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Abstract

Chest diseases like pneumonia, tuberculosis, COVID-19 are serious health related problems
and dangerous if they are not detected earlier stage. Using Chest X-ray images, manually to
check patients takes time and sometimes leads to errors, so an automatic and reliable system is
necessary. In this work, three pre-trained models are used to create an ensemble model that is
used to classify the chest X-ray images into binary and multi-class categories. The binary
model, which used to predict pneumonia and normal cases, achieved accuracy of 96.63% also
training accuracy of 98.04% and validation accuracy of 97.44%. The training and validation
losses 6.2% and 7.7% shows that the model is stable and does not overfit. It also achieved
evaluation results such as 98.36% recall, 97.45% precision, and 97.91% F1-score. The multi-
class model classifies six different chest classes and achieved accuracy of 91.48% also training
accuracy of 92.65% and validation accuracy of 90.50%. The training loss 18.67%and
validation loss 25.17% show good learning, generalization, and evaluation results shows
91.48% recall, 91.52% precision, and 91.47% F1-score. Overall, the proposed system shows
good performance and helps to obtain more accurate diagnosis.

Keywords: Deep Learning, DenseNetl21, MobileNetV?2, InceptionV3, Ensemble Model, Web
Interface, Chest X-ray.

1. INTRODUCTION

Chest disease such as Pneumonia, tuberculosis and other health problems in chestleads
to suffering of people and cause death at serious conditions. There should be early and accurate
diagnosis for these diseases to prevent reaching into serious conditions. Chest x-ray images are
commonly used for diagnosis, because of the low-cost and easy to access, however
understanding the image was still difficult and that needs help of skilled doctors, in many places
experts were not found or maybe not available, this may lead to delay in treatments, and may
be also leads to incorrect or inconsistency decision [1].

In recent years, deep learning shows more improvement in analysing the medical image
processing using Convolutional Neural Network (CNN), particularly capable of learning
automatically patterns like understanding image and reducing the needs of manual reasoning.

Pre-trained models are used because they are effectively extract the meaningful patterns
from medical images using transfer learning. These models achieve the promising outcomes in
chest X-ray classifications[2] [3]. However, focusing on one model can lead to certain
limitations, single model can overfit the data, facing problems in variation of image quality and
may not have proper data well across different types of chest X-ray images [4]. So, combining
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these three models building an ensemble model gives as better accuracy and stronger
performance.

Ensemble learning has obtained an attention as a real time solution, instead of depending
on the single model. It is the combination of multiple models so it produces the more successive
performance. These approaches help to reduces the misclassification and getting better
performance by utilizing the strength of various architectures. Several studies shown that the
ensemble learning produces the stable performance and showing better results in medical
image classification [5].

In this research, deep learning approach suggested for classifying chest X-ray images
into categories like binary and multi-class classification. The approach combines Densenet121,
MobileNetV2 and InceptionV3 to take the merits of the individual strengths. In addition to that
pre processing steps and data augmentation steps are involved to get the stable performance
with robust prediction. A biased average technique is used to combine the prediction of each
model, resulting in better performance and more stable achievements.

2. LITERATURE SURVEY

Many studies have investigated the needs of deep learning techniques for classification
and detection of chest related disease using X-ray images. Early research has concentrated on
applying Deep Convolutional Neural Network for multi label disease classification. For in case
one research proposed an Al-driven method using DenseNetl21, InceptionResNetV2 and
Resnet152V2 merging with processed data augmentation to determine up to 14 chest-related
diseases. The model reaches insistent ROC-AUC score of 0.80, showcasing impact of Deep
CNNs separating meaningful attributes from medical images and optimizing the diagnostic
process [6].

For additional improvement, ensemble learning methods have been initiated. A
stochastic ensemble-based CNN model was processed for COVID-19 detection, where
multiple deep learning models were merged to learn a stable latent feature representation. This
method reaches an accuracy of 0.91 and AUC of 0.97, illustrating that ensemble approach boost
generalization and lowering the misclassification in chest X-ray image analysis [7].

Focusing limitations such as data discrepancies and data imbalance, the DeTrac approach
was initiated a class decomposition process that separates classes into many sub-classes, this
model achieves an accuracy of 93.1%with high sensitivity, demonstrating and managing data
distribution problems considerably improving the model performance in chest X-ray image for
classification of COVID-19[8].

Latest development has also engrossed on improving diagnostic performance and
transparency. A comprehensive study using Densenet121 and ResNet50 illustrating that deep
learning models can perform similar to radiologists to identify multiple thoracic diseases. The
unification of explainable Al techniques such as SHAP and LIME additionally develops the
transparency and the model achieves an AUC of 94%, shaping the model more worthy for real-
world medical applications [9].

Further these methods, transfer learning with VGG-based architectures has shown strong
implementation in multi-class disease classification in lung using chest X-ray. A model
merging VGG19 with CNN layer was initiated to classify disease such pneumonia, COVID19
and lung cancer. This approach achieved an accuracy of 96.48% and AUC of 99.82%, showing
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that hybrid architectures can efficiently increase the classification accuracy and hold up speedy
diagnosis [10].

For additional boost feature extraction, attention-based mechanism has been combined
into deep learning models. An attention-enhanced ResNet50 architecture was process to focus
on important regions in chest X-ray images for Pneumonia detection using spatial and channel
attention mechanisms. The attention mechanism gradually increases the model’s ability to get
relevant features and improves the performance of model to achieve 98% accuracy and handled
imbalance dataset[11].

The importance of interpretability in medical Al has been tackled through models
integrating GRAD-CAM and Guided GRAD-CAM techniques. A decision support system
merging classification and segmentation was suggested for COVID-19 diagnosis using CT
scan images, the model achieves a performance of 98.51% and given visual explanations of
predictions, authorizing clinicians to better recognition and trust Al-based decisions [12].

Enhanced deep learning approach for pneumonia detection using chest X-ray images by
combining attention mechanisms such as Convolutional Block Attention Module (CBAM) and
Squeeze-and-Excitation (SE) network with CNN architectures. The results demonstrates that
the CBAM-enhanced CNN reaches a high accuracy of 98.6%, Substantially outperforming the
baseline CNN 92.08%, while the SE-based model reaches 96.25% accuracy. The attention
mechanism helps the model targets on important regions such as infected lung areas, increasing
feature extraction and decreasing overfitting. This research also highlights real-time fitness by
improving a lightweight web-based system for medical purpose, significantly in resource-
limited settings [13]. Table 1 shows the models used in each research and their accuracy

Table 1: The models and their per

# Model Accuracy

1 | DenseNetl21, InceptionResNetV2, ResNet152V2 0.80

2 | Stochastic ensemble of CNNs 91 %

3 | DeTraC (Transfer learning, Class decomposition) 93.10 %

4 | DenseNetl21, ResNet50, SHAP, LIME 94%

5 | VGG19+CNN 96.48%

6 | ResNet50 with attention mechanisms 98%

7 | GGECS (Guided Grad-CAM based Explainable Classification and Segmentation system) | 98.51%

8 | CNN+CBAM 98.6%
3. METHODOLOGY

3.1 Dataset Description

The dataset used in this research consists of chest X-ray images available publicly in
Kaggle. Here the classification tasks are included as binary and multi-class classification. In
binary classification, the dataset is categorized into Normal and Pneumonia with a total of
5,856 images [14].

In multi-class classification the dataset is categorized into six that isCOVID-19,
Emphysema, Normal, Pneumonia-Bacterial, Pneumonia-Viral and Tuberculosis with a total of
18,036 [15]. Class imbalance was controlled using class weighting techniques. The bar graphs
of Fig. 1 and Fig. 2 represent the total number of images in each of binary and multi-class
dataset.
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Fig 1: Binary Dataset Fig 2: Multi-class Dataset

3.2 Data Pre-processing and Augmentation

All chest-Xray input images are pre-processed to verify consistency across different
types of models, the images are resized to 224x224 pixels, which is needed by the particular
pre-trained model. Pixel values are normalized to range of 0 to 1 to increase training stability.
Even though chest X-ray images are normally gray scale, they are modified into three-channel
images to equalize the model input requirements.

These methods verify uniform input and help the model learn meaningful features. Data
augmentation was applied to improve the various training data and decrease overfitting.
Techniques involved such as rotation, horizontal flipping, zooming, and shifting are used to
create variations of the original images. These transformations replicate real-world variations
in medical image conditions. Augmentation was used only to the training dataset and to control
integrity of validation and test sets. As a result, the model enhances more robust and stable.
Here Fig.3 and Fig. 4 shows the sample images before and after data pre-processing and
augmentation applied [16].

Original Original Augmented Augmented

Original Original Augmented Augmented
Fig 3: Original Images Fig 4: Augmented Images

3.3 Model Architecture

The proposed model is built by combining three pre-trained models such
DenseNet121[17], MobileNetV2[18]and InceptionV3[19]. The input for the model is given as
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chest X-ray image of size 224 x 224 x 3.The received input image is given to the three pre-
trained model at the same time. Already a large dataset (Image Net) is trained in these models
and useful features are extracted from the chest x-ray images using these models. Each of model
focuses on different features such as detailed patterns, lightweight features, multi-scale
information. Combining all model features together makes the model to learn and perform
better also extracts more information from the chest X-ray images.

To reduce overfitting and make the model to perform well a fine-tuning technique is
used. First, frozen all the layers of the three models so the learned patterns are not disturbed.
Then, only using the last correctly needed number of layers of each model to train for binary
and multi-class classification. This helps the model to adjust the important features need for
the medical image dataset while keeping the other basic extracted features stable[20].

After extracting all features and outputs using the three models, they are converted into
a smaller vector using Global Average Pooling. These converted vectors are then combined
into a single feature vector using concatenation. This is called feature fusion, where the features
of all three models are combined. Then these are passed to the batch normalization to make the
training stable and steady. A dropout layer is added to prevent overfitting. Also fully connected
layers uses ReLU activation to learn patterns. ReLU uses formula (1)

f(x) = max(0,x) - (1)

At last, the model classifies the input and give as the output. For binary classification, a
single neuron with sigmoid activation is used. For multi-class classification, multiple neurons
with softmax activation are used. This helps the model to handle both types of classification
by using the same structure. Formula of sigmoid and softmax is given in (2) and (3)

= — 2
o 1+e‘x_)()

e{zi}
o(z;)) =————>
(z;) Z;'l=1 e{zj}
3.4 Feature Extraction

Feature extraction is the important step in the proposed model to learn patterns from chest
X-ray images. Here we are extracting features using three different pre-trained models. This
helps in focusing and capturing more important features for the chest X-ray image. Each model
extracts different features so, the models learn well, understand hard patterns, and gives as
better performance.

DenseNetl21 is very effective in capturing and identifying small patterns also fine
changes in the lung regions. These features help in detecting the early signs of diseases that are
not clearly visible. This model gives more detailed features. MobileNetV2 is used to extract
lightweight spatial features efficiently. It uses less parameters so it is faster compared to others.
It captures spatial features between different regions. It balances accuracy and performance.
InceptionV3 focus on multi-scale features by analysing the image in different practice. It uses
multiple filter size to identify small and big patterns. It can focus on both local and global
features effectively. After all features are extracted, Global Average Pooling (GAP) is applied
to all three model’s output. This converts the feature maps into a smaller feature vector by
taking the average of each model’s value. This helps to keep the important features entirely in
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each of the model. These are used to learn different patterns and make the model more
efficient[21].

3.5Ensemble Learning Approach

The proposed model uses an ensemble learning approach; it merges all the extracted
features of the pre-trained models such as DenesNet121, MobileNetV2, InceptionV3. Each
model has their own extracted different type of patterns from the chest X-ray image and they
are combined using concatenation. This creates a single compact feature vector that contains
the important patterns of all three models. The merged feature vector is passed to the
classification layer. In binary classification, the outputs get the probabilities of normal or
pneumonia. In multi-class classification, the outputs match to probabilities across six classes.
These predictions are merged using a weighted averaging technique to make the actual result.
This model decreases the boundaries of particular model and increases overall accuracy.
Ensemble learning approach improves robustness and makes sure to have the stable
performance across the various types of datasets[22].

3.6 Working of the Model

First, get the input chest X-ray image and resize it. Next, pre-processing and
augmentation are applied to make the image quality to improve. Then the processed image is
sent to the three models at the same time. Each model extracts features from the input image.
These extracted features are merged and form as a single representation. Now this merged
feature is passed to dense layer for classification. Finally, the model classifies the image for
binary classification using sigmoid and for multi-class classification using softmax. The work
flow of the model is shown inFig. 5

(Input Image)

Data Preprocessing

| DenseNet121 MobileNetv2 | InceptionV3

|

Feature Reduction

Global Average Pooling

|

Feature Fusion

Concatenation ‘

Classification Head

Batch Normalization
Dense Layer (256, RelU)
Dropout (0.5)

Dense Layer (128, RelU)
Dropout (0.3)

Binary Multi-class

Sigmoid ; Softmax

Fig 5: Workflow of the Proposed Model
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4. RESULTS AND DISCUSSION
4.1 System & Experimental Setup

The proposed model is trained and tested using Kaggle Notebook environment with
NVIDIA Tesla T4 GPU with 16 GB RAM. Python with TensorFlow, Keras libraries are used
to develop the model. The binary dataset is divided into 80%, 10%, 10% and multi-class dataset
is kept as it is respectively. Used batch size is 32 for both and learning rate 0.0001 also with
adaptive learning rate to make the model stable. 10 epoch for binary and 15 for multi-class
classification with Cross-entropy loss using Adam optimizer.

4.2Evaluation Overview

To completely value the performance of the proposed ensemble model, evaluation
metrics were used such as accuracy, recall, precision, specificity, and F1-score these metrics
are used to check the performance and make it detailed the understanding of the model’s
forecasting abilities, especially in medical image classification tasks.

Accuracy indicates the inclusive effectiveness of the model by measuring the ratio of
correctly classified samples to the total number of samples, it mathematically calculated using
equation (4)

TP+TN

~ (4)
TP+TN + FP+FN

Precision evaluates the proportion of correctly predicted positive cases from all cases predicted
as positive and it is calculated using the equation (5)

TP c
_—
TP+ FP ()

Recall or Sensitivity quantifies the proportion of actual positive cases that are correctly
identified by the model. It is calculated using equation (6)

Accuracy =

Precision =

R = —
ecall TP T FN - (6)
F1-Scoreis the harmonic mean of precision and recall, making a single metric that
balances both false positive and false negative, it is calculated using the equation (7)
Precison * Recall

F1 =2
Score * Precision + Recall =

All the TP, TN, FP, FN are used to represent True Positive, True Negative, False Positive
and False Negative respectively where TP and TN indicate correctly classified instances,
whereas FP and FN indicate misclassifications.

For additional evaluation the performance of the given model, the Receiver operating
characteristics (ROC) curve and the Area Under the Curve (AUC) are applied, these metrics
makes a comprehensive analysis of the model’s classification capability with different decision
threshold, providing important in medical chest X-rays images classification task. The AUC
makes a single scalar value that utilizes the performance of the model across all the thresholds.
A higher AUC values shows that the model is better at differentiating classes, particularly, it
throws back the probability that the model ranks a differently chosen positive case higher that
a particularly chosen negative cases.
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4.3 Binary Classification

Here we are going to discuss and compare our proposed model results with the each of
the single pre-trained model using the Classification Performance, Confusion matrix, ROC
Curve and the Training and Validation graphs [23].

4.3.1 Classification Performance

Table2 shows the performance of the three pre-trained models and the proposed model
using the evaluation metrics. Our proposed model has performed better than the other three
pre-trained models and achieves accuracy of 96.93%.

Table 2: Evaluation Metric of All Models

Model Accuracy Recall Precision F1- Score
DenseNet121 92.66% 90.65% 99.23% 94.75%
MobileNetV2 94.54% 98.13% 94.59% 96.33%
InceptionV3 94.88% 94.16% 98.77% 96.41%
Proposed Model 96.93% 98.36% 97.45% 97.91%

4.3.2 Confusion Matrix

Fig. 5a shows the confusion matrix of DenseNet121 similar Fig. 5b, Fig. 5¢ shows matrix
of MobileNetV2, InceptionV3.The confusion matrix of the proposed model shown in Fig. 5d
and the model have a high number of correctly classified instances. Finally, the confusion
matrix analysis of the model executes reliable changes with minimal misclassification and
helps to get high values observed in accuracy, precision, and recall. In matrix 0 denotes Normal
and 1 denotes Pneumonia class.

Actual

Actual

Predicted
Predicted

Fig Sa: DenseNet121 Fig Sb: MobileNetV2

Actual

Actual

o 1 Predicted
Predicted

Fig 5c: InceptionV3 Fig 5d: Proposed Model
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4.3.3 ROC Curve AUC Analysis

Fig. 6a, Fig. 6b, Fig. 6¢ shows ROC-AUC score of the pre-trained models. Fig. 6d. shows
the ROC-AUC score of the Proposed model, indicating its excellent discriminating capability
across various classification thresholds.

« 039147 004 — AUC = 09350

02 04 06 08 10 a0

2 04 06 08 10 09 02 04 06 08 10
False Positive Rate False Positve Rate False Postrve Rate

Fig 6a: DenseNet121 Fig 6b: MobileNetV2 Fig 6¢: InceptionV3

10 J//—

08

0.6

True Positive Rate

0.4

02

0.0 —— AUC = 0.9942

0.0 0.2 0.4 06 08 10
False Positive Rate

Fig 6d: Proposed Model

4.3.4 Performance of Training and Validation

Fig. 7a and Fig. 7b shows the training and validation of DenseNet121 similarly Fig. 8a
and Fig. 8b, Fig. 9a and Fig. 9b shows the training and validation of MobileNetV2 and
InceptionV3. Fig. 10a shows that the proposed model accomplishes a training accuracy of
98.04% and a validation accuracy of 97.44% this shows strong learning capability and effective
generalization on unobserved data, the model records a training loss of 6.2% and validation
loss of 7.7% as shown in Fig. 10b, indicating stable convergence with very small quantity of
overfitting.

Training vs Validation Accuracy
Training vs Validation Loss
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0.86 /
/ 0.20
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Fig 7a: Train & Val Acc of DenseNet121 Fig 7b: Train & Val Loss of DenseNet121
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Fig 8a: Train & Val Acc of MobileNetV2
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Fig 10a: Train & Val Acc of Proposed
Model

4.4 Multi-Class Classification

Here we are going to discuss and compare our proposed model results with the each of
the single pre-trained model using the Classification Performance, Confusion matrix, ROC

Training vs Validation Loss
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Fig 8b: Train & Val Loss of MobileNetV2
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Fig 9b: Train & Val Loss of InceptionV3

Training vs Validation Loss

0301 \‘ = Train Loss
Vahidation Loss
0251 \\
0.20
-
-]
3
0.1%
0.10 —
- : =
~l —
e
005 <
2 i L] a 10
Epochs
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Model

Curve, Class-wise Performance and the Training and Validation graphs [24].

4.4.1 Performance of Classification

Table 3 shows the performance of the three pre-trained models and the proposed model
using the evaluation metrics. Our proposed model has performed better than the other three

pre-trained models and achieves accuracy of 91.48%.
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Table 3: Evaluation Metrics of Pre-trained and Proposed model

Model Accuracy Recall Precision F1- Score
DenseNet121 88.26% 88.26% 88.63% 88.02%
MobileNetV2 87.74% 87.74% 88.25% 87.55%
InceptionV3 85.66% 85.66% 85.76% 85.47%
Proposed Model 91.48% 91.48% 91.52% 91.47%

4.4.2 Confusion Matrix

Fig. 11a shows the confusion matrix of DenseNetl121 similar Fig. 11b, Fig. 11c shows
matrix of MobileNetV2, InceptionV3.The confusion matrix shown in Fig. 11d is the proposed
model, makes a class-wise evaluation of the model’s performed across six classes, the diagonal
features of the matrix get a high number to accurate predictions for all classes, demonstrating
the model correctly differentiate disease categories. It also shows that no single class controls
the prediction errors, demonstrating that the model is not biased toward any specific class. This
coordinates with the steady precision, recall and f1-score values acquired during evaluation. In
the confusion matrix 0 denotes Covid-19, 1 denotes Emphysema, 2 denotes Normal, 3 denotes
Pneumonia-Bacterial, 4 denotes Pneumonia-Viral and 5 denotes Tuberculosis

Confusion Matrix Confusion Matrix (Multi-class)

- 250 250

- 200 200

=- 150

Actual
True Label

- 100 - 100

6 1 2 3 -'3 5 ' ] 1 2
Predicted Predicted Label
Fig 11a: DenseNet121 Fig 11b: MobileNetV2
Confusion Matrix (Multi-class) Confusion Matrix (Multi-class)

3
250 250

150

True Label
True Label

- 100

0 1 2 3 4 5 Predicted Label
Predicted Label

Fig 11c: InceptionV3 Fig 11d: Proposed Model
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4.4.3 ROC Curve

The ROC-AUC scores of each classes shows the model’s strength, also the model shows
that each class is well distinguish from other in feature space. Fig. 12a, Fig. 12b, Fig. 12¢ and
Fig. 12dshows the comparison between the pre-trained models DenseNet121, MobileNetV2,
InceptionV3 and the proposed model
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Fig 12¢: InceptiionV3 Fig 12d: Proposed Model

4.4.4 Class-wise Performance

The Proposed model of multi-class achieves a best performance in each of the classes.
Particularly Tuberculosis has shown a higher performance compared to others. Although
Pneumonia subclasses face some challenges due similarity in both classes. Table 4 shows the
performance using evaluation metrics of each class.
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Table 4: Evaluation Metrics of Each Classes

Class Precision Recall F1-Score
Covid-19 0.98 0.94 0.96
Emphysema 0.94 0.98 0.96
Normal 0.96 0.97 0.97
Pneumonia-Bacterial 0.84 0.80 0.82
Pneumonia-Viral 0.79 0.83 0.81
Tuberculosis 0.99 0.99 0.99

4.4.5 Training and validation Analysis

In Fig. 13a and Fig. 13b shows DenseNet121 Training and Validation similarly Fig.
14a&Fig. 14b and Fig. 15a&Fig. 15b shows the Training and Validation of MobileNetV2 and
InceptionV3. Fig.16a the proposed model shows a training accuracy of 92.65% and validation
accuracy of 90.50%, which gives a strong performance among various six classes.

Fig. 16b shows the training loss 18.67% and validation loss 25.17% indicates a reducing
trend during the model training, validation loss approximately higher than training loss, this
shows expected and indicates well convergence and good generalization.

Training vs Validation Accuracy Training vs Validation Loss
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Fig 13a: DenseNet121 Accuracy Fig 13b: DenseNet121 Loss
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Fig 14a: MobileNetV2 Accuracy Fig 14b: MobileNetV2 Loss
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4.5 Summary of Both Models

In the binary proposed model, the model accomplishes accuracy of 96.93%. With
regarding of classification performance, the model gives a precision of 97.45%, showing a low
rate of false positive predictions, and a recall of 98.36%, showing its ability to correctly
predicting the majority of positive cases. The F1-score of 97.91% shows a balanced trade-off
between precision and recall. In multi-class proposed model, the model shows the accuracy of
91.48%.

In spite of the increased complexity of multi-class problem. The precision of 91.52%
shows that the model makes a low false positive rate across all classes, Likewise the recall of
91.48% shows that the model successfully indicates most occurrence of each class, even with
limited cases The F1-score of 91.47% shows that the model has a balanced trade-off between
precision and recall for all categories, indicating uniform performance without bias toward any
specific class.

5.WEB APPLICATION

5.1 Binary classification Interface

Fig 17 shows the interface of binary classification that contains an upload button and the
result area shows the classification of patient chest X-ray either pneumonia or normal
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F Diagnostic Results

Pneumonia

Fig 17: Binary Classification Interface
5.2 Multi-class classification Interface

Fig 18 shows the interface of multi-class classification with the upload section and result
section class of the patient’s X-ray into one among the six-classes.

A Upload X Ray B Diagmondtic Resaslis

Pneumonia-Viral

Fig 18: Multi-Class Classification Interface
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6. CONCLUSION AND FUTURE WORK

The ensemble model merges DenseNet121, MobileNetV2 and InceptionV3 to get
classification performance on medical images, with the help of feature-level fusion, the model
attains diverse and complementary features from multiple architectures, the partial fine-tuning
technique helps to modify the model to the dataset by preventing overfitting. The binary
classification model gets higher performance with simpler techniques. the multi-class model
also exhibits strong and balanced result with all six classes, evaluation metrics such as
accuracy, precision, recall and f1-score verifies the model’s reliability. The low validation loss
and high validation accuracy gets good generalization. ROC-AUC gets additionally validate
the model’s stability and robustness. Finally, the model is suitable for real-world healthcare
applications. For future work can focus on increasing dataset diversity, controlling class
imbalance, including explainable Al techniques, enhancing the model for real-time
deployment, and improving performance with the attention mechanisms.
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