Mean accuracy (%) SD (%) Mean AUC SD

10 seed Shenzhen 3 97.6106 2.7688 0.9946 0.0121

Shenzhen 5 97.5221 2.8232 0.9939 0.0139

Weighted voting Dataset Number of

weights

Mean accuracy

(%)

SD

(%)

Mean

AUC

SD

10 seed Shenzhen 3 97.6991 2.6119 0.9945 0.1250

Bayesian optimization-

based

Shenzhen 5 97.6106 2.5733 0.9936 0.0138

Mean datasets ACC-based

Soft voting Dataset Number of votes Mean accuracy (%) SD (%) Mean AUC SD

10 seed Montgomery 3 97.5000 3.3882 0.9891 0.0189

Montgomery 5 96.0714 4.2758 0.9859 0.0228

Shenzhen 3 97.2566 2.9631 0.9925 0.0157

Shenzhen 5 97.5221 2.8232 0.9910 0.0177

Weighted voting Dataset Number of

weights

Mean accuracy

(%)

SD

(%)

Mean

AUC

SD

10 seed Montgomery 3 95.7143 4.0546 0.9870 0.0232

Bayesian optimization-

based

Montgomery 5 95.7143 4.0546 0.9839 0.0247

Shenzhen 3 97.4336 3.3491 0.9862 0.0209

Shenzhen 5 97.4336 3.3491 0.9889 0.0191
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augmentation methods. We obtained the best results from

sets 16 and 29 as 92.8571% ACC values with InceptionV3

? CLAHE ? RandXScale and Xception ? No Prepro-

cessing ? RandXShear fine-tuning combinations. The fine-

tuning time on this dataset takes between 3 minutes and 5

minutes per model for InceptionV3 and Xception CNNs,

respectively.

We acquired the best result from fifth set as 90.2655%

ACC value with InceptionV3 ? No Preprocessing ?

RandRotation combination scheme. The fine-tuning time

on this dataset takes between 13 and 21 min per model for

InceptionV3 and Xception CNNs, respectively. The main

reason behind this is the fact that Shenzhen has a larger size

than the Montgomery dataset.

We also computed mean datasets’ accuracy to figure out

the most important combination schemes on both datasets

for this study. Last column of Table 3 shows the perfor-

mance results (i.e., accuracy rate) according to the mean

accuracy of Montgomery and Shenzhen datasets. In this

case, we got the best result from a set of 16 as 90.2339%

ACC value with InceptionV3 ? CLAHE ? RandXScale

combination scheme. A graphical chart of ACC values

according to all variations in the fine-tuning process for

both datasets is illustrated in Fig. 4.

4.4.2 Voting-based experimental results

In this subsection, we give extensive soft voting, and the

Bayesian optimization-based weighted voting results in

terms of ACC and AUC values in detail. We also imple-

mented the voting of three and five fine-tuned models.

Furthermore, we handled these voting approaches accord-

ing to the accuracy performance of mean datasets. As it can

be observed from Table 4, the best mean ACC and AUC

are obtained as values of 97.5000% and 0.9891 on the

Montgomery dataset by applying soft voting of three best

fine-tuned models (namely the ensemble of (Incep-

tionV3 ? CLAHE ? RandXScale; Xception ? No Pre-

processing ? RandXShear;

CLAHE
+

Rand X Scale
+

Inceptionv3

No Preprocessing
+

Rand X Shear
+

Xception

CLAHE
+

Rand Y Translation
+

Xception

Soft Voting

Output

Selected Best Three Combination Set

p1

p2

p3

Non-TB TB

Fig. 5 The diagram of the best voting scheme for the Montgomery

dataset

No Preprocessing
+

Rand Rotation
+

Inceptionv3

CLAHE
+

Rand Y Translation
+

Inceptionv3

CLAHE
+

Rand X Scale
+

Xception

Bayesian Optimization-based
Weighted Voting

Output

Selected Best Three Combination Set

w1

w2

w3

Non-TB TB

Fig. 6 The diagram of the best voting scheme for the Shenzhen

dataset

Table 5 Comparison of our

proposed method with state-of-

the-art methods on TB detection

for two CXR image datasets

used

Study Method Montgomery Montgomery Shenzhen Shenzhen

ACC (%) AUC ACC (%) AUC

Our study, 2021 VoPreCNNFT 97.500 0.989 97.699 0.994

Ayaz et al. [2] HCDEL 93.470 0.970 97.590 0.990

Win et al. [39] HDHFS 92.700 0.995 95.500 0.995

Xie et al. [40] FRCNN 92.600 0.977 90.200 0.941

Rajaraman et al. [27] SLMHDF 87.500 0.962 93.400 0.991

Santosh and Antani [29] SETFV 83.000 0.900 91.000 0.960

Lopes and Valiati [20] EDFPCNN 82.600 0.926 84.700 0.926

Pasa et al. [23] OptCNN 79.000 0.811 84.400 0.900

Hwang et al. [13] PreACNNF 67.400 0.884 83.700 0.926
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InceptionV3 ? CLAHE ? RandYTranslation)) and using

ten different seed values. Additionally, the best mean ACC

is taken from as 97.6991% value by carrying out the

Bayesian optimization-based weighted voting scheme of

three best fine-tuned CNN models for the Shenzhen data-

set. Furthermore, the best mean AUC is reached as 0.994

value using soft voting of three best-fine-tuned models for

this dataset. The best voting schemes for related datasets

are presented in Figs. 5 and 6.

4.5 Comparison with state-of-the-art methods
for TB detection

We compare the performance of the proposed voting and

preprocessing-based fine-tuned CNN model approach

(VoPreCNNFT) with other state-of-the-art TB detection

algorithms on the two image datasets used in this

subsection.

State-of-the-art methods that we selected are hand-

crafted and deep features with ensemble learning (HCDEL)

of [2]; hybrid deep and handcrafted features with feature

selection (HDHFS) of [39]; faster region-based convolu-

tional network (FRCNN) of [40]; stacked learning model

with handcrafted and deep features (SLMHDF) of [27];

shape, edge, and texture-based features with a voting

model (SETFV) [29]; the ensemble of deep features using

pre-trained CNNs (EDFPCNN) [20]; an optimized CNN

model (OptCNN) [23]; and pre-trained AlexNet CNN

features (PreACNNF) [13].

Table 5 presents the accuracy rates in percentage and

AUC values per algorithm/dataset pair. By considering

obtained accuracy rate values, our method outperforms all

its competitors with 97.500% and 97.699% for Mont-

gomery and Shenzhen datasets, respectively. Although [39]

uses only one train-test set, we used 10 different train-test

sets by utilizing 10 seed values (from 1 to 10) and we also

obtained final ACC and AUC results by averaging the

scores. We achieved the best results according to ACC and

the second-best results according to AUC values as 0.9891

and 0.9940 after [39] for Montgomery and Shenzhen

datasets, respectively. Using our method including voting

and preprocessing-based fine-tuned CNN models improved

the TB detection performance significantly.

5 Conclusion

This study proposes a voting-based ensemble deep learning

approach using diverse preprocessing/data augmentation

variations on TB detection image datasets. Forty different

variations are carried out to fine-tune CNN models

according to preprocessing methods, types of image aug-

mentation, and pre-trained CNNs used. In this way, we

extensively highlight the effects of various image prepro-

cessing techniques on the fine-tuning process in this study.

An effective fine-tuning process is also implemented by

applying all preprocessing operations as a whole on the

images before training of CNNs.

The proposed voting-based method utilizes both basic

soft voting and weighted voting methods for combining the

best result to achieve better performance results. Bayesian

optimization, the best-known optimization algorithm for

machine learning-based problems, is employed for

weighted voting process. To observe the effect of the

number of models in voting operations, both three and five

learned models are employed.

Although the usage of CNN models is required GPU and

CPU resources, fine-tuning is useful and crucial for image

classification/recognition tasks without needing training

from scratch. Ensemble methods provide outstanding

results by using various CNN models but there is a speed-

performance trade-off strategy for this purpose. The pro-

posed voting and preprocessing-based approach can be also

utilized for other image recognition (e.g., disease classifi-

cation, object recognition) problems. As a future direction

of this work, user-defined (i.e., expert radiologists) datasets

can be obtained from the hospitals, and the proposed

method can be tested on these datasets.
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