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1.

INTRODUCTION
Pneumonia can be caused by many organisms based on the type of organisms and the area of the

lungs it affects. Here is a detailed description provided below:

a)

b)

<)

Based on cause

Bacterial pneumonia: it is disease in which lungs get affected by bacteria it leads to irritation in lungs
symptoms include high fever, cough with yellow or green mucus.

Viral pneumonia: it is a disease in which lungs get affected by virus it leads to fluid accumulation in
lungs symptoms include fever, dry cough, muscle pain, weakness.

Based on location of acquisition

Community-acquired pneumonia (CAP): it is type of disease that occurs outside area of hospital due to
getting in contact with other people who are having harmful pathogens. People who suffer from this
disease may have trouble in breathing.

Hospital-acquired pneumonia (HAP): it is type of disease that occurs inside of the hospital after a
certain point of time after getting admitted into the hospital. It is usually caused by medical equipment
inside the hospital. Symptoms include fever.

Based on area of lungs affected
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—  Lobar pneumonia: it is a type of disease in which a lobe (a large area) of lung gets affected it is due to
presence of bacteria in such cases the air sacs fill with fluid the lobe area’s blood vessels gets swollen
leading to increase more blood on lobe area.

— Interstitial pneumonia: it is disease in which the space (the tissue and space around the air sacs of the
lungs) area gets affected and causes swelling in the area due to this normal gas exchange does not take
place properly as a result oxygen intake gets less and carbon dioxide retention gets increase’s so there
will be uneven distribution of gas leading to difficulty in breathing

Figure 1 is the pictorial representation of the different types of pneumonia.

Types of Pneumonia
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Figure 1. Different types of pneumonia

2. LITERATURE SURVEY

Asnaoui et al. [1] utilized several deep learning (DL) models to automatically identify the
pneumonia, initially the images were pre-processed by using normalization through which pixel values are
adjusted to a common scale which in terms leads to consistent gradient update leading to faster and more
efficient convergence during training. Amone all the models DenseNet has achieved higher accuracy due to it
unique architecture that ensured feature reuse so each layer is connected to every other layer instead of
passing output of one layer to other, here the preceding layer take input from all previous layers through
which it can able to capture detailed and complex features from X-ray images and achieved an accuracy of 96%.

Chandra and Verma [2] used several machine learning (ML) classifiers as the data is images, they
have initially extracted key features by using histogram of oriented gradients (HOG) where HOG captures
the direction in which the intensity of pixels is changing by analyzing the gradient of the image then a feature
vector representing features is generated to describe overall shape and structure of the image. Additionally, to
capture local patterns neighboring pixel intensities are captured. Among all the ML model’s random
forests have shown good results due to its nature of correcting mistakes at previous step and achieved an
accuracy of 90%.

Praveen and Khan [3] developed a supervised learning model to enhance the accuracy of prediction
models initially resizing was done to ensure input images have similar dimensions as it helps ML models fit
according to expected input size. Key features were extracted by using principal component analysis (PCA)
and independent discriminant analysis (IDA) where it is used to reduce dimensionality by transforming the
data into a lower-dimensional space while preserving important information. Then data is divided into
training and testing cross validation techniques were done prior to testing to make the predictions more
generalized as the model gets to trained on different subsets of data and obtained accuracy of 94%.

Al Mamlook et al. [4] utilized multiple ML classifiers and applied preprocessing techniques like
data augmentation as the data available on pneumonia is limited it creates more training samples from the
existing data, helping to overcome this limitation, also helping to overcome the class imbalance. After a
comparison is made among them neural networks performed well this is due to better feature extraction and
can handle images at high dimension by processing them through multiple layers, each layer capturing
different levels of abstraction. And obtained 90% accuracy.
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Ibrahim et al. [5] developed a DL algorithm to distinguish between pneumonia caused by covid and
other forms of pneumonia so many data enhancing procedure were used like rotation as chest X-rays images
are taken at different angles by using this it make model more prepared to such images moreover these
methods increase the training data without need of additional labelled data while training the model
parameters were finetuned like adjusting weights to minimize loss thereby improving prediction accuracy to
achieve an accuracy of 98%. Kundu et al. [6] developed a ensemble of DL models and considered a dataset
which consists of three types of class one is healthy lungs and the other two classes are types of pneumonia.
Then created a combination of DL models because instead of relying on a single model while combining
predictions from multiple models helps to overcome the weakness of individual models and during model
training neural network weights are adjusted thereby mitigating loss and final prediction is made by selecting
class with the most votes as the final output. It achieved a 95% accuracy.

Das et al. [7] proposed a ML based approach and focused extensively of normalization and data
augmenting as it helps to equal the pixel intensity to a similar range and helps in attaining faster convergence
because the gradients take larger steps by moving towards convergence, reduces these variations by allowing
the model to generalize better across different datasets. It is observed that while validating the model. The
novelty is features extracted by convolutional neural network (CNN) are then fed into ML classifiers and
attained an accuracy of 90%. Naralasetti et al. [8] utilized the concept of neural networks by considering
labelled images as of image improvement pixel values are converted to a similar range this helps when loss
optimization is made then weight updates are more balanced and even additionally this uniform range of
inputs helps the neural network learn more effectively as there is no need of adjusting to varying input values
as during training pre trained models were used which helped reduce the training time and achieved an
accuracy of 90%.

Yee and Raymond [9] used ML models on X-ray images to treat pneumonia in highly effective
manner and performed data cleaning steps to ensure data which gets feeded have good combination both
classes such that model gets trained on adiversified data. This process helped them to train the model equally
during back propagation parameters like weight and bias are updated to minimize the loss and enhancing its
ability to generalize to new data. This helped to achieve an accuracy of 95%.

Hashmi et al. [10] identified that pneumonia detection is time consuming and invasive process and
the risk of getting intense is high. So to overcome that a neuron model proposes where initially flipping
image is done which tilts the image into variety poses helped to create additional data and pretrained models
were used as they can detect complex patterns and features in chest X-rays. Moreover these models reduce
the need for large amounts of labelled data, prior to training fine tuning is done to make the model adaptive
to a specific dataset which can extract edges and textures in images to obtain an accuracy of 96%.

Rahman et al. [11] utilized the concept of pre trained models which are trained on large datasets as
it helps models reducing training time since those models have knowledge of large datasets while getting
trained on a specific dataset identifying key patterns gets easier. Inception V3 model is used since it can
extract features at different convolutions which helped to identify pneumonia-related patterns at various sizes
which helped to enhance the ability to identify and classify pneumonia effectively. Thereby obtained 95%
accuracy.

Hashmi et al. [12] developed a hybrid model that combines multiple CNN layers in which the
number of filters, layers in the network, input image size are adjusted or scaled down which helped to learn
more features by capturing more complex patterns by providing more detailed information. However, it also
provided compound scaling allowed good steady growth. Then loss is measure during training by taking
difference between the predicted class probabilities and the true class labels and shown accuracy 95%.
Alsharif et al. [13] developed a neural network with a greater number of convolutional layers to represent
hierarchical representation of data as this is better way to capture basic to advanced deep features where
disease traces are found this model has shown good results by obtaining an accuracy of 96%.

Ortiz-Toro et al. [14] used ML models initially enhancement is done to improve quality and reduce
noise, which is crucial for accurate feature extraction. For better analyzing structure using gray level co-
occurrence matrix (GCLM) pixel arrangement and positioning is extracted which helped to capture healthy
lung area versus diseased lung area. However there is need to verify GCLM as it can vary with respect to
change in image resolution. Finally using ML classifier accuracy obtained is 92%.

Sharma and Guleria [15] utilized large dataset and a dl based pre trained model which is having
more convolutions since features can be extracted while the convolutional filters are low. This is because it
helps architecture to be deeper so more layers can be added and it can learn more complex features from the
data. Also, it leads to fewer parameters compared to larger filters this helped them prevent overfitting and
makes the model easier to train then validation is made to obtain an accuracy of 95%.

Muhammad et al. [16] introduced a hybrid model based by combining ML and DL, models is used
for building neural networks which extracts features from the highly processed images without having noise.
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These neural networks are pre trained on large datasets and are fine tuned to chest X-ray dataset because
these models allow faster convergence as they already learned general features from a large dataset, so they
require less time to adapt to a new task. Moreover, training a DL model from scratch requires lot of data.
These pretrained models overcame this and finally classification is made using a ML classifier and obtained
an accuracy of 94%.

Jain et al. [17] utilized transfer learning to detect pneumonia in chest X-ray images. A pretrained
model which is a combination of multiple dl models is chosen which is already trained on larger dataset to
leverage the knowledge of the model to much smaller datasets and the dl based pre trained model is finetuned
by adjusting weights and parameters by making the model suitable for this task and then final phase of
training is made and these models have shown good performance as it reduced the time taken to train it from
scratch and achieved 97% accuracy.

Salehi et al. [18] utilized transfer learning and build a pre trained neuron model it is because since
these models have better knowledge and have extracted relevant information while fine tuning it to a specific
task it requires fewer epochs to train it apart from that they perform better with smaller datasets because they
start with a pre-existing knowledge and obtained accuracy 96%. Gulgun and Erol [19] utilized DL models to
classify pneumonia from chest X-rays for that multiple DL models were used it is observed that resent 50
model have shown good performance. It is because of inception modules which are nothing but convolution
filters which can be adjusted according to level of convolution then to evaluate it roc is used as it represents the
both correct and incorrect cases which are identified by the model and it has achieved better accuracy of 94%.

Masad et al. [20] introduced a hybrid model where multiple dl models were combined to get good
performance as medical data is diverse in terms of quality and patient’s data these models can adapt to
diverse data characteristics better than single-model approaches. Additionally, these are having capability to
focus on most important regions where key features are there by considering similarity scores and achieved
an accuracy of 92%. Raci¢ et al. [21] used DL and build a CNN model as it is best suitable for image
classification tasks by considering a dataset which contains images of patients which are both positive and
negative to Pneumonia then data augmentation is done after that a neural network is build to extract key
features by reducing dimensionality and several convolutional layers followed by pooling layers is built
allowing loss optimization and obtained accuracy 93%.

Zein et al. [22] used transfer learning as it involved using a already trained model on larger datasets
for much smaller and domain specific tasks like detecting pneumonia. For this model as the network is
already built hyperparameters like weight updating and adjustments were done, and performance
measurement is made it is shown accuracy of 96%. Sharma et al. [23] utilized a neural network-based CNN
model the novelty is more number of convolution layers were used to extract finest features. While training
dropout were used, it helped to overcome overfitting by reducing certain percentage of neurons where they
cannot be active this prevents the network from relying too heavily on any one node and batch normalization
to overcome distribution of inputs these helped to attain a good accuracy of 95%.

Zhang et al. [24] introduced a CNN model by enhancing internal architecture by adding more
convolution layers, changing data cleaning steps and novelty is by using a gradient mechanism where a
heatmap is generated and average of gradients is considered to identify important features which makes
convolutional layers easier to give better results by obtaining accuracy of 96%. Manickam et al. [25] used
DL model to extract fine features. Initially a pre trained transfer learning model is considered as it is already
trained on a large-scale dataset the task became much simpler to extract features by making model fit for this
task. Post training many optimizers were used to adjust learning rate which tells how large weight
adjustments need to be and considered a small learning rate because small weight updates lead to better
convergence and obtained an accuracy of 94%.

3. METHOD
3.1. Dataset details

The dataset used for this purpose is chest X-ray images (pneumonia) which is predominantly used
for pneumonia detection it consists of three directories in which training, testing and validation files are
found where in each file again it subclassified in normal consists of X-ray images of healthy lungs. And
pneumonia disease X-ray images of lungs affected by pneumonia., consists more than 5,000 images which
are having dimensions around 1,200x1,500 pixels. Figure 2 shows the normal image of lungs taken by X-ray
and Figure 3 shows pneumonia affected lungs taken by X-ray.

3.2. Data preprocessing

It is an important stage before give data for training the model because it ensures model is
generalized well. Preprocessing helps to achieve better accuracy at later stages of any method. For that many
methods have performed, and they are described below.
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NORMAL Image NORMAL Image NORMAL Image

Figure 2. Normal image of lungs taken by X-ray
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Figure 3. Pneumonia affected lungs taken by X-ray

3.2.1. Image rescale

This process involves converting images whose intensity are different to 0 to 1, it is necessary as it
helps stabilizing and speeding up the training process. This conversion can be made by dividing pixel value
by 255. Histogram representation shown in Figure 4.

3.2.2. Shear and zoom

It transforms image along one side through a certain angle which is defined in terms of probability.
It is essential some images are sheared in certain directions in such cases detecting them becomes easier
while zoom involves making image size bigger as some images might have different size. So, making the
model to train with different zoom size helps to become invariant to the scale of the objects.

3.2.3. Flipping

This operation involves flips the image along the vertical axis where left side of the image becomes
the right side this helps model to become generalized to flipping. And can detect objects irrespective of their
orientation. Different flipped images can be seen in Figure 5.
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Figure 4. Represents histogram of normal and pneumonia image size distribution
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Figure 5. Labelled images of normal and pneumonia case

3.3. ResNet 50 model

It is a dl based neural network which consists of 50 layers considered as four staged networks with
residual block which helps in avoiding gradient issues. Each stage is convolutional layers where the filters
are getting increased to extract even finest features making it best suitable for medical image identification
tasks. Moreover, bottleneck design helps to maintain depth of network while reducing unwanted parameters
and reducing complexity. Architecture shown in Figure 6.
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Figure 6. Architectural representation of the proposed ResNet 50 model

3.4. Global average pooling
Images are represented in terms of feature map where features are represented it is important to
reduce unwanted features by retaining important information. So, this technique takes the average of the
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feature maps and represents them as a single feature which helps to avoid overfitting, here is the heatmap
shown in Figure 7.

3.5. Pooling, early stopping and dropout

It is used to stop model training after certain point of time when there is no improvement in
performance ins such cases if model doesn’t stop it may prone to overfitting so to avoid that early stopping is
used. While dropout removes a certain percentage of neurons as the model becomes more heavier it becomes
difficult to train so to avoid that this is used image distribution in Figure 8.
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Figure 7. Heatmap distribution of both cases
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Figure 8. Normal vs pneumonia image distribution

Below is the detailed description of the implemented algorithm in a step-by-step manner:

a) Importing the libraries: importing required libraries for data handling, visualization, and model building.

b) Define dataset directories: set paths for the training, validation, and test datasets.

¢) Count and display images and visualization: it is important to count total number of images in each
directory as it helps to know what type of data it is. By plotting heatmaps helps in visualizing data
distribution.

d) Data preprocessing and augmentation: this stage is important as it cleans the data required for training
and makes the model generalized so necessary techniques like rescaling, shear, zoom and flipping were
performed.
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e) Building ResNet 50 model: loading the pretrained model which is trained on a larger data and set it as
non-trainable.

f)  Defining callbacks: to avoid overfitting a call-back function is used through which after achieving a
certain accuracy the loop gets terminated and prevents the model from learning too much.

g) Training the model: model tends to get trained on a 80-20 scale, Average pooling is preferred as it
reduces number of parameters and training time.

h)  Dropouts and loss optimization: dropout is preferred as it reduces model’s complexity by minimizing
neurons and post training loss optimization were done by fine tuning the parameters.

i)  Testing and visualization: then the model is tested and achieved an accuracy of 90% and showed good
accurate results.

4. RESULTS AND DISCUSSION

The ResNet model performed better than traditional methods because it can learn complex features
effectively. Its residual blocks help maintain strong performance by learning residual functions. As a result, it
achieved an overall accuracy of 90%.

5. CONCLUSION

It is observed that ResNet50 has performed well and achieved an accuracy of 90%. This is due to it
is having residual blocks through which even finest features are observed as each residual block stage
number of filters and convolutions gets increased. ResNet 50 training requires powerful GPUs and large
amounts of memory, so in future it is necessary to handle as new data becomes available, the model may
need to be fine-tuned to maintain its performance.

ACKNOWLEDGEMENTS

The authors express their gratitude to the Department of Computer Science and Engineering,
Koneru Lakshmaiah Education Foundation, Vaddeswaram, Guntur, Andhra Pradesh, India, for their constant
support and encouragement throughout this work. Special thanks to our mentor, Venubabu Rachapudi, for his
valuable guidance and assistance during the research process.

FUNDING INFORMATION
Authors state no funding involved.

AUTHOR CONTRIBUTIONS STATEMENT
This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author
contributions, reduce authorship disputes, and facilitate collaboration.

Name of Author C M So Va Fo | R D O E Vi Su P Fu
Konjeti Naga Venkata v v v v
Pavana Suta Siva
Nishanth
Syed Althaf Basha v v 4
Vissamsetty Srikanth v v v
Kommi Purna Narendra v
Venubabu Rachapudi v v
C : Conceptualization I Investigation Vi : Visualization
M . Methodology R : Resources Su : Supervision
S0 : Software D : Data Curation P : Project administration
Va : Validation O : writing - Original Draft Fu : Funding acquisition
Fo : Formal analysis E : Writing - Review & Editing

CONFLICT OF INTEREST STATEMENT
Authors state no conflict of interest.

Detecting Pneumonia from chest X-rays using deep ... (Konjeti Naga Venkata Pavana Suta Siva Nishanth)



1722

a ISSN: 2502-4752

DATA AVAILABILITY

The data that support the findings of this study are openly available at Kaggle:

https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia.
REFERENCES
[1] K. El Asnaoui, Y. Chawki, and A. Idri, “Automated methods for detection and classification pneumonia based on X-ray images

[2]
[3]

[4]

[5]

[6]
[71

(8]
[9]
[10]
[11]
[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

using deep learning,” in Artificial Intelligence and Blockchain for Future Cybersecurity Applications, Springer International
Publishing, 2021, pp. 257-284.

T. B. Chandra and K. Verma, “Pneumonia detection on chest X-ray using machine learning paradigm,” In Proceedings of 3rd
International Conference on Computer Vision and Image Processing, vol. 1, pp. 21-33, 2018.

S. Parveen and K. B. Khan, “Detection and classification of pneumonia in chest X-ray images by supervised learning,” in
Proceedings - 2020 23rd IEEE International Multi-Topic Conference, INMIC 2020, Nov. 2020, pp. 1-5, doi:
10.1109/INMIC50486.2020.9318118.

R. E. Al Mamlook, S. Chen, and H. F. Bzizi, “Investigation of the performance of machine learning classifiers for pneumonia
detection in chest X-ray images,” in IEEE International Conference on Electro Information Technology, Jul. 2020, vol. 2020-
July, pp. 98-104, doi: 10.1109/E1T48999.2020.9208232.

A. U. Ibrahim, M. Ozsoz, S. Serte, F. Al-Turjman, and P. S. Yakoi, “Pneumonia classification using deep learning from chest
X-ray images during COVID-19,” Cognitive Computation, vol. 16, no. 4, pp. 1589-1601, Jan. 2024, doi: 10.1007/s12559-020-
09787-5.

R. Kundu, R. Das, Z. W. Geem, G. T. Han, and R. Sarkar, “Pneumonia detection in chest X-ray images using an ensemble of deep
learning models,” PLoS ONE, vol. 16, no. 9 September, p. 0256630, Sep. 2021, doi: 10.1371/journal.pone.0256630.

S. Das, S. K. Pradhan, S. Mishra, S. Pradhan, and P. K. Pattnaik, “A machine learning based approach for detection of pneumonia
by analyzing chest X-ray images,” in Proceedings of the 2022 9th International Conference on Computing for Sustainable Global
Development, INDIACom 2022, Mar. 2022, pp. 177-183, doi: 10.23919/INDIACom54597.2022.9763203.

V. Naralasetti, R. K. Shaik, G. Katepalli, and J. D. Bodapati, “Deep learning models for pneumonia identification and
classification based on X-ray images,” Traitement du Signal, vol. 38, no. 3, pp. 903-909, Jun. 2021, doi: 10.18280/ts.380337.

S. L. K. Yee and W. J. K. Raymond, “Pneumonia diagnosis using chest X-ray images and machine learning,” in ACM
International Conference Proceeding Series, Sep. 2020, pp. 101-105, doi: 10.1145/3397391.3397412.

M. F. Hashmi, S. Katiyar, A. G. Keskar, N. D. Bokde, and Z. W. Geem, “Efficient pneumonia detection in chest xray images
using deep transfer learning,” Diagnostics, vol. 10, no. 6, p. 417, Jun. 2020, doi: 10.3390/diagnostics10060417.

T. Rahman et al., “Transfer learning with deep convolutional neural network (CNN) for Pneumonia detection using chest X-ray,”
Applied Sciences (Switzerland), vol. 10, no. 9, p. 3233, May 2020, doi: 10.3390/app10093233.

M. F. Hashmi, S. Katiyar, A. W. Hashmi, and A. G. Keskar, “Pneumonia detection in chest X-ray images using compound scaled
deep learning model,” Automatika, vol. 62, no. 3-4, pp. 397-406, Sep. 2021, doi: 10.1080/00051144.2021.1973297.

R. Alsharif, Y. Al-Issa, A. M. Alqudah, 1. A. Qasmieh, W. A. Mustafa, and H. Alquran, “Pneumonianet: automated detection and
classification of pediatric Pneumonia using chest X-ray images and cnn approach,” Electronics (Switzerland), vol. 10, no. 23, p.
2949, Nov. 2021, doi: 10.3390/electronics10232949.

C. Ortiz-Toro, A. Garcia-Pedrero, M. Lillo-Saavedra, and C. Gonzalo-Martin, “Automatic detection of pneumonia in chest X-ray
images using textural features,” Computers in Biology and Medicine, vol. 145, p. 105466, Jun. 2022, doi:
10.1016/j.compbiomed.2022.105466.

S. Sharma and K. Guleria, “A deep learning based model for the detection of pneumonia from chest X-ray images using VGG-16
and neural networks,” Procedia Computer Science, vol. 218, pp. 357-366, 2022, doi: 10.1016/j.procs.2023.01.018.

Y. Muhammad, M. D. Alshehri, W. M. Alenazy, T. V. Hoang, and R. Alturki, “Identification of pneumonia disease applying an
intelligent computational framework based on deep learning and machine learning techniques,” Mobile Information Systems, vol.
2021, pp. 1-20, May 2021, doi: 10.1155/2021/9989237.

R. Jain, P. Nagrath, G. Kataria, V. S. Kaushik, and D. J. Hemanth, “Pneumonia detection in chest X-ray images using
convolutional neural networks and transfer learning,” Measurement: Journal of the International Measurement Confederation,
vol. 165, p. 108046, Dec. 2020, doi: 10.1016/j.measurement.2020.108046.

M. Salehi, R. Mohammadi, H. Ghaffari, N. Sadighi, and R. Reiazi, “Automated detection of pneumonia cases using deep transfer
learning with paediatric chest X-ray images,” British Journal of Radiology, vol. 94, no. 1121, Apr. 2021, doi:
10.1259/bjr.20201263.

O. D. Giilgiin and H. Erol, “Classification performance comparisons of deep learning models in pneumonia diagnosis using chest
X-ray images,” Turkish Journal of Engineering, vol. 4, no. 3, pp. 129-141, Jul. 2020, doi: 10.31127/tuje.652358.

I. S. Masad, A. Alqudah, A. M. Alqudah, and S. Almashagbeh, “A hybrid deep learning approach towards building an intelligent
system for pneumonia detection in chest X-ray images,” International Journal of Electrical and Computer Engineering, vol. 11,
no. 6, pp. 5530-5540, Dec. 2021, doi: 10.11591/ijece.v11i6.pp5530-5540.

L. Raci¢, T. Popovié, S. Cakié, and S. Sandi, “Pneumonia detection using deep learning based on convolutional neural network,”
in 2021 25th International Conference on Information Technology, IT 2021, Feb. 2021, pp. 14, doi:
10.1109/1T51528.2021.9390137.

O. M. E. Zein, M. M. Soliman, A. K. Elkholy, and N. 1. Ghali, “Transfer learning based model for pneumonia detection in chest
X-ray images,” International Journal of Intelligent Engineering and Systems, vol. 14, no. 5, pp. 56-66, Oct. 2021, doi:
10.22266/ijies2021.1031.06.

H. Sharma, J. S. Jain, P. Bansal, and S. Gupta, “Feature extraction and classification of chest X-ray images using CNN to detect
Pneumonia,” in Proceedings of the Confluence 2020 - 10th International Conference on Cloud Computing, Data Science and
Engineering, Jan. 2020, pp. 227-231, doi: 10.1109/Confluence47617.2020.9057809.

D. Zhang, F. Ren, Y. Li, L. Na, and Y. Ma, “Pneumonia detection from chest X-ray images based on convolutional neural
network,” Electronics (Switzerland), vol. 10, no. 13, p. 1512, Jun. 2021, doi: 10.3390/electronics10131512.

A. Manickam, J. Jiang, Y. Zhou, A. Sagar, R. Soundrapandiyan, and R. D. J. Samuel, “Automated pneumonia detection on chest
X-ray images: a deep learning approach with different optimizers and transfer learning architectures,” Measurement: Journal of
the International Measurement Confederation, vol. 184, p. 109953, Nov. 2021, doi: 10.1016/j.measurement.2021.109953.

Indonesian J Elec Eng & Comp Sci, Vol. 39, No. 3, September 2025: 1714-1723



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 g 1723

BIOGRAPHIES OF AUTHORS

Konjeti Naga Venkata Pavana Suta Siva Nishanth Bl 2 is currently pursuing a
B.Tech degree in computer science and engineering at KL University, India. He has expertise
in web development, machine learning, and deep learning. His key projects include a CNN-
based solution for "Detection and classification of pneumonia in chest X-rays," which
achieved a remarkable 90% accuracy. He has published research on "Forecasting
cardiovascular diseases using kernel machine”. He can be contacted at email:
2100030214cseh@gmail.com.

Syed Althaf Basha @ E:J B8 € is currently pursuing a B.Tech degree in computer science
and engineering at KL University, India. He has expertise in web development, machine
learning, and deep learning. His key projects include a CNN-based solution for "Detection and
classification of pneumonia in chest X-rays," which achieved a remarkable 90% accuracy. He
has published research on "Forecasting cardiovascular diseases using kernel machine". He can
be contacted at email: 2100030524cseh@gmail.com.

Vissamsetty Srikanth BIEC s currently pursuing a B.Tech degree in computer science
and engineering at KL University, India. He has expertise in web development, machine
learning, and deep learning. His key projects include a CNN-based solution for "Detection and
classification of pneumonia in chest X-rays," which achieved a remarkable 90% accuracy. He
has published research on "Forecasting cardiovascular diseases using kernel machine". He can
be contacted at email: 2100030604cseh@gmail.com.

Kommi Purna Narendra & E{ s currently pursuing a B.Tech degree in computer
science and engineering at KL University, India. He has expertise in web development,
machine learning, and deep learning. His key projects include a CNN-based solution for
"Detection and classification of pneumonia in chest X-rays,” which achieved a remarkable
90% accuracy. He has published research on "Forecasting cardiovascular diseases using kernel
machine™. He can be contacted at email: 2100030723cseh@gmail.com.

Dr. Venubabu Rachapudi BIEd s currently working as an Associate Professor and
Deputy HOD in Department of Computer Science and Engineering, Koneru Lakshmaiah
Education Foundation, Vaddeswaram, AP, India. He received his Ph.D. in computer science
and systems engineering from Andhra University, Visakhapatnam, India. He has over 19 years
of experience in academia and research. Over the years, he has contributed significantly to
academia, with the publication of more than 50 articles in reputed indexed journals and the
acquisition of couple of patents. His research interests are in the area of image processing,
metaheuristic algorithms and machine learning. He has earned several global certifications and
received prestigious awards, including the Best Teacher Award, Skill Excellence Award, and
Innovative Teaching Excellence Award from reputed organizations. Additionally, he has
successfully cleared competitive exams such as GATE and UGC-NET in computer science,
reflecting his strong academic and professional credentials. He can be contacted at email:
venubabu.r@gmail.com.

Detecting Pneumonia from chest X-rays using deep ... (Konjeti Naga Venkata Pavana Suta Siva Nishanth)


https://orcid.org/0009-0002-6520-4904
https://scholar.google.com/citations?hl=en&authuser=5&user=nixLmegAAAAJ
https://orcid.org/0009-0007-8591-3608
https://scholar.google.com/citations?hl=en&authuser=2&user=LSjoQsgAAAAJ
https://orcid.org/0009-0006-6287-1399
https://scholar.google.com/citations?hl=en&authuser=3&user=nR31bVsAAAAJ
https://orcid.org/0009-0004-0390-714X
https://scholar.google.com/citations?hl=en&authuser=4&user=_S2yqKwAAAAJ
https://orcid.org/0000-0002-5969-7733
https://scholar.google.com/citations?user=GE5wPH8AAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57201913804
https://www.webofscience.com/wos/author/record/U-5960-2018

