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1. INTRODUCTION

Mycobacterium tuberculosis (Mtb), the bacteria that causes tuberculosis (TB) [1], continues to be a
major public health concern, with many new cases and deaths each year. Despite significant advancements in
public health and medicine, TB remains a prime cause of death and morbidity, particularly in underdeveloped
countries where access to healthcare units is limited. Sputum [2] smear microscopy [3] and chest X-rays [4]
are two essential traditional diagnostic techniques [5] for TB. Even with these developments, problems
including limited sensitivity, high false-negative rates, and inconsistent diagnostic accuracy might
occasionally limit these techniques. An innovative solution to these issues is offered by deep learning [6], a
potent branch of artificial intelligence [7]. By increasing the precision and automation of complicated pattern
detection in images [8], deep learning [9] has significantly changed the area of medical imaging [10]. This is
especially true when using convolutional neural networks (CNNs) [11]. These developments are particularly
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aids in the identification of TB [12], since CNN’s are groomed to identify subtle abnormalities that
traditional approaches [13] are unable to identify. TB is usually curable and preventable.

It is possible to successfully modify pretrained structures [14] for radiological interpretation
pertinent to a particular area. DenseNet-121 [15] is especially useful for TB detection [16] due to its densely
connected feature propagation, which improves gradient stability and permits the recovery of fine-scale
parenchymal patterns [17] linked to TB lesions. The model's [18] capacity to generalize is enhanced by
combining DenseNet-121 with particular imbalance-handling processes, such as minority-class frequencies
as low as 10-20%, employing synthetic minority oversampling technique (SMOTE) [19] and associated
hybrid resampling techniques. DenseNet-121, a deep CNN [20], is widely used for image classification
applications, such as TB identification from chest X-ray pictures. To reduce overfitting and enhance feature
propagation, densely linked layers are employed. In order to effectively identify patterns associated with TB,
DenseNet-121 is used on a labeled dataset. The areas of the X-ray [21] that are most crucial to the model's
completion are then displayed [22] using gradient-weighted class activation mapping or Grad-CAM [23].
Grad-CAM draws attention to these areas to make DenseNet-121's forecasts easier to understand. This
machine facilitates precise diagnosis [24], boosts physician trust in artificial intelligence models, and enables
them to understand the logic underlying classification.

Furthermore, the process of detecting and diagnosing TB [25] will be accelerated and made simpler
by using deep learning and artificial intelligence. The majority of earlier research on the diagnosis and
detection of TB [26] was concentrated on image processing methods, using MATLAB and simple CNN
networks as a detection model. This research article is divided into five sections: section 1 introduces the
disease TB and the use of deep learning to diagnose it; section 2 provides an overview of earlier research that
is relevant to this study; section 3 illustrates the suggested method and how it is implemented; section 4
shows the findings; and finally, section 5 provides the summary, which is followed by a list of references.
The results of this work are as follows: i) TB is detected from chest X-ray images using CNN, ii) the transfer
learning technique known as DenseNet-121 is used, which improves classification accuracy using specified
weights, iii) To better display and comprehend the output, the explainable artificial intelligence (XAI) [27]
approach known as Grad-CAM is employed.

2. RELATED WORK

Panicker et al. [2] explains an automatic method for identifying TB bacilli from pictures of
microscopic sputum images. According to data from the World Health Organization (WHO), TB is the tenth
most prevalent cause of mortality globally. Although there are several ways to diagnose TB, the conventional
microscopic analysis of sputum smears is considered the standard technique. The diagnosis procedure is long
and erroneous, even when performed by professionals. The proposed algorithm for TB identification
achieves 86.76%-F1-score, 78.4%-precision, and 97.13%-recall based on experimental data. This automatic
method tells whether or not the sputum smear pictures indicate TB infection.

Kabir ef al. [7] clarifies that chest radiography is a crucial diagnostic technique for diseases like TB,
pneumonia, and COVID-19 because it gives a realistic representation of the architecture of the chest.
However, effectively identifying these illnesses from radiographs is a challenging task that requires medical
imaging technology. Conventional deep learning models offer a practical automated solution for this issue.
However, because these models are so sophisticated, their practical deployment in medical applications often
encounters significant obstacles. By using knowledge distillation techniques (KDT) to lessen the complexity
of CNN, this work addresses and resolves this puzzle.

Hassan et al. [19] adds that deep learning techniques for knee osteoarthritis (KOA) detection have
been more prominent in recent years. Also, how to create a deep learning model for KOA detection using
knee X-ray images and the Kellgren—Lawrence (KL) grading system. The knee osteoarthritis classification
network (KOC Net), a novel CNN-based model, is proposed in this paper. Two publicly accessible
benchmark datasets comprising X-ray images of KOA based on the KL grading system are used to assess the
KOC_Net model. Additionally, we used SMOTE Tomek to solve the issue of minority classes and contrast-
limited adaptive histogram equalization (CLAHE) techniques. With an area under the curve (AUC)-96.71%,
accuracy-96.51%, recall-91.95%, precision- 90.25%, and F1-score of 96.70%, the suggested KOC Net was
able to categorize KOA into five different groups.

Rony et al. [27] briefs that, in order to improve the precision and dependability of autism spectrum
disorder (ASD) diagnosis, this study used sophisticated machine-learning algorithms. We used a standard
dataset with 20 variables and 1,054 patient samples. At 99%, the suggested diabetes mellitus and logistic
regression with Shapley additive explanations (DMLRS) model outperformed cutting-edge techniques. To
improve interpretability, Shapley additive explanations (SHAP) were used to integrate XAl. Each technique
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was refined, and k-fold cross-validation was used to confirm performance. Additionally, a real-time web
application that combines the Django framework for ASD detection with the DMLRS model was created.

Shahshikiran et al. [28] briefs that, Mycobacterium causes TB, a deadly illness. Managing TB
infections requires early detection and identification of the disease. As this study shows, recent technical
advancements employ a machine learning (ML)-based support vector machine (SVM) and CNN, which is
modified to more precisely detect particular diseases. Throughout construction, the enhanced feature
extraction and classification accuracy of the updated CNN are preserved. The TBX11K publicly available
dataset, which includes 11,000 images—4,600 of which are chest X-ray images—is used to achieve good
performance, and the proposed model is validated. The accuracy of TB identification using SVM is 93.14%,
while the accuracy using modified CNN is 96.72%.

3. METHOD

Several essential procedures are typically involved in deep learning-based project-related work for
TB diagnosis. The block diagram for the approach employed is shown in Figure 1. It is made up of several
blocks that use the chest X-ray dataset's images as input, apply a transfer learning model, and then classify
the query image using the information learned from the model's training.

) Data
Input data(Te Preprocessing .
i preparation
Images) Technigues o
(Training,

Testing in split

Performance CNN Model Detection
metrics q result(yes/no)

Query Image

Figure 1. Block diagram for the proposed technique

3.1. Dataset availability and preparation

Loading metadata and images: initially, X-ray images and the associated metadata were all over the
place. The collection contains two types of chest X-ray images: normal and TB-infected. We were able to
distinguish between healthy people and TB patients since the dataset was pre-labeled. Figure 2 shows the
sample of TB images of dataset, where uninfected are in Figure 2(a) and infected are in the Figure 2(b). Data
segmentation for training, validation, and testing: the following image distribution is provided to ensure
consistent model performance: the national institute of allergy and infectious diseases (NIAID) TB portal
program dataset was utilized in this study for the classification stage of the experiment. The "tuberculosis"
Kaggle project's "chest X-ray pictures dataset", which contained 700 TB images and 3,500 normal images, is
where this dataset originated. All 700 TB of the control chest X-ray images were utilized. With total
images being 4,200 the split ratio =0.2. Therefore, training images =(2,800 normal+560 TB images) and test
images =(700 normal+140 TB images).

(@) (b)

Figure 2. Sample images figure for (a) TB images-uninfected and (b)TB images-infected
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3.2. Data preprocessing
3.2.1. Generating train data
The images were scaled, normalized, and improved using rotation, magnification, and flipping

algorithms to improve generalization in order to fit into the network design. A train generator was built to

swiftly import the training data and perform on-the-spot preprocessing.

—  Normalize the mean and standard deviation (SD) of every data set.

—  Shuffle the input after each epoch.

—  Verify that the image is 320 by 320 pixels. To balance computational speed and diagnostic accuracy, all
chest X-ray pictures were modified to 320x320 pixels.

—  Implement some modifications (rotation, zoom, width shift, and height shift) based on position
deviation, which may change slightly when radiologists X-ray patients.

—  In the next step, it happens inside the generator tool-grayscale X-ray pictures gain depth when their data
fills each of the 3 color paths. Since the ready-made model only works with 3-layer inputs, this shift
makes it run.

3.2.2. Generating test and validation data
The same data were created for the test and validation datasets without any augmentations in order

to preserve the integrity of the evaluation process. To verify that the preprocessing was done correctly, a

normalized picture sample from the training generator was displayed. The images had pixel values between

0 and 1, and they were resized to match the model's required input shape.

—  We normalize incoming test and validation data using the statistics estimated from the training set.

—  To save computational time, we computed the sample mean (SM) and sample SD using a random
sample from the dataset (ideally, the full training set should be used for calculating the SM and SD).
Figure 3 illustrates the uneven data distribution before image augmentation. Additionally, Figure 4
displays a balanced data distribution following image augmentation. The sample weighting fix for the
loss function. Creating+ve (positive) and -ve (negative) contributors.

Number of cases Number of cases

2500 2500

2000 2000

Count
Count

1500 1500

1000

1000

500 500

Normal(0} Tuberculosis(1) Normal(a) tuberculosis(1)
Case type Case type

Figure 3. Imbalance data (uneven data) Figure 4. Balance data (even data)

This study's weighted loss formulation balances positive and negative contributions, as indicated in
(1) and (2). The frequency of negative and positive samples determines the positive-class weight (Wp) and
negative-class weight (Wn), respectively. These weights were then added to the weighted cross-entropy loss
described in (3). The following calculation provides the final weight loss to be used in the DenseNet-121
architecture as in (3).

VVpOSXFszvnegXFn (D

VVpos = Fn&Wneg =Fp 2
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LY, = —(Wp.y.log(f (x)) + W, (1 — ylog (1 — f(x) 3)

To address the question concerning empirical validation, we ran comparison tests on
model performance without and with weighted loss functions. The new data clearly explain that the
weighting technique improves sensitivity, Fl-score, and Matthews correlation coefficient (MCC) for the
TB-positive class while also lowering the false-negative rate, which is an important indicator of reduced
majority-class bias. The transformer-dependent denoising methodology [27] takes a methodical approach to
preserving diagnostic detail while reducing acquisition-related noise, potentially increasing the quality of
DenseNet-121's chest X-ray inputs.

3.3. Transfer learning integration with deep learning (DenseNet-121+CNN)

DenseNet-121, a powerful CNN pre-trained on the ImageNet dataset, for transfer learning. By
leveraging pre-learned features, the model gains the potential to enhance accuracy and faster convergence
with a smaller dataset. The number "121" indicates that the transfer learning model in issue has 121 layers.
The mathematical breakdown of DenseNet-121 is as follows: combined function: each layer applies a
composite function H; that includes as in (4).

Hy(x) = Wi ([x0, X1 %-1]) 4

Where H;(x)-l, layer output, W;—l,;, layer weights, [xo, X;.. X;_, |—feature maps.
Transition layer: DenseNet uses a transition layer that performs a convolution and then pooling to
regulate the size of feature maps. The following is the mathematical expression for the transition layer as (5).

H,(x) = Pooling(BN(W_n, (x))) (%)

Where H,(x)—l;, layer output, W,,,,,,—l, layer weights, BN—batch normalization.

A single layer’s output size depends on how many feature maps it creates. This amount climbs with
each step because of a setting called the growth rate, labeled k. Each new layer adds exactly k£ more mappings
than the one before. The pattern continues consistently through the network and is given as (6).

F = Fo+ 1Lk ()

Where: F,—I" layer output feature maps, Fy—1% feature maps.

Dense block (DB): DenseNet-121 consists of four DBs, each with a distinct number of layers.
Transition layer follows every block, with the exception of the last one. The exact layer counts of
DenseNet-121 are as follows: six layers make up DB 1, twelve in DB 2, twenty-four in DB 3, and sixteen in
DB 4. The final DenseNet-121 formula is shown as (7), with f~DB, t—transition layer, and P—output
following global average pooling.

P = DenseNet121(X) = f,(t, <f3 (ts (fz (tl(fl(x)))))> 7

3.4. Explainable artificial intelligence (Grad-CAM)

The model pays attention to a TB image that comes clear through Grad-CAM. One layer at a time
gets picked by the system to map out what matters for sorting images into types. Medical pictures gain clarity
since these maps highlight spots likely affected. Infection zones stand out where color intensifies on the
overlay. Our setup uses Grad-CAM to sketch where attention should go, shaped by shifts across
layers. Emerging XAI methods [29] in medical fields. Their employment of complementary explainability
mechanisms illustrates the potential benefit of combining advanced visualization techniques like
Grad-CAM++, Score-CAM, or attention-based interpretability to provide more granular and clinically useful
explanations in TB categorization.

4. RESULTS AND DISCUSSION
Classification report:
—  Precision: the true positive (TP) classification ratio to the total number of TP+false positives (FP) is
known as precision.
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TP
TP+ FP ®)

Precision =
—  Recall: recall is essential to determine capacity of the deep learning model to detect positive samples.
Compared to sensitivity, recall is concerned only with how positives are classified.

TP
TP+ FN ©)

Recall =

—  Fl-score: another common name for F1-score—F measure. To achieve the balance in between precision
and recall, we need a larger number of true negatives (TN) and TP in the model, and the F1-score
allows us to choose the ideal confidence level.

2( Precision*Recall)

F1 — score = — (10)
Precision+ Recall
—  Accuracy: the sum of TN and TP classification ratio to the total instants.
Accuracy = S (11)
TP+TN+FP+FN

Within the confusion matrix (CM) are four values: TP, TN, FP, and false negatives (FN). With counts
standing at 463 for TP, alongside 429 for TN, false outcomes appear less often; specifically, FP reaches 12,
while FN settles at 6. Accuracy measures 97.42 percent, since each precision nears 97.4% and recall climbs to
98.7%, and hence the Fl-score aligns closely at 98.0%. At the seventeenth training cycle, Figure 5 displays
CNN achieving exactly 97.42% accuracy. Meanwhile, loss drops notably by that stage—Figure 6 records it as
lows as 0.0717 when epoch count hits twenty.

Grad-CAM heatmaps determine which lung regions have the greatest impact on a model's diagnosis
for TB detection. The model's focus on abnormal areas, such as lesions or sick tissue, can be clearly seen by
superimposing the heatmap on chest X-rays. Figure 7 illustrates the Grad-CAM overlay those results from
superimposing the Grad-CAM heatmap over the TB sample.
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Figure 7. Grad-CAM heat map with result overlay
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5.  CONCLUSION

A trained DenseNet-121 forms the base of this study’s approach to identifying TB within
chest X-rays. Instead of building from scratch, prior knowledge guides adaptation through transfer learning,
shaping detection capability. Attention shifts toward key regions emerge via Grad-CAM, revealing where in
each image decisions originate. Performance stays balanced between positive and negative cases, even when
sample numbers differ. Adjustments such as weighted penalties and expanded datasets help stabilize
outcomes. Precision holds high, recall follows closely, showing consistent reliability. Error rate settles at
7.17%, while correct classifications reach 97.42%. Visual explanations grow clearer once heatmaps overlay
the original scans. Understanding improves—not just for machines, but for those who interpret results. Trust
builds slowly when reasoning becomes visible. In clinical settings, seeing why matters as much as what is
seen. Following training, evaluation occurred through multiple metrics. Overall success emerged when
Grad-CAM paired with DenseNet-121, pointing toward usefulness in detecting TB automatically within
medical imaging contexts.
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