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Lung diseases rank as the third most prevalent cause of mortality globally.
Accurate identification of lung disease is essential to provide appropriate
medical intervention for patients. This research devised a categorization
system for lung diseases using chest X-Rays (CXR). The system can identify
bacterial pneumonia, viral pneumonia, COVID-19, tuberculosis, and normal
CXR. The approach for detecting lung diseases utilize a combination of
hybrid transfer learning and bidirectional long short-term memory. The
research included convolutional neural network (CNN) models including
Resnet50-BiLSTM, VGG19-BiLSTM, InceptionVV3-BiLSTM, Resnet50,
VGG19, and InceptionV3. The Resnet50-BiLSTM model outperforms other
models in terms of accuracy and overall performance. The Resnet50-
BiLSTM model achieved an accuracy of 99.87%. The models that achieve
the second greatest accuracy are Resnet50, VGG19-BiLSTM, VGG19,

Lung diseases
Resnet50

InceptionV3-BiLSTM, and InceptionV3. The research utilizes precision,
recall, and F1-Measure to demonstrate that Resnet50-BiLSTM outperforms
other methods by achieving the greatest value. This research improves the
performance outcomes when compared to earlier studies.
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1. INTRODUCTION

The lungs are one of the organs that play an important role in the human respiratory system. Lung
disease is a common disease and the third leading cause of death in the world [1]. According to WHO, lung
diseases that have caused the most deaths in the world are pneumonia, tuberculosis (TB), and COVID-19
with around 450 million people affected [2]. the identification of lung diseases is important to provide
appropriate medical intervention and prevent further spread. Efficient and precise screening methods may
assist healthcare professionals in managing lung diseases [3].

Early detection of lung diseases involving pneumonia, TB, and COVID-19 could be achieved by
many methods, including radiological assessment utilizing chest X-Ray (CXR) images or chest CT [4]. The
diagnosis of patient diseases based on apparent signs of disease in CXR images is currently examined
manually by doctors or health workers, resulting in a time-consuming process [5]. Conversely, the present
advancement of deep learning has the capability to efficiently handle substantial volumes of data inside a
little duration [6]. This study aims to use deep learning techniques to accurately identify lung diseases,
including pneumonia, TB, and COVID-19, through processing CXR images.
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Prior research has established the use of deep learning techniques for the identification of lung
diseases using CXR images. Convolutional neural networks (CNN) are extensively used deep learning
models for diagnosis of illness [7], [8]. Prior research has constructed CNN architectures, such Resnet50 [9],
[10], VGG19 [11], and Xception [12], for the purpose of identifying pneumonia in CXR images. Moreover,
prior research has used ResNet [13], EfficientNet [14], and DenseNet [15] to identify TB, whereas
InceptionV3 [16], ResNet [17], [18], and VGGNet [19] have been utilized for COVID-19 detection. The
CNN models used in these investigations are transfer learning models specialized in the identification of a
single form of lung illness, such as only pneumonia or merely COVID-19. CNN models have the ability to
acquire localized responses from image data, enabling them to extract local data characteristics
simultaneously. However, CNN encounters difficulties when it comes to processing pertinent spatiotemporal
information (location and time) inside an image [20]. This constraint hinders CNN from effectively capturing
the overall characteristics of picture data, rendering them unsuitable for learning the sequential correlation of
data [21].

The bidirectional long short-term memory (BiLSTM) is another deep learning model that could
successfully solve the drawbacks of CNN. BiLSTM is advantageous for sequential data modelling, however
it lacks the ability to extract data features simultaneously [22]. The innovation of this study is in the use of a
novel mix of CNN and BIiLSTM transfer learning models, resulting in the creation of more precise and
accurate models. In addition, this study integrates many lung diseases, including pneumonia, TB, and
COVID-19, into a single detection method to enhance its effectiveness. Other investigations just identify
COVID-19, pneumonia, and normal cases. However, this study aims to integrate TB data in order to increase
the size and complexity of the research dataset. This study suggests the integration of CNN and BiLSTM
models for the purpose of developing lung illness detection systems, namely for pneumonia, TB, and
COVID-19.

The aim of this investigation is to enhance the identification of lung diseases (such as pneumonia,
TB, and COVID-19) by using a novel fusion of CNN and BiLSTM transfer learning models on CXR
pictures. The study will use a composite CNN transfer learning model consisting of Resnet50, VGG19,
InceptionV3, and Xception. The novel fusion of CNN and BiLSTM transfer learning models is anticipated to
speed up and improve the detection of lung illness with greater precision.

2. MATERIAL AND METHODS

This research provided a classification of lung diseases based on X-ray images. The classification
model in this research was constructed by combining CNN and BiLSTM. The study methodology comprises
the following steps: data pre-processing, data modelling, hyperparameter modification, and model evaluation.
The evaluation approach employs a confusion matrix to compute metrics like as accuracy, precision, recall,
and F1-Measure [23].

2.1. Dataset

This research utilizes a compilation of datasets sourced from several websites, including CXR
images of COVID-19, normal cases, viral pneumonia cases [24], [25], CXR images of bacterial pneumonia
cases [26], and CXR images of TB cases [27]. The collection has five distinct kinds of CXR images, hamely
bacterial pneumonia, viral pneumonia, COVID-19, tuberculosis, and normal. Figure 1 illustrates a sample
CXR image from the dataset. Figure 1(a) displays a sample of bacterial pneumonia CXR, Figure 1(b) exhibits
a sample of viral pneumonia CXR, Figure 1(c) presents a sample of COVID-19 CXR, Figure 1(d) illustrates
a sample of tuberculosis CXR, and Figure 1(e) showcases a sample of normal CXR. Table 1 illustrates the
allocation of training and testing data within the dataset. A data ratio of 8:2 is used for both training and
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Figure 1. An example of bacterial pneumonia, viral pneumonia, COVID-19, tuberculosis, and normal CXR
images; (a) bacterial pneumonia CXR, (b) viral pneumonia CXR, (c) COVID-19 CXR, (d) tuberculosis CXR,
and (e) normal CXR
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Table 1. The dataset applied in this study

Dataset/class  Bacterial pneumonia  Viral pneumonia  COVID-19  Tuberculosis  Normal  Total

Train 820 862 843 560 835 3,920
Test 206 216 211 140 209 982
Total 1,026 1,078 1,054 700 1,044 4,902

2.2. Data pre-processing

The image is adjusted to a resolution of 224x224 pixels in order to ensure uniformity in image size.
The augmentation strategy is implemented during the pre-processing stage utilizing the Keras
"ImageDataGenerator”. Augmentation is necessary to enhance the diversity and quantity of data.
Augmentation is used to enhance the variety of data, hence achieving a balanced dataset and optimizing the
model. The batch size is configured to augment the overall data by 50. Furthermore, a rotation range of 900,
a width shift range of 0.1, a height shift range of 0.1, and a zoom range of 0.05 are used. In addition, the
rescale function is used to adjust the scale of the images by dividing them by 255. Next, a validation split of
0.2 is used to partition the data into separate training and validation sets. Table 2 displays the allocation of
training data after the preprocessing stage.

Table 2. The dataset after preprocessing
Dataset/class  Bacterial pneumonia  Viral pneumonia  COVID-19  Tuberculosis  Normal  Total

Train 1220 1212 1243 1170 1235 6,080
Test 206 216 211 140 209 982
Total 1,426 1,428 1,454 1,310 1,444 7,062

2.3. Data modeling

This research devised a composite classification model by integrating CNN and BiLSTM. The study
employs VGG19, InceptionV3, and Resnet50 as transfer learning CNN models. The CNN model is
integrated with the BiLSTM model. Next, the CNN-BiLSTM model is contrasted with the standalone CNN
model that does not have BIiLSTM. This research utilizes Jupyter Notebook, Python 3.10, a Core i7 CPU, 16
GB of RAM operating at a speed of 3600MHz, and an Nvidia Cuda GPU for constructing the model.

The research utilized CNN-BIiLSTM models, including VGG19-BiLSTM, InceptionV3-BiLSTM,
and Resnet50-BiLSTM. The CNN-BILSTM architecture consists of foundation models such as resnet50,
VGG19, and InceptionV3. The base model of the CNN is enhanced by including a Flatten layer, which
serves to transform the two-dimensional feature matrix into a one-dimensional vector. Then, it included two
instances of BiLSTM with 64 units each. In order to mitigate overfitting, a dropout layer was used with a
dropout rate of 0.3. Next, a flatten layer is added, followed by a batch normalization layer. The batch
normalization layer is a layer used to expedite the training process of a model and enhance the stability and
convergence of the model being trained. In addition, the fully connected layer (FCL) or dense layer is added
with activation applied twice. Ultimately, the ultimate stratum of the CNN-BIiLSTM framework produces a
resultant picture that is classified into five categories using the SoftMax function. The code implementation
of the Resnet50-BiLSTM architecture may be seen in Figure 2.
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2. summary )

Figure 2. Code implementation of Resnet50-BiLSTM architecture
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This research presents a comparison between the CNN-BiLSTM model and the CNN model. The
CNN models used in this investigation include VGG19, InceptionV3, and Resnet50. The architecture of a
CNN consists of fundamental models such as VGG19, InceptionV3, and Resnet50. The base model of the
CNN is augmented by a flatten layer, which is used to convert the feature matrix into a vector. Furthermore,
the FCL or dense layer is included utilizing the Relu activation function with 128 neurons and 64 neurons.
Additionally, a dropout layer was used to mitigate overfitting, with a dropout rate of 0.5. In order to get
results for picture classification, a SoftMax activation layer is used at the final stage. The code
implementation of the Resnet50 architecture is seen in Figure 3.

Sequential()
3 add(| ]
@.add(Flatten())
add(Dense(128, acti
add(Dense(64, activ
add(Dropout(9.5))

@.add(Dense(5, activation="softmax"))

summary ()

Figure 3. Code implementation of Resnet50 architecture

2.3. Hyperparameter tuning

During the hyperparameter tuning step, the most favorable values for the experimental scenario
parameters are identified. The parameters used in this experiment are loss function, optimizer, batch size,
model activation, and epoch. The loss function used in this work is categorical crossentropy. Adam works as
an optimizer. The batch size used is 50. The number 25 serves as the epoch. Callback functions are used to
mitigate undesired circumstances, such as the early halting function and the reduction of the learning rate.
Early stopping is used to halt model training if there is no improvement in validation loss. The reduce
learning rate function decreases the value of the learning rate if there is no improvement in the validation
accuracy score.

3. RESULTS AND DISCUSSION

This research used six experimental categorization situations to classify lung illness using CXR
data. The used experimental situations are VGG19-BiLSTM, InceptionVV3-BiLSTM, Resnet50-BiLSTM,
VGG19, InceptionV3, and Resnet50. Figure 4 illustrates a comparison of the accuracy of the research. The
Resnet50-BiLSTM model outperforms other models in terms of accuracy. The Resnet50-BiLSTM model
achieved a precision rate of 99.87%. The models that achieve the best accuracy are Resnet50, VGG19-
BiLSTM, VGG19, InceptionV3-BiLSTM, and InceptionV3. The InceptionV3 model achieved a
comparatively lower accuracy of 90.70% in comparison to the other models.

Evaluation of Accuracy Results
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100.00% 96.97%

95.00% 92.22%
90.70%

90.00%

Percentage of Accuracy

85.00%
Model of Classification

VGG19-BiLSTM VGG19 InceptionV3-BiLSTM

InceptionV3 Resnet50-BiLSTM Resnet50

Figure 4. The comparison of accuracy results
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The assessment of this research also incorporates the use of precision, recall, and F1-Measure. The
objective of the assessment is to appraise the efficacy of the detection model by using COVID-19 CXR data.
Table 3 presents the comparison of precision, recall, and F1-Measure. Upon comparing the precision, recall,
and F1-Measure metrics, it is evident that Resnet50-BiLSTM outperforms other techniques by achieving the
highest value. The precision, recall, and F1-Measure values for Resnet50-BiLSTM are 99.87%, 99.86%, and
99.86%, respectively. Subsequently, further models were introduced, including Resnet50, VGG19-BiLSTM,
VGG19, InceptionV3-BiLSTM, and InceptionV3.

Table 3. The comparison of precision, recall, and F1-Measure

Model Precision (%) Recall (%) F1-Measure (%)
VGG19-BiLSTM 99.59 99.58 99.58
Resnet50-BiLSTM 99.87 99.86 99.86
InceptionV3-BiLSTM 92.27 92.22 92.23
VGG19 97.00 96.98 96.98
Resnet50 99.75 99.75 99.75
InceptionV3 90.24 90.06 90.11

This research presents the confusion matrix data from the test to provide a detailed evaluation of the
performance of each model. The Resnet50-BiLSTM model achieves the best accuracy by accurately
detecting 1220 pictures in the bacterial pneumonia class and 1234 photos in the COVID-19 class. Within the
standard class, the model has the capability to identify 1234 photos, with the exception of one image that is
identified as a COVID-19 image. Out of the total of 1169 photos in the TB class, all were accurately
diagnosed as tuberculosis except for one image that was mistakenly identified as COVID-19. In addition,
1206 photos were accurately categorized as viral pneumonia, whereas 3 images were classified as bacterial
pneumonia and 3 images were identified as normal.

The InceptionV3 model has the worst accuracy performance among all the models. The model
accurately identifies 1063 photos belonging to the bacterial pneumonia class. However, it mistakenly
classifies 1 image as COVID-19, 2 images as normal class, and 153 images as viral pneumonia. In the
COVID-19 classification, a total of 1145 photos were categorized as COVID-19, 5 images were classed as
bacterial pneumonia, 69 images were classified as normal, 19 images were classified as TB, and 5 images
were classified as viral pneumonia. Out of the total number of photos in the normal class, 1156 were
accurately predicted as belonging to the normal class, while 79 images were mistakenly forecasted as
belonging to other classes. Similarly, in the case of the TB class, 1073 photographs were accurately classified
as belonging to the tuberculosis class, whereas 97 images were misclassified as belonging to other classes. In
the viral pneumonia category, 1039 photos were accurately predicted whereas 173 images were inaccurately
predicted. The confusion matrix model findings are shown in Figure 5. Figure 5 displays the model results of
the confusion matrix which consists of; (a) VGG19-BiLSTM, (b) Resnet50-BiLSTM, (c) InceptionV3-
BIiLSTM, (d) VGG19, (e) Resnet50, and (f) InceptionV3.

This research demonstrates that the accuracy curve offers a comprehensive representation of the
model's performance at each epoch. Figure 6 displays the accuracy curves for all models. Figure 6 displays
the accuracy curve in models that consists of; (a) VGG19-BiLSTM, (b) Resnet50-BiLSTM (c) InceptionV3-
BiLSTM, (d) VGG19, (e) Resnet50, and (f) InceptionV3. The Resnet50-BiLSTM model has a consistent and
steady learning curve, demonstrating excellent levels of accuracy in both training and validation. The
accuracy curve of the training data exhibits a consistent and gradual improvement from 0 to 25 epochs,
reaching about 99%. The validation accuracy curve exhibits a rapid surge of 88% from epoch 0 to 1,
followed by a gradual ascent until epoch 4. However, in epoch 5, the validation accuracy experiences a
decline before rebounding in epoch 6. In addition, the validation accuracy rapidly increases and reaches
around 95% by epoch 25. Contrary to the Resnet50-BiLSTM model curve, the inceptionVV3 model has an
accuracy curve that indicates underfitting. The accuracy curve for the training data exhibits a consistent and
gradual rise, reaching a peak of 95%. However, the validation accuracy curve shows a fluctuating pattern of
improvement. The validation accuracy declines at epochs 6 and 8, after which it gradually increases to about
80%.

The Resnet50-BiLSTM model demonstrated superior performance in comparison to the other
models, as shown by the findings. The Resnet50-BiLSTM architecture is formed by combining the Resnet50
model with the BiLSTM model. The Resnet50 model has the capability to analyze localized responses within
image data, enabling it to effectively extract features from CXR pictures in a parallel manner. The BiLSTM
model excels in sequential data modelling, resulting in highly accurate data classification. Hence, the
integration of Resnet50 and BiLSTM models capitalizes on the strengths of both models, resulting in superior
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model performance compared to other models. The integration of CNN and BiLSTM models in this research
yielded superior performance compared to the standalone CNN model that was not augmented with
BiLSTM. The combination of the BiLSTM model with the CNN model has a positive impact on enhancing
the performance of the COVID-19 classification model based on CXR Images.
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Figure 5. The model results of the confusion matrix; (a) VGG19-BiLSTM, (b) Resnet50-BiLSTM,
(c) InceptionV3-BiLSTM, (d) Resnet50, (e) InceptionV3, and (f) VGG19

The CNN models examined in the present research are Resnet50, VGG19, and InceptionV3. The
Resnet50 model outperformed other models, yielding superior outcomes. This is the case because of the
Resnet50 design, which utilizes a shortcut connection concept to mitigate significant information loss during
the training process. In order to improve the speed of the model, it is not feasible to only add layers while
building the model architecture. As the depth of a network increases, there is an increased likelihood of
encountering the vanishing gradient problem. This problem occurs when the gradient becomes exceedingly
small, leading to decreased performance or accuracy [28]. Resnet introduced shortcut connections to mitigate
the loss of important features during the convolution process.

The present study's analysis of model performance enhances performance results when compared to
prior studies [29], [30]. The Resnet50-BiLSTM model achieves an accuracy of 93.3% and precision and
recall rates of 93% each in identifying COVID-19. Prior studies using Resnet50-BiLSTM to identify
pneumonia achieved an accuracy, precision, and recall of 99.15%, 99.18%, and 99.65% respectively. The
findings of this research enhance the accuracy, precision, and recall of illness identification using CXR
images, achieving rates of 99.87%, 99.87%, and 99.86% respectively. Therefore, this research improves the
effectiveness of illness identification using CXR images. The reason for this is because the research used a
broader dataset, namely consisting of CXR images of COVID-19, pneumonia, TB, and normal data, for the
purpose of detecting lung diseases. The prior research did not use the TB dataset. This study also employs
data augmentation approaches to address the issue of imbalanced data, hence enhancing data variety and
optimizing the classification model. This work improves the efficacy of detecting lung disorders using CXR
images.
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Figure 6. The accuracy curve in models; (a) VGG19-BiLSTM, (b) Resnet50-BiLSTM, (c) InceptionV3-
BILSTM, (d) VGG19, (e) Resnet50, and (f) InceptionV3

4. CONCLUSION

The research effectively categorized lung diseases by using a hybrid of CNN and BiLSTM models
on CXR data. The CNN models used in this work are Resnet50, VGG19, and InceptionVV3. This work used
six different experimental scenarios to categorize data from CXR images. The scenarios are Resnet50-
BiLSTM, VGG19-BiLSTM, InceptionV3-BiLSTM, Resnet50, VGG19, and InceptionV3. This study
categorizes CXR into five distinct groups: Bacterial pneumonia, COVID-19, normal, TB, and Viral
Pneumonia. The Resnet50-BiLSTM model outperforms other models in terms of accuracy, making it the
optimal choice. The Resnet50-BiLSTM model achieved an accuracy rate of 99.87%. The models that achieve
the best accuracy are Resnet50, VGG19-BiLSTM, VGG19, InceptionV3-BiLSTM, and InceptionV3. The
research utilizes Precision, Recall, and F1-Measure to demonstrate that Resnet50-BiLSTM outperforms other
methods by achieving the greatest value. Further research is needed to compare the performance of other
transfer learning models, such as DenseNet or GoogleNet, with the transfer learning models used in this
work. Moreover, additional investigation may be conducted to create a web-based application using the
Django framework to classify lung disorders using CXR data.
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