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Abstract:

Thanks to technological advancements, assistive healthcare systems are mushrooming and assisting
medical practitioners. In the last ten years, there has been a lot of buzz about the prospect of using
Al and closely related technologies for proactive illness detection. By examining X-rays of the
lungs, doctors can often identify tuberculosis (TB). Classification utilizing deep learning algorithms
efficiently achieves TB detection accuracy comparable to that of a doctor. Classification algorithms
used to segmented lungs rather than the full X-ray improve the likelihood of TB detection. The
originality of this work is in the comprehensive evaluation and explanation of U-Net+ findings as
well as its application to X-ray lung segmentation. This research also compares U-Net+ against
three additional benchmark segmentation designs and segmentation in identifying tuberculosis and
other lung illnesses in the lungs. Our investigation indicates that no previous work has attempted to
use U-Net+ for lung segmentation. Due to a lack of segmentation prior to classification, data
leakage occurred in the majority of the reviewed articles. Almost no one employed segmentations
prior to classification; those who did all relied on U-Net, which U-Net+ can readily supplant
because to U-Net+'s superior accuracy with mean iou (described in the findings), which lessen the
likelihood of data leaking. Using U-Net+ and a mean iou of 0.95, the authors were able to obtain a
lung segmentation accuracy of above 98%, proving the usefulness of this kind of comparison work.

Introduction:

One of the oldest known diseases, tuberculosis (TB) has likely been around for as long as people
have. Infectious tuberculosis (TB) is caused by the mycobacterium tuberculosis bacteria. Worldwide,
tuberculosis killed over 1.4 million people in 2019. The infectious illness is a leading cause of
mortality for millions of individuals every year. To stop people from contracting this potentially
deadly disease, tuberculosis must be diagnosed early. Computerized tomography (CT) scans, MRIs,
X-rays, etc., may detect tuberculosis. A key technique for tuberculosis screening is X-ray analysis. In
order to confirm a tuberculosis diagnosis in a patient, it is necessary to conduct a battery of biological
and clinical tests; thereafter, medicine is administered in accordance with the World Health
Organization's guidelines. For accurate and early tuberculosis diagnosis, screening should be done
regularly. One of the main instruments is the chest, which is useful for interpretation and sensitivity.
We must, however, do away with the possibility of intuitive discrepancies when using radiography for
illness diagnosis. Similar radiologic patterns on chest X-rays of tuberculosis and other disorders make
them easy misdiagnoses. Bad drug choices, deteriorating health, and other serious consequences
might result from a misdiagnosis of tuberculosis. So, accurate lung diagnosis is necessary. Particularly
in rural regions, there is a severe lack of qualified radiologists in low- and middle-income nations. By
analyzing CXR pictures with a CAD system, large-scale screening for pulmonary tuberculosis may be
achieved in these sorts of scenarios. With the help of large-scale datasets annotated with chest X-rays
and recent improvements in computer vision and graphics processing units (GPUs), effective picture
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identification was achieved. Obtaining datasets in the health care imaging area with as thorough an
annotation as ImageNet is a challenge, but convolutional neural network networks can learn
hierarchical visual features and highly nonlinear functions with the right training data. As we can see,
healthcare is receiving a disproportionate share of national budgets worldwide. Still, it falls short of
people's expectations [9]. In addition, current healthcare staff put in long hours due to a shortage of
personnel, which may lead to burnout and other health problems. Applications of deep learning in
healthcare have so garnered tremendous interest throughout the last decade. There have been several
medical applications where solutions based on ML and DL have been proposed. These include the
diagnosis of brain tumors, nodules in the lungs, pneumonia, breast cancer, for example. Machine
learning (ML) includes deep learning, which has been extensively used in research because to its
positive effects on picture segmentation and categorization. The X-ray imaging technique's cheap cost
and the data availability for deep learning methods made it an ideal setting for the development of
computer-aided diagnostic systems. According to the research, the accuracy of the models is enhanced
when lung pictures are classified using segmentation approaches. Lung picture segmentation using
four well-known methods is, hence, the focus of this work. One way to characterize the paper's
importance is as a review of current methods for lung segmentation issues.
FCN, the SegNet, U-Net, and U-Net+++ have been used and analyzed as four main segmentation
approaches.

* Evaluation of the aforementioned benchmark segmentation designs using various performance
metrics and analysis of the resulting data.
» How effective these segmentation approaches are in diagnosing tuberculosis.
Below is the outline for the remainder of the paper: Lung categorization approaches and a review of
the relevant literature are detailed in Section 2. A detailed, step-by-step explanation of the suggested
comparison process is provided in Section 3. Results from four different segmentation methods are
shown and discussed in Section 4. In the conclusion, Section 5 presents the results of the
implementation and suggests directions for further research.

Related Work

A cost-effectiveness study in Nairobi: the role and effectiveness of chest X-rays for TB diagnosis.
This study aimed to 1) determine how well chest X-rays (CXRs) work in diagnosing tuberculosis
(TB) and 2) compare the financial benefits of two diagnostic pathways: one that uses CXRs as a
screening tool and another that uses Ziehl-Neelsen (ZN) sputum microscopes in the event of a
negative sputum result or no sputum result at all.

The reliability and productivity of chest radiographs in detecting active TB patients.

Respiratory illness referral center for tertiary care facilities. Tuberculosis (TB) screening and
diagnosis rely heavily on chest radiography. In this study, we looked at the repeatability of a
radiographic categorization system that screens potential Canadian immigrants for active tuberculosis.
For the purpose of detecting tuberculin-positive close contacts, symptomatic patients, and prevalent
active tuberculosis among the screened applicants, we also tested the validity of this categorization
system. Reading a 10% random sample of screened chest films again allowed us to evaluate
reproducibility. Results from comprehensive clinical evaluations were used to determine validity
based on patients' final clinically and microbiologic diagnoses. Intra-reader agreement was significant
(kappas of 0.59-0.72), while inter-reader agreement employing five general groups was modest
(kappas of 0.44-0.56). Based on the adjusted odds for fibronodular changes, mass or pleural effusion,
and parenchymal infiltrate, after adjusting for age as well as patient group, compared to normal as
well minor the results or granulomas, were 10.2 (95% CI: 3.2-33), 11.6 (95% CI: 3.6-37), and 46.1
(95% CI: 18-117) respectively. Close contacts of tuberculin-positive patients were more than 50%
likely to have active TB if radiographs revealed a mass, pleural illness, or parenchymal infiltrates. The
results of a straightforward five-category categorization of chest radiography anomalies due to
tuberculosis showed acceptable validity and moderate to significant repeatability.
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Machine detection using deep convolutional neural networks: CNN designs, dataset properties,
and transferring knowledge.

Thanks to the resurgence of deep CNN and the possibility of large-scale annotated datasets, picture
recognition has achieved remarkable progress. By using CNNs, with enough training data, layered
hierarchical picture characteristics may be learned that are data-driven and highly representative. In
the healthcare imaging area, however, it is still difficult to get datasets with the same level of
extensive annotation as ImageNet. Training the CNN from scratch, utilizing ready-made pre-trained
CNN features, and doing unsupervised Neural pre-training with supervised fine-tuning are the three
main approaches that effectively use CNNs to medical picture categorization at the moment. When it
comes to medical imaging tasks, another useful strategy is transfer learning, which entails fine-tuning
CNN models that were pre-trained on datasets of real images. Three crucial, but underexplored,
aspects of applying deep convolutional neural networks to CAD identification issues are used in this
study. To begin, we investigate and assess several convolutional neural network (CNN) designs.
Depending on the model, the number of layers might range from five thousand to one hundred and
sixty million. Then, we determine how performance is affected by dataset size and geographical
picture context. Last but not least, we have a look at the situations in which fine-tuning from pre-
trained ImageNet might be instructive. Here we focus on two particular computer-aided detection
(CADe) issues: identifying thoraco-abdominal lymph nodes (LNs) and classifying interstitial lung
disease (ILD). We provide the first findings of five-fold cross-validation for axial CT slice prediction
using ILD categories, and we reach state-of-the-art performance on mediastinal LN identification,
with 85% sensitivity at three false positives per patient. Other medical imaging activities may also
benefit from our insightful CAD system designs, CNN model analyses, and thorough empirical
evaluations.

Learn how medical image deep transfer learning works.

One of the main reasons why deep learning approaches have been so successful is their capacity to
automatically learn feature representations that are task specific. Medical imaging difficulties are one
area where transfer learning has shown to be very successful due to the scarcity of huge training data.
Here, we take a methodical look at how to use a Convolutional Neural Network (CNN) that was
trained on ImageNet pictures for picture classification to the challenge of kidney recognition in
ultrasound scans. In this work, we investigate the relationship between transfer size and detection
performance. A state-of-the-art feature designed pipeline can't compete with the performance of a
transferred and tweaked CNN, and a combination of the two methods yields a 20% improvement. In
addition, we look at how our network's intermediate response pictures have changed over time.
Finally, to better understand how transfer learning handles very different imaging regimes, we
compare these results to cutting-edge image processing filters.

The causes of rising health care costs in developing countries: an empirical research.

Context: The lack of adequate healthcare financing is a persistent problem in emerging nations,
affecting both the availability of high-quality healthcare and the health of the general population. This
research looked at twenty-two (22) developing nations' health care spending from 2000 to 2018 and
how it was affected by various factors using panel data and the World Development Indicators.
Methods: The research confirmed cross-sectional reliance and dealt with homogeneity difficulties
using tests of dependence and homogeneity. To investigate the factors that contribute to the disparity
between public and private health care costs, the Quantile regression method is used. To look for
relationships between variables, you may use the Pooled averaged group causality test. The quantile
regression test found that rising healthcare expenses in developing nations may be caused by a
combination of factors, including an aging population and rapid economic development. There is a
great deal of variation among quantiles in the effects of industrialization, agricultural activity, and
technical innovation on health expenditures. While industrialization and public health expenditures
were shown to have a unidirectional causal relationship, public health expenditures and GDP per
capita and agricultural activities were found to have a two-way causative connection. In conclusion, it
is recommended that the agricultural and industrial sectors think about effective and integrated
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solutions to decrease healthcare expenses in developing nations by reducing the prevalence of
avoidable illnesses.

Result And Discussion

Using the Montgomery and Shenzhen datasets, this research evaluates four different neural network
designs for lung segmentation. To evaluate the efficacy of the model, this research draws on a dataset
consisting of 704 photos extracted from the aforementioned two sets.

In the figure, we can see the segmented lungs that U-Net predicted, the ground truth that corresponds
to them (Gold std), and the discrepancy between the two. Fig. 11 shows that the database X-ray
pictures of the lungs can be consistently and accurately segmented by U-Net trained on the Shenzhen
and Montgomery datasets.

Table 5

U-Net + +best performing training and validation results

Model Loss Dice  Specificity Mean_iou Sensitivity Recall Precision Accuracy
U-Net + + 09630 09630 09858 0.9293 0.9585 09585 09174 09771
training

U-Net++ -09796 09796 009932 0.9598 0.9753 0.9838 0.9685 0.9874
validation

Difference -0.0166 0.0166 0.0074 -0.0305  0.0168 0.028 00511 0.0103

We used the training dataset to train the U-Net++, adjusted the hyperparameters to improve the
validation set's performance, and then used the test dataset to assess the model's overall performance.
Results for training and validation that performed the best are listed in Table.

The figures demonstrate that the valldatlon mean iou and valldatlon dice coefficient are statistically
more significant that the training mean iou and training dice coefficient. Coefficients of validation and
mean iou are 0.9796 and 0.9598, respectively. U-Net+ and ground truth lung segmentation are almost
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identical, the results reveal. The distinctiveness grows with each passing period, as shown in the
figures. The specificity and sensitivity levels used for validation are higher than the ones used for
training. The revised skip route between the decoder and the encoder is shown by the validation
values of 0.9932 and 0.9753. Subpaths improved U-Net++'s optimization by connecting the encoder
or decoder along a semantic path. U-Net+ is quite accurate in producing segmented lungs, as the
figures show that validation precision and accuracy are close to one and loss decreases with each
epoch.

The figure shows the ground truth, the segmented lung segments produced by U-Net+, and the
difference between the ground truth and the lung segments produced by U-Net+. Figure 24a shows
that the lung segments created by U-Net+ were quite accurate.
The figure shows the ground truth, the segmented lung segments produced by U-Net+, and the
difference between the ground truth and the lung segments produced by U-Net+. Figure 24a shows
that the lung segments created by U-Net+ were quite accurate.

Best training results of models

Model  Loss Dice  Specificity Mean_iou Sensitivity Recall Precision Accuracy

FCN -0.6670 0.6670 0.7313 05018  0.8029 0.8029 05735 07536
SegNet  -0.6841 0.6841 0.6509 05219 09258 09258 05462 07358
U-Net -08779 0.8779 0.9493 07852  0.8756 0.8756 08896 09256

U-Net+ + -0.9630 09630 0.9858 09293 09585 09585 09685 09771

Best validation results of models

Model  Loss  Dice  Specificity Mean_iou Sensitivity Recall Precision Accuracy
FCN 0.6962 0.6962 0.5343 0.8380 0.8380 0.7609 0.5958 0.7832
SegNet 0.7914 0.7914 0.6558 0.9684 0.9684 0.7997 0.6701 0.8490
U-Net -09217 09217 0.8572 0.8904 0.8904 09837 0.9584 0.9555

U-Net + + 09796 09796 0.9598 09753 0.9838 09932 0.9685 0.9874

Here we compare the models' performance that were used in this investigation. Results for all four
models were created by training them on the Shenzhen and Montgomery datasets. The authors tallied
up the accuracy, precision, sensitivity, specificity, recall, mean iou, and dice coefficient.

With the use of tables, we can compare the deep learning models that were trained and tested on the
datasets. As segmented pictures are crucial for accurate illness detection, Table displays the results for
image segmentation. For this research, U-Net+ +was the top algorithm. Using a dice coefficient of
0.9796, a mean iou of 0.9598, and an accuracy of 0.9874, it is capable of producing segmented

5548



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 45 No. 1 (2024)

pictures. While SegNet and its findings are unsatisfactory, U-Net manages to partition lungs with dice
coefficients of 0.9217, mean iou of 0.8572, and accuracy of 0.9555, proving to be an acceptable
option throughout this investigation. While all of the models in this research employ an encoder-
decoder architecture, U-Net+'s performance stands out due to its improved skip paths, dense skip
connection, and deep supervision. As a result, when it comes to chest X-ray pictures, U-Net+ is the
ideal performance model.

Conclusion

Segmentation is a crucial step in minimizing data loss, directing the categorizing architecture to
prioritize relevant regions, and improving the accuracy of classification. Many practical benefits have
resulted from using the segmentation approach. The findings obtained by using machine training and
deep learning approaches for lung segmentation in the current literature review section articles were
rather positive. Yet, as far as we are aware, not a single publication has compared U-Net+ with other
segmentation methods for lung segmentation. We looked at four popular neural network designs—U-
Net, FCN, SegNet, and U-Net++—and compared their performance in this article. Datasets from
Shenzhen and Montgomery are used to assess the outputs of FCN, U-Net, SegNet, and U-Net+£€ +.
The U-Net ++, with its state-of-the-art design, achieved 98% accuracy, much surpassing the other
three architectures when compared between themselves. Due to the unsatisfactory findings (78%),
FCN was discouraged from doing future investigations based on picture segmentation. Additional
respiratory issues (such as pneumonia, persistent obstructive pulmonary disease (COPD), etc.) that
may be detected using chest X-rays might be in the works for the future. For further downstream
analysis, aberrant lung detection, and XAl Grad-CAM visualization, advanced feature extraction
methods using neural network algorithms and the ensemble models localization strategy are useful.
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