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Abstract

To achieve accurate detection of tuberculosis (TB) areas in chest radiographs, we design a
chest X-ray TB area detection algorithm. The algorithm consists of two stages: the chest X-
ray TB classification network (CXTCNet) and the chest X-ray TB area detection network
(CXTDNet). CXTCNet is used to judge the presence or absence of TB areas in chest X-ray
images, thereby excluding the influence of other lung diseases on the detection of TB areas. It
can reduce false positives in the detection network and improve the accuracy of detection
results. In CXTCNet, we propose a channel attention mechanism (CAM) module and combine
it with DenseNet. This module enables the network to learn more spatial and channel features
information about chest X-ray images, thereby improving network performance. CXTDNet is
a design based on a sparse object detection algorithm (Sparse R-CNN). A group of fixed
learnable proposal boxes and learnable proposal features are using for classification and
location. The predictions of the algorithm are output directly without non-maximal
suppression post-processing. Furthermore, we use CLAHE to reduce image noise and improve
image quality for data preprocessing. Experiments on dataset TBX11K show that the accuracy
of the proposed CXTCNet is up to 99.10%, which is better than most current TB classification
algorithms. Finally, our proposed chest X-ray TB detection algorithm could achieve AP of
45.35% and AP50 of 74.20%. We also establish a chest X-ray TB dataset with 304 sheets. And
experiments on this dataset showed that the accuracy of the diagnosis was comparable to that
of radiologists. We hope that our proposed algorithm and established dataset will advance the
field of TB detection.

Keywords: Tuberculosis, Chest X-ray, Computer-aided diagnosis, Object detection,
Attention.
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1. Introduction

Tuberculosis (TB) is a global infectious disease with a high fatality rate. The World Health

Organization estimates that there will be approximately 9.96 million new cases of tuberculosis
and 1.21 million deaths globally in 2019 [1]. TB is highly contagious, spreads easily, and
spreads rapidly from person to person. To effectively treat TB patients and reduce the risk of
disease transmission, a rapid and accurate diagnosis of TB is very important. If patients are
diagnosed with TB early and treated, their chances of survival can be significantly improved
[2].

The sputum smear test is the gold standard for the diagnosis of TB. It tests the sputum to
find Mycobacterium tuberculosis and diagnose TB. However, the long wait times for the
process, and the inability of many hospitals and resource-constrained communities in many
developing countries to afford such conditions, make this diagnostic method very limited [3-
4]. Since TB has visual symptoms such as fibrosis, infiltration, mass, nodule, etc., professional
radiologists can identify most symptoms on chest X-rays because chest X-ray imaging is
cheaper and easier to obtain chest images. Therefore, chest X-ray is currently the primary
method for diagnosing TB, and it is also the first choice for initial screening of lung diseases
in most countries [5-9]. However, in actual work, some other lung diseases, such as pulmonary
nodules, aseptic pneumonia, myocarditis, etc., have abnormalities similar to tuberculosis on
chest X-rays (such as vague irregular lesions.) [10]. Therefore, if multiple symptoms appear
together, it will bring great difficulties to the doctor in the diagnosis process. Moreover, when
doctors examine chest radiographs, subjective differences, image quality, and fatigue caused
by heavy work can significantly affect the diagnosis. Therefore, diagnosing and treating
pulmonary tuberculosis is a time-consuming and challenging task [11].

In recent years, many researchers have been working to develop a computer-aided detection
(CAD) system, hoping to use medical imaging and CAD systems for the initial diagnosis of
TB. However, due to the complexity of chest radiograph data and the lack of pulmonary
tuberculosis detection data sets, the existing CAD systems have low sensitivity and specificity
in diagnosing pulmonary tuberculosis.

Therefore, this paper proposes an algorithm to identify and detect TB regions on chest X-
ray images. The algorithm consists of two main network models: the Chest X-ray Tuberculosis
Classification Network (CXTCNet) and the Chest X-ray Tuberculosis Detection Network
(CXTDNet). We propose a channel attention mechanism (CAM) in CXTCNet and combine it
with DenseNet. CXTCNet was used to reduce the false-positive probability of TB detection.
Before TB detection, CXTCNet classifies chest X-ray images as healthy, TB, and unhealthy
but non-TB (Sick). Then input the identified TB data into the detection network. CXTDNet is
designed based on a sparse object detection algorithm (sparse R-CNN) to detect TB regions
on TB data obtained from CXTCNet [12]. Moreover, we use CLAHE to pre-process the data.
Finally, it is validated on TBX11K and our established dataset, proving that the algorithm in
this paper can accurately locate the TB area on chest radiographs.

The rest of the paper is structured as follows: Section 2 describes related work on
tuberculosis detection. Section 3 describes the TBX11K dataset, and our established dataset
TBX304 Section 4 describes the preprocessing method and the methodology of this study, etc.
The experimental results and comparative analysis are presented in Section 5. Finally, the
paper is summarized and concluded with future directions in section 6.
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2. Related Work

Before the rise of deep learning, the classification of TB and non-TB cases in chest radiographs
was dominated by traditional methods. These methods first extract features by hand and then
combine them with supervised learning algorithms for identification. Jaeger et al. [13] used a
graph segmentation method to segment lung regions and obtained a set of image features from
these regions. Then, they used a support vector machine (SVM) to classify the chest
radiographs into TB and non-TB. Jeyavathana et al. [14] compared three ROI feature
extraction methods: Local Binary Pattern (LBP), Histogram of Gradients (HOG), and Tamura
Texture Features. They proposed a method to extract LHTGF features (LBP, HOG, LHT, and
Gabour filters) from local windows to identify tuberculosis in the chest radiograph. Since
traditional methods are based on manual extraction of features to process medical images, it
requires algorithm designers to have a wealth of medical knowledge to extract high-quality
features with sufficient discrimination. In addition, the performance of traditional machine
learning classifiers is limited by the quality and distribution of training samples and is prone
to overfitting due to insufficient training samples, resulting in poor recognition performance
of the algorithm. With the rapid development of a convolutional neural network (CNN), CNN
has gradually been used to identify tuberculosis in chest X-ray images [15-20]. For example,
Hwang et al. [21] designed a deep-learning-based automatic detection (DLAD) algorithm.
Experiments used a dataset with 54,221 normal chest radiograph images and 6768 chest
radiograph images of active tuberculosis for validation. The final results showed that the
DLAD algorithm performed well in detecting active tuberculosis, outperforming most
physicians, including thoracic radiologists. Rahman et al. [22] used image preprocessing,
image segmentation and classification techniques to detect TB and evaluated the performance
of 9 different CNNs in identifying TB. The simulations showed that DenseNet201 achieves
the best results in chest X-ray images after U-Net segmentation, with accuracy, precision, and
recall rates of 98.6%, 98.57%, and 98.56%, respectively. Ayaz et al. [23] proposed a
tuberculosis detection technique that combines handcrafted features with deep CNN features
via ensemble learning. They evaluated the proposed method using the Montgomery and
Shenzhen datasets. The simulations show that the maximum accuracy of the Montgomery
dataset is 93.47%, and the maximum accuracy of the Shenzhen dataset is 90.6%.

However, these studies only classified chest radiographs and did not locate TB areas.
Currently, there are few research works related to the detection of TB area. The main reason
is that tuberculosis data is too sensitive and violates patients' privacy. Therefore, few publicly
available TB detection datasets bring significant obstacles to this research [24-25]. To solve
this problem, Yun Liu et al. [26] established a TB detection dataset: TBX11K. This dataset
contains 11200 X-ray images. In addition, the corresponding locations with TB areas in the
TB samples are annotated. Finally, these improved detection algorithms are simulated on
TBX11K and used as a baseline for future research. The proposed TBX11K dataset and
reference baselines are expected to advance research in CAD systems and design better CAD
systems through new powerful deep networks.

3. Datasets

We used two datasets, a public tuberculosis X-ray (TBX11K) dataset and one diagnosed,
labeled, and created by several radiologists from the Shaanxi Provincial Tuberculosis Control
Hospital. The public dataset was mainly used for experimental comparison with other existing
studies. The dataset we established was used for comparison with radiologists, making this
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study more convincing and reliable. Table 1 below shows the statistics of the number of
datasets used in this paper, and the different datasets will be described in detail below.

Table 1. Number of datasets used in this paper

Dataset Category Number (sheets) Total (sheets)
Health 5000
TBX11K diseased but non-TB (Sick) 5000
B 1190 11494
we established B 304
3.1 TBX11K

TBX11K is a TB chest X-ray dataset established by Liu et al. It consists of 11,200 X-rays, of
which 5,000 are healthy samples, 5,000 are unhealthy but non-TB samples, and 1,200 are TB
samples. Also, the TB samples contained different types of TB. Among them, there are 924
active cases, 212 latent cases, and 54 cases with both active and latent cases. The type of the
remaining 10 cases is still to be determined. The pending of all images was 512 x 512. For
images with TB manifestations, in addition to using boxes to locate TB areas, the type of each
TB area is also differentiated. The 10 indeterminate cases out of the 1200 cases with TB
manifestations that could not be recognized as TB type under today’s medical conditions were
not used in this paper. In conclusion, TBX11K can be divided into the following categories,
healthy, sick, and TB, of which TB is divided into latent and active. In Fig. 1, we show some
of the data from the dataset TBXl&K.

*
(a) Health (b) Sick (c) Active TB (d) Latent TB

Fig. 1. Shown is a partial X-ray image of the dataset TBX11K. a, b, ¢ and d are the image data of
Health, Sick, Active TB and Latent TB types respectively.

3.2 Established dataset

In order to validate proposed detection method in a real environment, a new TB dataset was
created--TBX304. This dataset was established in collaboration with the Shaanxi Provincial
Tuberculosis Hospital. Several radiologists diagnosed and labeled it with many years of
clinical experience, which has a high degree of authenticity and accuracy. The dataset has 304
chest X-ray images, all of which are active tuberculosis and marked with the corresponding
bounding boxes of tuberculosis areas. The initial resolution of all X-ray images was around
3000x3000. However, to improve the processing speed and ensure that the images do not lose
features due to excessive compression, the resolution of all images was adjusted from
3000x3000 to 512x512. Some of the data from our newly created dataset are shown in Fig. 2.
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Fig. 2. Shown is a partial x-ray image of TBX304.

4. Methods

4.1 Algorithm structure

Since there are many chest X-ray images of diseased but non-TB (Sick), the direct use of TB
region detection algorithms may lead to misdiagnosis [10]. To solve this problem, we design
a high-precision classification algorithm to classify chest X-ray images into healthy, TB, and
sick. Efficient screening of TB area detection was carried out first, which helped reduce false
positives in detection results and improve detection performance. TB is divided into latent TB
and active TB. Latent TB means that the patient had TB before, but it has been cured and has
no health consequences or contagiousness. On the other hand, active TB means that the patient
has TB and is contagious, so the distinction between the two is important to the doctor's
diagnosis [27]. Therefore, this paper not only detects TB areas but also identifies TB types, to
assist physicians in more accurate diagnosis and treatment. Fig. 3 shows the detection
flowchart of the chest X-ray TB area detection algorithm proposed in this paper. The overall
process is as follows: first, the dataset is preprocessed with data, and then the chest X-ray
images are classified into three categories by CXTCNet, i.e., healthy, sick, and TB. When the
recognition result is healthy or sick, the result is output directly; when the recognition result is
TB, the chest X-ray image is input to CXTDNet to detect the TB.

{r

TB X-ray dataset

Fig. 3. The architecture of the TB detection algorithm proposed in this paper. CXTCNet is Chest X-
ray TB Classification Network. CXTDNet is Chest X-ray TB area Detection Network
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4.2 Data preprocessing

To improve the image quality, we used Contrast Limited Adaptive Histogram Equalization
(CLAHE) to reduce the noise level and enhance the contrast of the medical image [28]. After
preprocessing the image by CLAHE, it is more helpful to extract some essential features when
executing the algorithm steps later and analyze the presence of tuberculosis lesions in that
image by these features. CLAHE is a method to improve the low contrast problem of digital
images. It has been shown that CLAHE is well suited for biomedical images such as
mammograms, where it can improve image quality by removing noise [29-31]. Therefore, in
this paper, CLAHE is introduced into the preprocessing stage of data to preprocess the data
and improve the image's contrast. CLAHE limits the magnitude of contrast enhancement by
limiting the height of the local histogram to avoid amplification of noise and excessive contrast
enhancement. The algorithm redistributes the histogram part that exceeds the trimming limit
to other parts of the histogram by setting a trimming limit value. Furthermore, we can limit
the slope of the transform function during local histogram equalization to avoid the problem
of noise amplification caused by the over-enhancement of narrowband pixels.

CLAHE solves some of the problems caused by standard Histogram Equalizatio (HE): (1)
areas with too much contrast enhancement become noisy (2) some areas become darker or
brighter after adjustment, resulting in more details lost. Moreover, CLAHE also solves the
problems such as image distortion brought by Adaptive histogram equlization (AHE). CLAHE
preprocesses the data used in this paper at the beginning, and the preprocessed images are
shown in Fig. 4. The image on the left is the original image, and the one on the right is the
image obtained after CLAHE preprocessing. As shown in Fig. 4, the white area in the box in
the left image is the tuberculosis lesion. The contrast between this location and the lung
shadow in the original image is low, and the characteristics of the tuberculosis lesion are not
very obvious. In contrast, the image after CLAHE preprocessing can see the image details with
high contrast and at the same time has good noise suppression. It is known that preprocessing
with CLAHE can enhance the image details while avoiding noise amplification and has a good
enhancement effect.

Fig. 4. Comparison of the original image (left) and the image after CLAHE preprocessing (right).
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4.3 Chest X-ray TB Classification Network (CXTCNet)

In recent years, deep learning has evolved rapidly, and with it many convolutional neural
network (CNN) models, including LeNet5 proposed in 1998, and later AlexNet, DenseNet,
SENet, etc [32-36]. Studies have proved that CNN has achieved great success and has been
widely adopted by the computer vision community, suitable for tasks such as image
classification and image detection [37-39]. A CNN is structured mainly with several
convolutional (Conv) and pooling layers, and at least one fully connected (FC) layer is
connected at the end. Among them, the convolution layer has multiple convolution kernels
with trainable weights. Multiple feature maps are finally generated by convolving the image
with each convolution kernel and adding a bias to the convolution layer. The pooling layer is
a non-linear down-sampling process that can save the relevant information about the task,
increase the receptive field of the feature map, and remove irrelevant details. The previous
convolutional and pooling layers are for feature extraction of the image, and the fully
connected layer is to classify the extracted features. The classification is realized by mapping
the features to neurons.

By analyzing the recognition effects of existing classification methods, it is found that these
methods perform well in many image classification scenarios. However, for complex
application scenarios such as medical images, the recognition accuracy that can be achieved
is not very good, especially for image data of chest radiographs where multiple diseases exist,
and the lesions of different diseases are relatively similar. Therefore, we did not choose to use
the existing CNN model directly for chest radiograph classification but by analyzing the
existing TB classification studies and classification networks. Then DenseNet was chosen as
the backbone, a channel attention module (CAM) was proposed, which led to the design of a
chest radiograph tuberculosis classification network (CXTCNet). The image can be
convolutional operated to get the feature map. To obtain the channel feature on the feature
map so that the neural network can learn the relationship between the feature map channels
through backpropagation, we designed CAM. CAM is composed of different pooling
operations, fully connected layers, and activation functions, as shown in Fig. 5.

] 1]
u Max Pooling |— EE°8 1*N*C
1] 1*1*C
EEEEEEEE
: EnEm n s
AvgPooling  |— FSEE peemeEs — || — || — S———
NN ENEEEEEE
Global Pooling | — memmmmmm

Fig. 5. Structure of the Channel Attention Module (CAM).

When the feature map enters CAM, CAM first uses three different pooling operations to
extract features of the feature map. Then use the first FC to map the feature information and
at the same time, play the role of dimensionality reduction. The activation function of this FC
uses ReLU. Finally, the second FC is used to upgrade the dimension, and the activation
function Sigmiod is used to limit the output to (0, 1) as the weight of each channel of the
feature map. CAM uses the learned weights to limit or play the importance of the
corresponding channels and control the influence of different channels on the final output
result. In order to obtain the weight coefficients of each channel, the global average pooling
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(GAP) is used to extract the global feature information of each channel of the feature map, and
the value calculated by GAP is the global distribution of the corresponding feature channels.
As shown in Fig. 6, GAP transforms the feature map of size W*H*C into a weight coefficient

of 1*1*C. The calculation formula of GAP is:
W

1 a -
FGAP:mzzuc(l’J) (2)

i=1 j=1

Foap is the result of the GAP, W and H are the width and height of the feature map, respectively.
C is the channel number of the feature map, and uc(i, j) is the value of the i-th row and j-th
column in the c-th channel of the input feature.

GAP
>

Fig. 6. Extract the information of feature maps using GAP.

However, only the learning of global features will result in the loss of some information,
so we have added local average pooling and local maximum pooling to retain more image
feature information to improve the final recognition performance of the network. Moreover,
to reduce the number of parameters of CNN in the calculation process, we limit the results of
local pooling. When the size of the feature map is greater than or equal to 128*128, the pooling
window is 7*7 and the stride is 7; when the size of the feature map is greater than or equal to
64*64, the pooling window is 5*5 and the stride is 5; When the size of the graph is smaller
than 64*64, the pooling window is 3*3, and the stride is 3. After the above three pooling
operations, a feature map of size 1*N*C can be obtained, and then the feature matrix is input
to the first FC and the activation function ReLU. In this way, the complex correlation between
the channels can be well fitted. The selection of fewer neurons is also beneficial in reducing
the number of parameters and the amount of calculation. The resulting feature matrix with a
size of 1*N*C will be input to the second fully connected layer and the activation function
sigmoid, and the number of neurons is the same as the number of channels. Therefore, a feature
matrix with a size of 1*1*C can be obtained, and each value is between (0, 1), representing
the weight ratio of each channel. Finally, a multiplication operation is used to multiply the
obtained weight coefficients with the corresponding feature channels in the feature map. The
weight coefficients are used to suppress or play the importance of the corresponding channels.
Furthermore, through backpropagation, the weight coefficients corresponding to unimportant
channels are reduced, and the weight coefficients corresponding to more important channels
are increased, so that the network can learn more features.

Dense Convolutional Neural Network (DenseNet) eliminates the problems of gradient
disappearance and gradient explosion by establishing dense connections between different
layers. At the same time, it uses the shallow features of the network model to enable the
network to learn more feature information and realize Feature reuse. Compared with other
deep convolutional neural network models such as ResNet, DenseNet reduces a large number
of training parameters, effectively suppressing the overfitting phenomenon in the model
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training process, making DenseNet stronger in generalization ability and better performance.
Therefore, we use DenseNet as the backbone and cooperate with CAM to fuse the image's
spatial feature information and channel feature information. In order to ensure that sufficient
feature information is learned, we place the CAM behind the Dense Block to avoid the loss of
feature information caused by operations at the transition layer. The specific connection is
shown in Fig. 7. After the feature map passes through the Dense Block, a new feature map is
obtained. The calculation formula of the Dense Block is:

H= F([ho’ hl""’ hl—l]) (2)
Where H is the output of Dense Block and [ho, hs,...,hi1] is the feature map of the output of
layers 0 to I-1, respectively. Then, the feature map is input to CAM to obtain the weight matrix,
which is calculated by:
X = Fean (H) = s(W,,(r(W, ,(Feap (H),Fyax (H),Fays (H))) (3)
Where X is the weight coefficient of CAM output, Feapr, Fmax, Fave are the results of feature
map obtained by global average pooling, local maximum pooling and local average pooling,
respectively. Wi is the neuron weight of the first FC, r is the activation function ReLU, W- is
the neuron weight of the second FC, and s is the activation function Sigmoid. Finally, the
weight matrix is multiplied by the input feature map, and the calculation formula is as follows:
H=F(H, X) @)
Where H is the output result and F represent the corresponding channel multiplication of the
feature map output by the Dense Block and the weight coefficient obtained by the CAM.
We added CAM to each Dense Block, because the module has a small amount of
parameters, so it can rudece the calculation burden of the network. Finally, the Softmax
classifier is used for classification, and the formula of the loss function is as follows:

k=3 X;
Lo = _Z y;loga = _Z Yi IOg(ﬁ) (5)

j=1
Where y is the true value, a is the value obtained by Softmax, and k is the number of categories.
The classification network recognizes the chest radiographs of patients suffering from
tuberculosis in advance, thereby preventing other lung diseases with similar abnormalities to
tuberculosis from affecting the test results, reducing false positives in tuberculosis area

detection, and improving the detection performance.

Dense Block

Fig. 7. CAM and DenseNet connection structure diagram.

4.4 Chest X-ray TB area Detection Network (CXTDNet)

Object detection is an important branch of computer vision. With the deepening of neural
network theoretical research and the substantial increase in hardware GPU computing power,
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it has become a hot spot in global artificial intelligence research [40-41]. Object detection was
mainly set up with dense candidate boxes. For one-stage detectors, such as YOLO, SSD,
RetinaNet. [42-47], these detectors would directly predict the classification and position of
thousands of dense anchor boxes placed in the image space, and their candidate box settings
resulted in the presence of a large number of hyperparameters. These hyperparameters include
the number of anchors at each position, the size of the anchor, and the aspect ratio of the anchor.
For two-stage detectors, such as the Faster RCNN, the foreground and background regions are
first classified from a predetermined dense set of anchor boxes, resulting in sparse region
proposals, which are then put into the later network for finer classification and position
regression [48]. However, dense candidate boxes are set in the model in the one-stage and two-
stage, which is a significant burden to the detection network. Furthermore, these dense object
detection algorithms produce many similar results, so at the end a post-processing with non-
maximum suppression (NMS) is required [49]. Recently, the DETR network, which migrates
transformers to computer vision tasks, has received widespread attention. This network
transforms the target detection task into a task of set prediction, using a transformer coder-
decoder structure and a bilateral matching approach to obtain prediction results directly from
the input image [50]. Unlike other detection methods, DETR has no proposal, no anchor, no
center, and no cumbersome NMS. It directly predicts the detection boxes and categories. It
uses the Hungarian algorithm of bipartite graph matching to achieve the task of object
detection with a clever combination of CNN and transformer. Nevertheless, DETR has many
disadvantages, such as slow convergence and high inference memory usage. Therefore Peize
Sun et al. proposed sparse R-CNN, Sparse R-CNN is extremely simple, with no need to set an
annoying dense anchor, no RPN, no complex post-processing and NMS, no need to balance
the RPN and fast RCNN training process carefully, and no hard-to-tune hyperparameters. The
effect is better than Faster R-CNN and the convergence speed is much faster than DETR, so
we choose Sparse R-CNN to be the detection network. The sparse R-CNN is a simple, unified
network composed of a backbone network, a dynamic instance interaction head, and two task-
specific prediction layers, as shown in Fig. 8. In the initial input of Sparse R-CNN, in addition
to the input image data, a set of proposal boxes and corresponding proposal features are also
input. This set of proposal boxes and proposal features is optimized along with other
parameters in the network.

/Q Dynamic Head k

Cls
— — ~TTr <,
3 ]
: K-th box : K-th feature
[—I:I:I:I:I l:l:l:l:l] [ﬁ \\\\HU"'\\\\\\U]

Fig. 8. Structure of Sparse R-CNN.

The backbone network used by Sparse R-CNN is a FPN based on the ResNet architecture
[51]. After analyzing the appeal classification experiments, it is known that our proposed
CXTCNet can extract enough image feature information, so we change the FPN based on
ResNet architecture to CXTCNet-based FPN as our backbone network.
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The proposal boxes of sparse R-CNN are not from FPN, but are used as region proposals
through a set of learnable proposal boxes (n4) [52]. The value range of the proposal box is (0,
1), and the number of the proposal box is determined by the hyperparameter d, which
represents the d group of proposal boxes. Each group of proposal boxes has 4 values,
representing the center coordinate, height, and width, respectively. These learned proposal
boxes can be viewed as initial guesses for the regions most likely to contain objects in the
image. A back-propagation algorithm will update the parameters of proposal boxes during the
training process.

Although the proposal box is a concise and clear way to describe an object, it can only
represent the rough positioning of the object. It cannot represent the more detailed feature
information in the image, such as the posture and shape of the object. Therefore, the author
added a proposal feature, whose size is N*d, to enrich the latent information of the feature.
The number of proposal features is the same as the number of proposal boxes, and there are d
groups of proposal features when there are d groups of proposal boxes. There are N values in
each set of proposed features, and the default value of N is 256.

Fig. 9 shows the architecture of the dynamic instance interactive header. Sparse R-CNN
first uses the RolAlign operation to extract the features of each proposal box. Then each Rol
feature is fed into its exclusive head for object location and classification, where each head is
conditioned on a specific proposal feature. Finally, each Rol feature will interact with the
corresponding proposal feature to filter out ineffective bins and outputs the final object feature.
For lightweight design, continuous 1x1 convolution with ReLU activation function is used to
realize the interactive process. To obtain a more discriminative feature, each feature is
convolved with the Rol area feature to obtain a more discriminative feature. The final
regression prediction uses FC and ReL.U activation functions.

LOSS = ﬂ’cls .Lcls +AL1.LL1+ﬂ’giou .Lgiou (6)
Where Lcis represents the classification loss, and the focal loss is used here. The regression loss

for objects is the weighted sum of the L1 loss and the generalized iou loss, i.e. L1 and Lgioy in
Eq. (6). Acss,, AL, and Agiou denote the coefficients of Les, L1, and Lgiou, respectively [53].

- -_— - - -"—--""-"""-""="”-"""”-"""”"-"""""""=""="""'¥= -~~~ —_— - ~
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Fig. 9. The structure of the Dynamic instance interactive head.
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5. Experimental results and analysis
5.1 Experimental analysis of CXTCNet

5.1.1 Evaluation metrics

Since the classification network is used to identify healthy, sick and TB, the evaluation metrics
used in this experiment are Accuracy, Precision, Recall and F1 score.

5.1.2 Parameters adjustment

Due to the unbalanced distribution of the data in the three categories of TBX11K, there are
5000 images for both health and sick, but only 1200 for TB, which will lead to overfitting if
training is performed directly. Furthermore, we only selected 1190 radiographs with TB
manifestations out of 1200, and the uncertain 10 we screened out. Therefore, we randomly
took 1190 images from each class of data and performed data enhancement to have more
balanced data. Then the enhanced data is randomly divided into the training set, validation set
and test set, with a ratio of 6:2:2. 8 V100 GPUs were used for experiments, and the deep
learning framework was PyTorch. Through experimental verification and analysis, the optimal
parameter settings are obtained. Table 2 shows the experimental results using different
parameters. The optimizer used is Adam. From Table 2, when the learning rate is 0.0001, the
input size is 512*512, the batch size is 16, and the epoch is 500, the best classification
performance is achieved with 99.10% accuracy, 99.00% precision, and 99.25% recall.

Table 2. Experimental results of different parameters

Learning rate Inputsize  Batchsize Epoch Accuracy Precision Recall F1
0.001 512*512 16 500 96.07 96.53 96.92 96.73
0.0001 512*512 16 500 99.10 99.00 99.25 99.12
0.0001 512*512 16 300 98.20 97.85 98.27 98.06
0.001 224*224 16 500 95.97 95.70 96.05 95.87
0.0001 224*224 16 500 97.88 97.32 98.13 97.72
0.0001 512*512 8 500 98.13 97.72 98.54 98.13
0.0001 512*512 16 1000 98.87 98.54 98.93 98.73

5.1.3 Validation of CAM

To verify the effect of CAM on the algorithm's performance, we experimentally compared the
algorithm with and without CAM. First, we experimentally verified the algorithm's
performance without CAM and adjusted the model parameters to obtain the optimal parameter
settings: optimizer is Adam, the learning rate is 0.0001, the input size is 512*512, the batch
size is 16, and the epoch is 500. Fig. 10 shows the accuracy change curves of the models with
and without CAM in the training process. As shown in Fig. 10, when the classification network
does not incorporate CAM, the accuracy during training is about 93%, and the fluctuation of
accuracy is high. The accuracy on the test set is also only 91.87%, and the precision and recall
rates are also low. When the classification network is added to the CAM, the loss steadily
decreases during the training process, and the accuracy rate gradually increases. Finally, the
accuracy rate on the test set is also significantly improved, as high as 99.10%, and the precision
and recall have reached 99.00% and 99.25% respectively. Therefore, the addition of CAM
enables the model to learn not only the spatial features, but also the channel features. This
module significantly improves the performance of the classification network and achieves the
purpose of accurately identifying different types of chest X-ray images.
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Fig. 10. Comparison of accuracy between adding CAM to the algorithm and not adding CAM.

5.1.4 Comparison with other classification algorithms

Our proposed algorithm (CXTCNet) has also been compared with other mainstream
classification algorithms, using classification network models such as ResNet, DenseNet, and
SENet. The following experimental results are finally obtained through constant adjustment
of hyperparameters, as shown in Table 3. First, using resnet50 to experiment on the dataset
and by adjusting the parameters, the highest accuracy of 87.91%, accuracy of 87.79% and
recall of 87.05% were obtained, which is not as good as the performance of CXTCNet. The
results of resnet101 are not excellent either. The highest accuracy rate is 90.15%, the accuracy
rate is 91.35%, and the recall rate is 87.56%. DenseNet121 and DenseNet169 is slightly better,
among which DenseNet169 is relatively good, with accuracy, precision and recall rates of
92.87%, 93.79% and 88.84% respectively. Finally, we also used SENet, an attention
mechanism, for experimental validation. Experiments show that SENet outperforms the
previous ResNet and DenseNet with an accuracy of 95.32%, precision of 96.23%, and recall
of 94.85%. Although SENet is good, it is still 3.78 percentage points lower than CXTCNet.
Therefore, we know that our proposed CXTCNet can accurately identify the features in
different types of chest X-ray images and classify these features. Its performance is better than
most existing classification network models.

Table 3. Comparison results of CXTCNet and other classification algorithms (%)

Method accuracy precision recall F1
ResNet50 87.91 87.79 87.05 86.92
ResNet101 90.15 91.35 87.56 89.41
DenseNet121 91.07 90.57 91.73 91.46
DenseNet169 92.87 93.79 88.84 91.25
SENet 95.32 96.23 94.85 95.54
CXTCNet (Our Method) 99.10 99.00 99.25 99.12

This paper also compares with some of the more advanced pulmonary tuberculosis
identification algorithms. The following TB classification algorithm mainly uses the Shenzhen
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and Montgomery County datasets. Therefore, when comparing with these algorithms, the
datasets used in this paper are also these two datasets. Jaeger et al [12] used a variety of
machine learning techniques to classify chest radiographs in these two datasets. Among them,
the maximum accuracy rate of the Montgomery County dataset in the United States is 78.3%,
and the accuracy rate of the Shenzhen dataset is 84%. Vajda et al. [54] proposed a fully
automated chest X-ray system. The maximum accuracy rate obtained by the system on the
Montgomery County dataset in the United States is 84.75%, and the maximum accuracy rate
obtained on the Shenzhen dataset is 97.03%. Pasa et al. [55] conducted experiments on both
datasets simultaneously and achieved a maximum accuracy of 92.5%. Tasci et al. [56]
proposed a voting and preprocessing variant-based ensemble CNN model for TB detection.
The accuracy of the proposed method on the Montgomery and Shenzhen datasets is 97.500%
and 97.699%, respectively. Guo et al. [57] proposed an ensemble process to detect and localize
tuberculosis using deep learning. The maximum accuracies obtained by this method on the
Montgomery and Shenzhen datasets are 95.49% and 98.46%, respectively. The classification
algorithm proposed in this paper obtained the maximum accuracy rates of 98.93% and 99.07%
in the Shenzhen and Montgomery datasets, respectively. Furthermore, the accuracy rate
obtained after merging the two datasets also reached 98.21%. The detailed comparison results
are shown in Table 4. Compared with the work of Jaeger et al., the method proposed in this
paper greatly improves the performance of TB classification on chest radiograph.

Table 4. Comparison of the accuracy of the classification algorithm proposed and other pulmonary
tuberculosis identification algorithms on different datasets (%)

Shenzhen and

Method Shenzhen dataset Montgomery dataset
Montgomery dataset

Jaeger et al. (2013) [12] 84 78.3 -

Ayaz et al. (2021) [22] 90.6 93.47 -

Vajda et al. (2018) [54] 97.03 84.75 -

Pasa et al. (2019) [55] - - 92,5

Tasci et al. (2021) [56] 97.699 97.5 -

Guo et al. (2020) [57] 98.46 95.49
CXTCNet (Our Method) 98.93 99.07 98.21

5.2 Experimental analysis of CXTDNet

5.2.1 Evaluation metrics

For assessing of TB area detection, our evaluation metrics are consistent with those used by
COCO, with the main values being AP and AP50. AP is the lou threshold in the interval 0.5 -
0.95, and AP is calculated at 0.05 intervals and averaged thereafter. AP50 is the AP with an
loU threshold of 0.5 [58].

5.2.2 Parameters adjustment

In CXTDNet, we first trained using the default parameters of sparse R-CNN, i.e., ResNet50
was used as the backbone, the optimizer was AdamW and the weight decay was 0.0001, the
batch size was 16, all models were trained on 8 GPUs, and the deep learning framework was
PyTorch. The default number of iterations is 100 epochs, and the initial learning rate is set to
2.5*10-5, divided by 10 at epoch 80 and 90, respectively. The input size of the image is
512*512, and the default number of proposed boxes and proposed features are 100 and 100
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respectively. Then the parameters were adjusted to find the optimal parameter settings for
CXTDNet. The different results caused by different parameters are shown in Table 5. It is
known from the experiments that the parameters that can have a significant impact on the
results are batch size, epochs, learning rate, input size, and the number of proposed boxes.
From Table 5, the optimal parameters of CXTDNet are set as follows: batch size is 16, epochs
are 110, the learning rate is 2.5*10-5, the input size is 512*512, and the number of proposed
boxes is 300. Furthermore, because no other two types of data were included, i.e., health and
sick, CDTDNet achieved very good results. The final AP obtained was 45.35%, and the AP50
was 74.20%. Fig. 11 shows the detection results of CXTDNet. Although the overall results
were good, the detection of latent TB was poor, with an AP of only 30.78%. There are only
212 latent TB chest X-ray images in the dataset, while there were 924 active TB chest X-ray
images, and the data set also includes two types of chest radiographs that co-exist. However,
considering the high accuracy of detection for TB areas, it has been possible to reach the role
of assisting doctors in diagnosis. So this data imbalance issue will continue to be looked at in
later studies.

Table 5. Experimental results of different parameters of CXTDNet

Input size P?Opxoessed Batch size Learningrat  Epochs AP(%) AP50(%)
512*512 100 16 2.5*10-5 100 34.21 65.22
224%224 100 16 2.5*10-5 100 36.64 67.53
512*512 200 16 2.5*10-5 110 39.31 69.71
512%512 300 8 2.5*10-5 110 35.90 66.28
512*512 300 16 2.5*10-5 100 45.35 74.20
512*512 300 16 1.0*10-5 110 38.18 67.70

512*512 300 16 2.5*10-5 120 40.85 72.68

Fig. 11. The detection results of CXTDNet are shown here. The marked boxes in the figure show the
TB areas detected by CXTDNet, with the corresponding TB types and the calculated confidence.
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5.2.3 Validating the role of CXTCNet

In order to validate the enhancement brought by the classification network (CXTCNet) to the
final detection results, we performed a set of validation experiments. Chest X-ray images were
placed directly into Sparse R-CNN for training and testing, using the same backbone and
parameter settings as described above. Fig. 12 shows the results of this part of the experimental
comparison. From Table 6, we can see that the detection results obtained by putting the chest
X-ray images of healthy, sick and TB into Sparse R-CNN directly are not very satisfactory.
AP is only 25.74%, and AP50 is only 63.15%. In contrast, our proposed algorithm for TB
detection based on the attention mechanism and Sparse R-CNN achieves an AP of 44.90%
and an AP50 of 73.28%. This analysis is mainly due to the similarity of abnormalities such as
aseptic pneumonia, myocarditis, exudates, infiltrates, masses, nodules, and so on in chest
radiographs with tuberculosis, which causes many misclassifications. Due to the presence of
these pathologies, directly using the target detection algorithm would raise the false positive
rate. With our proposed Chest X-ray Tuberculosis Classification Network (CXTCNet) for
early screening, the Chest X-ray Tuberculosis Detection Network (CTXDNet) can avoid this
problem and, thus, precisely local TB areas.

Table 6. Results of experimental validation using Sparse R-CNN on TBX11K and our proposed TB
detection algorithm using attention mechanism and Sparse R-CNN on TBX11K

Method AP(%) AP50(%)
Sparse R-CNN 25.74 63.15
Our Method 44,90 73.28
70 A
60 A
50 -
o
Ta]
Z
40 -
30 -
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—— not CXTCNet
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Fig. 12. When detecting whether the network uses CXTCNet, the change curve of AP50 during the
training process, the blue is the change curve of using CXTCNet to screen in advance, and the red is
the change curve of direct detection.
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5.2.4 Comparison with other detection algorithms

The proposed chest X-ray TB detection algorithm is also compared with various mainstream
target detection algorithms, including Faster R-CNN, SSD, RetinaNet, etc. The backbone of
these detection algorithms is pre-training using ImageNet. Table 7 shows the results of
comparing our proposed algorithm with different detection algorithms. From Table 7, it can
be seen that among these mainstream detectors, the detection of TB areas in chest X-ray
images is poor. FOCS has the lowest AP50 of 46.6%, RetinaNet of 52.1%, and SSD of 52.3%,
while Faster R-CNN has the highest AP50 of 57.3%. From the performance results of the
detection, the performance of these detection algorithms is significantly lower than that of our
proposed detection method.

Table 7. Comparison results between CXTDNet and multiple detection algorithms

Method AP (%) AP50(%)
Faster R-CNN 22.7 57.3
SSD 22.6 52.3
RetinaNet 22.2 52.1
FCOS 18.9 46.6
Our Method 44,90 73.28

5.2.5 Comparison with radiologists

Finally, to validate the effectiveness of our proposed algorithm based on attention mechanism
and Sparse R-CNN for chest X-ray TB area detection in real-world scenarios, we tested it on
our established dataset TBX304 and compared it with the diagnostic results of several
radiologists in Shaanxi provincial tuberculosis control hospital. The experiments show that the
accuracy of our proposed detection algorithm on this dataset is no less than that of professional
physicians. Fig. 13 shows the detection results of our proposed algorithm on TBX304.

. RS

<
B | =

Fig. 13. The detection results of our proposed algorithm for TBX304 are shown here. The marked

boxes in the figure show the TB areas detected by the algorithm, with the corresponding TB types and
the calculated confidence.

6. Conclusion

Early diagnosis is essential for the treating and preventing tuberculosis, a major infectious
disease. Inspired by the rapid development of computer-aided diagnosis systems and deep
learning, we use CLAHE to preprocess the chest radiograph data to improve the contrast
between key features of pulmonary tuberculosis and the background. Then, we propose a
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tuberculosis detection algorithm using attention mechanism and Sparse R-CNN for detecting
tuberculosis areas on chest X-ray images. The algorithm improves the reliability and accuracy
of the whole algorithm by designing two networks, the chest X-ray TB classification network
(CXTCNet) and the chest X-ray TB area detection network (CXTDNet). We design a channel
attention module (CAM) in the classification network to enable the deep learning network to
extract more helpful information about the image features. In the detection network, we
designed CXTDNet based on the sparse object detection algorithm Sparse R-CNN, using a
fixed set of learnable suggestion frames and learnable suggestion features for classification
and localization. By combining CXTCNet and CXTDNet, we achieve the purpose of
accurately locating TB areas in chest X-ray images. Moreover, the algorithm will distinguish
latent TB from active TB during detection process. To further advance the development of TB
detection, we build a new TB dataset called TBX304. The final experimental results
demonstrate that our proposed attention mechanism and Sparse R-CNN based chest X-ray TB
area detection algorithm outperforms the established detectors on the dataset TBX11K, In the
dataset we build TBX304 performs no worse than radiology professionals. Although the chest
X-ray TB area detection algorithm proposed in this paper can accurately locate the TB area in
the image, the AP of the latent TB is relatively low due to the small amount of data on latent
TB. We will consider adding latent tuberculosis samples to the newly created dataset or
borrowing the current methods of small sample learning to study this problem. At the same
time, the tuberculosis detection model is relatively complex and not easy to deploy, so
reducing the complexity of the model is also a problem that needs to be solved in the next step
of this research.
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