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Abstract

Tuberculosis is a chronic and delayed infection which is easily experienced by young people.
According to the statistics of the World Health Organization (WHO), there are nearly ten
million fell ill with tuberculosis and a total of 1.5 million people died from tuberculosis in
2018 (including 251000 people with HIV). Tuberculosis is the largest single infectious
pathogen that leads to death. In order to help doctors with tuberculosis diagnosis, we
compare the tuberculosis classification abilities of six popular convolutional neural network
(CNN) models in the same data set to find the best model. Before training, we optimize three
parts of CNN to achieve better results. We employ sigmoid function to replace the step
function as the activation function. What’s more, we use binary cross entropy function as the
cost function to replace traditional quadratic cost function. Finally, we choose stochastic
gradient descent (SGD) as gradient descent algorithm. From the results of our experiments,
we find that Densenet121 is most suitable for tuberculosis diagnosis and achieve a highest
accuracy of 0.835. The optimization and expansion depend on the increase of data set and
the improvements of Densenet121.
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1. Introduction

Tuberculosis is a highly morbid and dangerous respiratory disease. It is a chronic infectious

disease caused by mycobacterium tuberculosis that can invade many organs.

In recent years, many countries neglect the tuberculosis and reduce financial investment in
tuberculosis prevention. What’s more, the rapid population growth and the increase of
floating population accelerate the spread of tuberculosis. Tuberculosis has been a serious
problem in many developing countries and some developed countries.

Tuberculosis is not only a public health issue, but also a major socio-economic issue.
Humans have a long way to go in preventing the spread of tuberculosis. It is a disease that
can be controlled and cured as long as we try to do more research. We must achieve
scientific strategies on the control of tuberculosis and fight for a long time without
interruption. To effectively control tuberculosis, we need to make an effective diagnosis of
tuberculosis. With the development of artificial intelligence, we can use convolutional neural
network to help doctors in diagnosis of tuberculosis now.

The neural network [1] algorithm originated in the 1940s. It is composed of many
connected neurons with adjustable connection weights [2]. It has the characteristics of
massive parallel processing, distributed information storage, and good self-learning ability
[3]. In the middle of the twentieth century, people did not have powerful computing
equipment. The number of parameters in the deep neural network (DNN) is very large so that
DNN requires a powerful computing ability. People could just use shallow neural network
instead of DNN due to the lack of computing ability. The shallow neural network was not
good enough compared with Support Vector Machines (SVM) [4-6], so the neural network
algorithm was not popular at that time. In recent years, neural network has received more
and more attention with the rapid increase of computer’s computing power, especially
convolutional neural network (CNN) [7-8]. CNN is a class of feedforward neural networks
with convolutional computation and deep structure [9]. It is one of the representative
algorithms of deep learning [10]. It has good image classification performance so that it is
used in various image classification tasks. CNN is widely used in the diagnosis task of
tuberculosis too.

Bogomasov et al. [11] use image processing techniques for feature extraction from CT
scans and use artificial neural networks (ANN) for predicting probabilities for different lung
irregularities associated with pulmonary tuberculosis and tuberculosis severity assessment.
However, they directly use U-net and VGG19 as classification networks without comparing
different CNN models. They get an accuracy of 0.6923 and it is too low for clinical use.

Sheen et al. [12] train and evaluate CNN for automatic interpretation of MODS cultures
digital images. Though they achieve an average 95.76% accuracy, they use MODS cultures
digital images as input images, instead of chest X-ray images. It is hard for hospitals in
remote areas to get patients’ MODS images, so their method is not suitable for poor areas.

Pasa et al. [13] propose a simple CNN optimized for the problem which is faster and more
efficient than previous models but preserves their accuracy. They use a CNN model which
consists of 5 convolutional blocks, followed by a global average pooling layer and a
fully-connected softmax layer with two outputs. Their CNN model is truly simple, but they
get low accuracy. For TB diagnosis, higher accuracy is more important than simpler model
structure.
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Panicker et al. [14] present an automatic method for the detection of Tuberculosis (TB)
bacilli from microscopic sputum smear images. The proposed method performs detection of
TB, by image binarization and subsequent classification of detected regions using a CNN.
However, different TB patients have different symptoms, someone may not cough and have
no phlegm. What’s more, they get 78.4% precision and it is not enough for TB detection.

Xiong et al. [15] build a CNN model, named tuberculosis Al (TB-Al), specifically to
recognize TB bacillus. They achieve 97.94% sensitivity and 83.65% specificity. The
classification object is TB bacillus, so this approach is used to help doctors to distinguish
what they see in the microscope. In addition, the training set just contains 45 samples,
including 30 positive cases and 15 negative cases. It seems that more training samples should
be better.

Kant et al. [16] propose a new DNN for TB diagnosis methodology with recall and
precision of 83.78% and 67.55% respectively for bacillus detection from microscopy images
of sputum. They use an a 5-layered fully-convoluted neural network architecture and the
classification object is TB bacillus too. However, they just achieve 67.55% accuracy.

No one has ever found an efficient CNN model which is able to classify chest X-ray
images with high accuracy. In order to find an optimal CNN model to help doctors in
diagnosis of tuberculosis, we verify the effect of different CNN models on tuberculosis
detection. We test six CNN models which are popular now. During the test process, we also
improve these models in different aspects. The tests of six models were performed on the
same data set which is composed of chest X-ray images. The six CNN models we tested are
DenseNet121 [17], Inception V3 [18], NASNet mobile [19], Resnet50 [20], Vggl6 [21],
Xception [22].

The remainder of this paper is as follows. In Section 2, we introduce our data set, the
hardware devices we used, the process of data preprocessing. We also simply introduce six
convolutional neural network models which are tested by us. Then we will detailly introduce
our optimizing options for these CNN models. In Section 3, we will present and analyze the
experiment results. In Section 4, we summarize the original text and propose a vision.

2. Preparation and experiments

2.1Data Set

In this paper, we use a data set of chest X-ray images. The number of images in the data set
is 800, including 394 tuberculosis images and 406 normal images.

All of the images are labeled by professional doctors from a Chinese hospital and an
American hospital. The original sizes of these images are 4020x4892, 2689x%3001,
2991x2982. The examples of chest X-ray images are shown in Fig. 1.

2.2 Condition

Due to the image sizes are different, we scale the size to 224x224 uniformly. We split 600
chest X-ray images as training set and set the remaining 200 images as test set. The training
set includes 304 normal images and 296 tuberculosis images. The test set contains 102
normal images and 98 tuberculosis images.

We use pretrained models from ImageNet and then finetune on our own data set. All of
the six models are trained on 4 NVIDIA TITAN Xp.
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tuberculosis images

=

normal images

Fig. 1. Representative tuberculosis images (upside) and normal images (downside)

2.3 Introductions of Six Models

In this section, we will simply introduce six models and their improvements compared with
traditional convolutional neural network. These models appeared between 2014 and 2018
and we will introduce these models in chronological order.

VGGNet is proposed in 2014 [21]. The researchers of VGGNet successfully construct
convolutional neural network with 16~19 layers by repeatedly stacking 3x3 convolution
layers and 2x2 maximum pooling layers. Researchers improve VGG’s classification
performance by continuously deepening the network structure, but the increase in the
number of network layers does not lead to a large increase in the number of parameters.
Because the number of parameters is mainly determined by the parameters of VGG’s last
three fully connected layers. At the same time, the researchers reduce the amount of VGGNet
parameters by replacing the single large nuclear convolution layer with some small nuclear
convolution layers in series. For example, the series of two 3x3 convolution layers are
equivalent to one 5x5 convolution layer, and the series of three 3x3 convolution layers are
equivalent to one 7x7 convolution layer. However, the number of parameters in three 3x3
convolutional layer is only about half of the number of parameters in one 7x7 convolutional
layer. Researchers divide VGGNet into five parts [21], each of which includes the series of
multiple 3x3 convolution layers and one maximum pooling layer. There are 3 fully
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connected layers and a softmax layer at the end of the network. Fig. 2 shows the structure of
VGG16.
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Fig. 2. The model structure of VGG16

Resnet [20] and Inception V3 [18] are proposed in 2016. The researchers of Resnet propose a
deep residual learning framework [20]. Fig. 3 shows an example of residual learning
framework. Denote the underlying mapping as H(x) and the output of the nonlinear
stacking layer as F(x) = H(x) — x. F(x) is called residual function. We only need to add
the output of the nonlinear stacking layer to the input as H(x) = x + F(x) to get the ideal
mapping.

Resnet protects information integrity in the way of bypassing input information directly to
the output and solves the problem that traditional convolutional networks or fully connected
networks may loss information during the process of information transmitted.

The researchers of Inception V3 propose an idea that we can split a large two-dimensional
convolution into two smaller one-dimensional convolutions [18]. By using this idea, we can
reduce a lot of parameters, accelerate calculations and reduce over-fitting. Let's take the
example of replacing a 5x5 convolution layer. From the introduction of VGGNet, we know

that we can use two 3x3 convolution layers to replace one 5x5 convolution layer. By
replacing, we can reduce the number of parameters and calculation. Now we can use a 1x3

convolution layer and a 3x1 convolution layer to replace a 3x3 convolution layer according

to Inception V3. Fig. 4 shows the replacing process. Actually, we can replace the nxn
convolution with a series of 1xn and nx1 convolution, and the calculation can be reduced to
the previous 1/n.
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Fig. 5. An example of dense block
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DenseNet [17] and Xception [22] are proposed in 2017. DenseNet has deviated from the
fixed idea that increasing network layers and widening network structure can improve the
classification performance of CNN. DenseNet significantly reduces the amount of network’s
parameters and solve the problem of the gradient vanishing. What’s more, it ensures the
maximum information flow between the network layers and encourage feature reuse. The
structure of DenseNet is novel and advanced. Fig. 5 shows an example of dense block. The
researchers of DenseNet directly connect all layers to each other. Each layer gets extra input
from all the previous layers to maintain the feed-forward characteristic. Because of its
densely connected nature, researchers call it the Dense Convolutional Network (DenseNet)
[17].

Xception is an improvement of Inception V3 proposed by google. It mainly uses
depthwise separable convolutions to reduce the number of network’s parameters and
improve classification performance at the same time [22].

NASNet mobile is proposed in 2018 [19]. NASNet allows the computer to automatically
design a CNN on a small data set [23], such as CIFAR-10. It utilizes migration learning
technology [24] to enable the designed network to be migrated to a large dataset, such as
ImageNet. The designed network can also be migrated to other tasks. HS Kim et al. [25]
apply NASNet, which is an AutoML reinforced learning algorithm, to DeepU-Net neural
network that modified U-Net to improve image semantic segmentation performance. Liu Jun
et al. [26] aim to address the problem of target detection in collocated multiple-input
multiple-output (MIMO) radar where the disturbance covariance matrix is unknown. They
can use NASNet in the part of target detection. Cui Qi et al. [27] use a deep neural network
to detect photographic images (PI) versus computer generated graphics (CG), and NASNet
can also be used to generate a deep neural network.

2.4 Experiments

Before we use our data set to train these six models, we need to do some optimization for
CNN.

Firstly, we choose sigmoid function as all of the six models’ activation function instead of
step function. The formula of the sigmoid function and the derivative of sigmoid function are
shown as Equation 1~2. Fig. 6 shows the sigmoid function and its derivative, we can see that
the function curve of sigmoid function is smooth, easy to derive. However, step function
does not have these advantages. So sigmoid function is often used as an activation function
of neural network.

sigmoid function derivative of sigmoid function
T v T : > — v v

0.25

o . . . . . o P e S S e
4 4 2 4 0 1 2 3 5 4 a3 2 4 0 1 2 3 4 [

Fig. 6. The image of sigmoid function (left) and its derivative (right)
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Secondly, we choose binary cross entropy function as six models’ cost function instead of
using the traditional quadratic cost function. If we note traditional quadratic cost function as
C;, note single neuron’s cost function as C,, note single neuron’s input value and output
value as x and a, note weight and biasas w and b, note the real label of x as y, note the
input value of sigmoid function as z and note sigmoid function as a(z), we will get these
equations as Equation 3~8.

We can see from Equation 7~8 that if (a —y) # 0, the values of g—‘f/ and ‘;—Z are mainly

decided by a'(z). But the value of ¢'(z) is always small as it is shown in the right picture
of Fig. 6 (The right picture shows that the value of &'(z) is always between 0 and 0.25). So
neural network converges slowly during the training process. We can solve this problem by
using binary cross entropy function as cost function. We define binary cross entropy function
as C; and we can achieve Equation 9~12.

Substituting Equation 11~12 into Equation 10, we can get Equation 13. It is the formula
for weights with new cost function, the formula for bias is similar and we record it as
Equation 14.

Ci(W,b) = =Ty — a)? (3)
Co(w,b) = 222 (4)
zZ=wx+b (5)
a=o0(2) (6)
% = (@-yo'@x @
9 '

= =(a-y)0'(2) ®)
C;=—=Yulylna+(1-y)n(1-a)] €)

ac a-y)\ oo
6_wj = _%Zx (O'E’Z) - 110212)) 6_W] (10)
LA a'(2)x; (11)
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o(z)=1/(1+e7%) (12)
I RETCIORSY (13)
a
== Y(0(2) ~y) (14)

We can see from Equation 13~14 that the value of % and Z—Z are decided by (a(z) — ).
]

It is a value that measures the difference between the output value of the neural network and

the real label. Usually, we call it error. The value of error is always large at the beginning of

training. It is getting smaller and smaller during training and it is always small at the end of
training. When the value of error is large, |%| and |Z—Z| will be large too. That means
J

fast refresh rates of bias and weights. On the contrary, it means slow refresh rates bias and
weights. Generally speaking, we need fast refresh rates at the beginning of the training to
speed up the training process. We need slow refresh rates to avoid missing the best values of
weights and bias when the output value of the neural network is close to the value of real
label. Achieving the best values of weights and bias means better classification performance.

As cost function, binary cross entropy function has special advantages. We can both speed
up the training process and get better classification performance by using binary cross
entropy. However, using the traditional quadratic cost function means a long training process
and low classification accuracy. It is obvious that binary cross entropy function is more
suitable to be CNN models’ cost function.

Finally, we choose stochastic gradient descent (SGD) as gradient descent algorithm. If we
note learning rate as n, note new weights and bias as w’ and b’, note gradient vector as VC,
we will get the update equations of weights and bias as equation 15~17.

ac oc

ve =5, %y (15)
! 9Cx
Wk=wk—r]VC=Wk—naWk (16)
! 9Cx
DRI H (18)
m ~ n -
’ n aCx]'
Wi = Wi = 3 2 5 (19)
b, =b —lz-acx" (20)
L L m<J 61)[
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We have to calculate the gradient vector for each instance x in the training set. If training set
contains too many instances, training process will cost too much time. To solve this problem,
we decide to use SGD. The core idea of the SGD algorithm is to take a small sample set from
the training set and use it to estimate VC. We note the number of instances in training set and
sample set as n, m. If the number of instances in the sample set is large enough, we will get
the estimation formula of VC and new update equations of weights and bias as Equation
18~20.

We call the number of instances in the sample set mini-batch. After the neural network has
learned all the instances in the current mini-batch, SGD will reselect a new mini-batch for
training. When all training examples are used up, neural network finish one training epoch.
Compared with traditional gradient descent (TGD), using SGD can save much time during
the training process. Less training time does not mean lower classification accuracy. In fact,
choosing TGD or SGD has little effect on classification accuracy. In a word, SGD is more
suitable than TGD as gradient descent algorithm.

3. Results

First of all, we compare the performance of different combinations of cost function and
gradient descent algorithm in all six CNN models. We note traditional quadratic cost
function as TQCF, note binary cross entropy function as BCEF, note traditional gradient
descent as TGD, note stochastic gradient descent as SGD. The results are shown in Table
1~6. We can see that BCEF+SGD gets the best performance in all six CNN models.
BCEF+SGD achieves the highest classification accuracy with the least training epochs. In
addition, BCEF+SGD costs the least training time for 500 epochs. So BCEF+SGD is the best
combination for all six CNN models.

We now compare six CNN models. We can see that DenseNet121 gets the highest
accuracy of 0.835 and Xception gets the lowest accuracy. Dense block and fully connected
structure, which are DenseNet121’s special advantages, are suitable for retaining key
features in chest X-ray images. Using depthwise separable convolutions to reduce the
number of network’s parameters, which is used by Xception, does not work well in chest
X-ray images. We can also see that Resnet50 takes the least time for 500 training epochs and
use the fewest training epochs to achieve the highest accuracy. NASNet mobile takes the
most time for 500 training epochs. Because the total number of convolutional layers and max
pool layers of Resnet50 is 50, its model depth is shallowest. However, the model structure of
NASNet mobile is too complex to take much time for each epoch of training.

Table 1. Classification performance of four combinations (DenseNet121)

combination | training epochs for highest accuracy | training time for 500 epochs (minutes) accuracy
TQCF+TGD 684 163.6 0.820
BCEF+TGD 436 153.3 0.835
TQCF+SGD 703 73.2 0.815
BCEF+SGD 422 58.6 0.835
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Table 2. Classification performance of four combinations (Inception V3)

3529

combination | training epochs for highest accuracy | training time for 500 epochs (minutes) accuracy
TQCF+TGD 655 149.3 0.800
BCEF+TGD 473 127.5 0.805
TQCF+SGD 694 81.7 0.785
BCEF+SGD 404 72.9 0.815
Table 3. Classification performance of four combinations (NASNet mobile)
combination | training epochs for highest accuracy | training time for 500 epochs (minutes) accuracy
TQCF+TGD 557 486.3 0.780
BCEF+TGD 521 466.6 0.810
TQCF+SGD 589 243.8 0.765
BCEF+SGD 503 209.5 0.810
Table 4. Classification performance of four combinations (Resnet50)
combination | training epochs for highest accuracy | training time for 500 epochs (minutes) accuracy
TQCF+TGD 596 154.3 0.770
BCEF+TGD 402 142.9 0.805
TQCF+SGD 557 67.8 0.785
BCEF+SGD 371 52.9 0.810
Table 5. Classification performance of four combinations (Vgg16)
combination | training epochs for highest accuracy | training time for 500 epochs (minutes) accuracy
TQCF+TGD 886 267.4 0.725
BCEF+TGD 697 246.0 0.790
TQCF+SGD 863 127.5 0.755
BCEF+SGD 659 98.9 0.805
Table 6. Classification performance of four combinations (Xception)
combination | training epochs for highest accuracy | training time for 500 epochs (minutes) accuracy
TQCF+TGD 736 186.3 0.720
BCEF+TGD 569 199.0 0.775
TQCF+SGD 734 104.5 0.735
BCEF+SGD 515 96.7 0.785
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Table 7. The initialization of training.

Names Initialization
Image size 224%224
Learning rate 0.0005
Batch size 10
Epochs for training 900
Cost function binary cross entropy
Optimizer SGD
Framework Tensorflow and Keras
Hardware NVIDIA GeForce TITAN XP

Now we need to compare the classification capabilities of six CNN models from multiple
indicators. After the first experiment, we decide to set binary cross entropy as cost function
and set SGD as optimizer for all CNN models. We also need to keep other training
parameters consistent. We set other training parameters such as learning rate, batch size and
so on. The initialization of training is setting as shown in Table 7.

We compare the classification performance of six CNN models. The classification
performance is evaluated in terms of accuracy (ACC), precision (PPV), sensitivity (SEN)
and specificity (SPE). We take the tuberculosis as a negative example and take the normal as
a positive example. The respective definitions of these common metrics adopt true positive
(TP), true negative (TN), false positive (FP), and false negative (FN).

Now we can achieve Equation 21~24. ACC refers to the ratio of the number of correctly
predicted samples to the total number of predicted samples. ACC does not consider whether
the predicted samples are positive or negative. PPV refers to the ratio of the number of
positive samples correctly predicted to the number of all positive samples predicted. PPV
only focuses on the part that is predicted to be a positive sample. SEN is also called true
positive rate (TRP), it refers to the ratio of the number of correctly predicted positive
samples to the total number of true positive samples. SEN reflects the ability of screening
tests to find patients. SPE refers to the ratio of correctly predicted negative samples to the
total number of true negative samples.

ACC = (TP + TN)/(TP + TN + FP + FN) (21)
PPV = TP/(TP + FP) (22)

SEN = TP/(TP + FN) (23)

SPE = TN/(TN + FP) (24)

The results of our experiments are shown in Table 8. From the results, we can see that the
classification accuracy of six models is around 0.8. Densenetl21 achieves the highest
classification accuracy and the classification accuracy of Xception is the lowest.

The test set contains 102 normal images and 98 tuberculosis images. The confusion
matrices are shown in Fig. 7. We can see that the number of FP is larger than the number of
FN and TN is less than TP only for VGG16. Therefore, SEN of VGG16 is the highest in all 6
CNN models. For the other 5 CNN models, FN is more than FP and TP is less than TN.
Densenet121 gets the most TP and TN. What’s more, Densenet121 achieves the least FN and
FP. Therefore, it gets the highest ACC, PPV and SPE. If we comprehensively analyze the
values of ACC, PPV, SEN and SPE, we will find the performance of Densenet121 is the best
in six models.
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Table 8. Classification performance of six CNN models
Model ACC PPV SEN SPE
Densenet121 0.835 0.863 0.822 0.849
Inception v3 0.815 0.843 0.804 0.828
NASNet mobile 0.810 0.853 0.791 0.833
Resnet50 0.810 0.824 0.808 0.813
VGG16 0.805 0.775 0.832 0.781
Xception 0.785 0.794 0.786 0.784
Densenetl2l Inception V3
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4. Conclusion

In this paper, we use six different convolutional neural network models to classify the same
data set composed of chest X-ray images. Before training, we take three steps to optimize all
the CNN models. Firstly, we use sigmoid function to replace the step function as the
activation function, so that the activation function can be derived in the entire domain of
definition. Secondly, we use binary cross entropy function as the cost function to replace
traditional quadratic cost function in order to get the best values of CNN’s weights and bias.
Thirdly, we choose stochastic gradient descent (SGD) as gradient descent algorithm to speed
up the training process. The results of our experiments show that the classification
performance of Densenet121 is the best in six models. So Densenet121 is the most suitable
CNN model for tuberculosis diagnosis. The research on the diagnosis of tuberculosis is very
meaningful and important, there are still many shortcomings in our work. We will try to do
more research on tuberculosis diagnosis and offer more effective measures to optimize CNN
models in the future. We believe that the classification accuracy will be improved with a
more powerful model and a larger data set.
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