CNN-based Diagnosis from Medical Imaging:
Leveraging Transfer Learning for Enhanced
Accuracy
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Abstract—Medical imaging plays a crucial role in disease
diagnosis and treatment planning, yet the increasing volume of
imaging data poses challenges for radiologists and healthcare
systems. This study investigates the application of Convolutional
Neural Networks (CNNs) for automated medical image classifica-
tion, leveraging transfer learning to enhance diagnostic accuracy.
Using a pre-trained DenseNet-121 model, we developed and
evaluated CNN-based classifiers for lung cancer, pneumonia, and
tuberculosis detection.

Our models achieved high classification accuracy, with 90.48 %
for lung cancer, 91.83% for pneumonia, and 99.84% for tu-
berculosis, demonstrating their effectiveness in distinguishing
between normal and pathological cases. The results highlight the
potential of Al-driven diagnostics to assist medical professionals
by reducing workload, improving diagnostic speed and accuracy,
and addressing the shortage of radiologists.

Despite promising performance, challenges such as dataset
variability, potential biases, and real-world deployment remain.
Future work will focus on expanding datasets, improving model
interpretability, and integrating Al-assisted tools into clinical
workflows to enhance reliability and accessibility in medical
imaging.

I. INTRODUCTION

Medical imaging is a cornerstone of modern healthcare,
enabling the early detection and diagnosis of a wide range
of diseases. However, the increasing volume of medical imag-
ing data presents challenges for radiologists and healthcare
providers, who must analyze complex scans under time con-
straints. Artificial intelligence (Al), particularly deep learning,
with its advantage of end-to-end processing, has emerged on
a large scale in recent medical diagnosis studies [1]], offering
the potential for faster, more accurate, and more efficient anal-
ysis. This research explores the development of an Al-driven
medical imaging diagnostic system using convolutional neural
networks (CNNs) to detect anomalies in X-rays, magnetic
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resonance imaging (MRI), and computed tomography (CT)
scans.

Deep learning, a subset of machine learning, has demon-
strated remarkable capabilities in image recognition and clas-
sification tasks, making it an ideal tool for medical imag-
ing diagnostics. Convolutional neural networks (CNNs) are
particularly well-suited for this purpose because they auto-
matically extract hierarchical features from medical images,
distinguishing between normal and pathological conditions
with high accuracy. One such model in skin cancer achieved
levels of competence comparable to dermatologists [2[]. Unlike
traditional image processing techniques that rely on hand-
crafted feature extraction, CNNs learn spatial hierarchies of
features directly from raw imaging data [3]], leading to superior
performance concerning old approaches [4].

Convolutional neural networks (CNNs) have empowered
researchers to develop advanced models that accurately dif-
ferentiate between healthy patients and those showing signs
of cancer [5]]. These sophisticated algorithms have improved
speed and accuracy, marking a substantial technological break-
through in medical diagnostics. This advancement has the
potential to significantly transform how cancer is diagnosed
and can greatly improve patient outcomes by facilitating earlier
and more accurate detection, thereby enabling prompt and
effective treatment. Incorporating CNNs into cancer diag-
nostics signifies a crucial milestone in integrating artificial
intelligence within healthcare, promising to boost diagnostic
accuracy and streamline medical interventions. Consequently,
this technology could substantially reduce the mortality rates
and overall global burden associated with cancer.



A. Motivation

The growing demand for medical imaging diagnostics has
placed significant pressure on healthcare systems, leading to
increased workloads for radiologists and the risk of diagnostic
errors. Al, particularly deep learning models like CNNs,
has demonstrated immense potential in enhancing diagnostic
accuracy and efficiency [2]. Al can rapidly analyze complex
imaging data, detect abnormalities with high precision, and
support medical professionals in making timely and informed
decisions [6]. This project is motivated by the need to inte-
grate Al into medical imaging workflows to improve patient
outcomes. Studies have shown that Al-assisted diagnostics can
significantly reduce interpretation time while maintaining or
exceeding human-level accuracy [7]]. Moreover, Al can address
the shortage of radiologists in many regions, ensuring broader
access to high-quality healthcare services.

By developing a CNN-based diagnostic system for X-
rays, MRIs, and CT scans, this study aims to contribute to
the ongoing transformation of medical imaging. The project
focuses on improving the interpretability and reliability of
Al models, ensuring they can be effectively integrated into
clinical practice [8]]. Ultimately, this work seeks to demonstrate
that Al-powered diagnostics can enhance healthcare efficiency,
reduce diagnostic errors, and support medical professionals in
providing better patient care.

B. Related Works

Our research focuses on adapting a pre-trained convolu-
tional neural network (CNN) model for general-use medical
diagnostics, specifically for detecting anomalies in X-rays,
MRIs, and CT scans using PyTorch. The growing body of
research on CNN applications in medical imaging underscores
the potential of deep learning models to enhance diagnostic
accuracy, streamline workflows, and assist radiologists in
detecting diseases more efficiently. A key component of our
approach is transfer learning, which allows us to fine-tune
a pre-trained CNN for medical imaging tasks, reducing the
need for extensive labeled datasets while improving model
performance. This method aligns with previous work, such as
that by Varma et al., who demonstrated that transfer learning
significantly enhances CNN-based image classification [§].

Beyond transfer learning, CNNs have shown expert-level
performance across multiple medical imaging domains. In
dermatology, CNN-based models have matched or surpassed
human specialists in classifying skin conditions, proving that
deep learning can be adapted beyond traditional radiology
applications [2f]. Similarly, in oncology, Al models such as
the Chief AI system developed at Harvard achieved a 94
% accuracy rate in cancer detection, demonstrating the
capability of CNNs to assist in early cancer diagnosis with
high precision [9]. CNNs have also been widely explored
in neurology, where they have been successfully applied
to detect Alzheimer’s-related tauopathy, showcasing their
ability to interpret intricate pathological patterns in complex
neuroimaging data [10].

Additionally, CNNs have contributed to advancements in
MRI imaging, particularly in motion correction and artifact
reduction, which improve the quality of MRI scans and
minimize the need for repeat imaging, as shown in recent
studies [12]. These collective findings reinforce the broad ap-
plicability of CNNs in medical imaging diagnostics and val-
idate our approach in leveraging deep learning for automated
anomaly detection. By incorporating these methodologies, our
research aims to develop an Al-driven diagnostic tool that
enhances medical imaging analysis, improves interpretability,
and supports clinical decision-making.

C. Problem Definition

Our research explores the deployment of an image recog-
nition algorithm, specifically a convolutional neural network
(CNN), within the healthcare industry to enhance medical
imaging diagnostics. The distinctiveness of this project lies
in its approach: leveraging transfer learning by adapting pre-
trained CNN models to create a general-use diagnostic tool

To facilitate model training, we utilize a medical imaging
dataset, ensuring access to high-quality labeled data. The
images undergo preprocessing to enhance compatibility with
our CNN, which is implemented using PyTorch. We seek to
maximize model accuracy and generalizability across differ-
ent imaging modalities through careful fine-tuning, including
hyperparameter optimization and augmentation techniques.

II. METHODOLOGY
A. Dataset

This study utilizes three distinct medical imaging datasets

for disease classification:

o Lung Cancer Image Dataset: A Comprehensive Col-
lection 2024 [11] — Consists of high-resolution CT
scan images for lung cancer classification. The dataset is
divided into four distinct classes:

— Adenocarcinoma — A common form of lung cancer
originating in mucus-producing cells.

— Large Cell Carcinoma — A rapidly growing lung
cancer type appearing in any lung region.

— Normal — Healthy lung images serving as control
samples.

— Squamous Cell Carcinoma — A cancer developing
in the flat cells lining the airways.

o Pneumonia Chest X-ray Dataset — Contains 5,863 X-
ray images (JPEG) classified into two categories: Pneu-
monia and Normal. The dataset is organized into three
subsets (train, test, validation). The images were selected
from retrospective cohorts of pediatric patients aged one
to five years old from Guangzhou Women and Children’s
Medical Center. [12]

o Tuberculosis Chest X-ray Dataset — Contains 7,000 X-
ray images (3,500 TB-positive and 3,500 normal). The
dataset was compiled by researchers from Qatar Uni-
versity, the University of Dhaka, and their collaborators.
The TB images were sourced from publicly accessible
datasets and the NIAID TB portal program. [[13]]



Each dataset was split into training, validation, and testing
sets to facilitate model evaluation.

B. Data Preprocessing

To optimize the datasets for CNN-based image recogni-
tion, a preprocessing pipeline was implemented using Py-
Torch’s torchvision.transforms. The key preprocessing steps
include:

¢ Resizing: Images were resized to ensure uniform input
dimensions.

e Grayscale Conversion: Images were converted to a
single-channel grayscale format to reduce computa-
tional complexity while preserving diagnostic features.

o Normalization: Pixel values were scaled to the [0,1]
range by dividing by 255 to aid neural network conver-
gence.

« Data Augmentation: To enhance model generalization,
random horizontal flipping and random rotation were
applied.

o Mean-Std Normalization: The dataset mean and stan-
dard deviation were computed and applied for stabiliza-
tion during training.

These preprocessing steps ensure that the datasets are well-

structured, optimized for deep learning, and suitable for
medical image classification.

Fig. 1. Preprocessed lung CT scan images used for CNN-based image recog-
nition. The preprocessing pipeline, implemented using PyTorch’s torchvi-
sion.transforms, includes resizing for uniform input dimensions, grayscale
conversion for reduced computational complexity, and pixel normalization
to the [0,1] range for improved neural network convergence. Additionally,
data augmentation techniques such as random horizontal flipping and rotation
were applied to enhance model generalization. Mean-standard deviation
normalization (mean = 0.3230, std = 0.2176) was performed to stabilize
training. These steps optimize the dataset for deep learning-based lung cancer
classification.

C. Model Architecture and Training

A Convolutional Neural Network (CNN)-based approach
was employed using transfer learning with a pre-trained
DenseNet-121 model. Three separate models were trained,
each specialized for one of the three datasets (lung cancer,

pneumonia, tuberculosis). The modifications and training ap-
proach are detailed below:
1) Model Architecture:

o The pre-trained DenseNet-121 model was adapted.

o The fully connected classifier layer was replaced with
a linear classifier for multi-class output (four classes
for lung cancer, two classes each for pneumonia and
tuberculosis).

o A cross-entropy loss function was utilized for classifi-
cation.

o The SGD optimizer with momentum (0.9) and learning
rate decay was applied for stable training.

2) Training Process:

o Each model was trained separately on its respective
dataset using a batch size of 32.

o Training was conducted on a GPU (if available) for faster
convergence.

e A learning rate scheduler adjusted the learning rate
every 7 epochs to mitigate overfitting.

o The validation sets were used for hyperparameter tuning.

D. Evaluation Metrics

To rigorously assess each model’s ability to differentiate be-
tween true-positive and true-negative cases, this study employs
a comprehensive set of evaluation metrics. Specifically, we
focus on precision, recall (sensitivity), F1-score, and insights
derived from the confusion matrix.

Precision and recall are fundamental in evaluating the
model’s ability to correctly identify true-positive cases. Their
respective formulas are:

Precision = rr (D
BN = T p T EP
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The F1-score, which is the harmonic mean of precision and
recall, quantifies the trade-off between false positives and false
negatives and is defined as:

Precision x Recall

Fl1- =2 3
seore Precision 4+ Recall )

Additionally, the confusion matrix provides a detailed
breakdown of the model’s performance, offering valuable in-
sights into its strengths and weaknesses. This tool is especially
crucial in classification tasks where the cost of misclassifica-
tion varies in severity, such as medical diagnosis.

III. RESULTS
A. Overall Model Performance

Three separate CNN-based models were trained for lung
cancer, pneumonia, and tuberculosis classification. The overall
test accuracies achieved for each model are:

o Lung Cancer Model: 90.48%
o Pneumonia Model: 91.83%
o Tuberculosis Model: 99.84%
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Fig. 2. Confusion matrix illustrating the performance of the CNN-based
lung cancer classification model. The model demonstrates high classification
accuracy for normal cases (98%) and squamous cell carcinoma (94%), but
adenocarcinoma exhibits a slightly lower recall (83%).

These results demonstrate the effectiveness of the models
in distinguishing between various medical conditions based
on imaging data.

B. Lung Cancer Classification Results

The performance of our CNN-based lung cancer classi-
fication model was evaluated using a test dataset of 315
images, achieving an overall test accuracy of extbf90.48%.
This demonstrates the model’s effectiveness in distinguishing
between adenocarcinoma, large cell carcinoma, squamous cell
carcinoma, and normal lung conditions using CT scans.

1) Confusion Matrix Analysis: The confusion matrix pro-
vides insights into the model’s classification performance:

¢ Adenocarcinoma: Correctly classified: 100, Misclassi-
fied as large cell carcinoma: 6, normal: 3, and squamous
cell carcinoma: 11.

o Large Cell Carcinoma: Correctly classified: 47, Mis-
classified as adenocarcinoma: 2, normal: 1, squamous cell
carcinoma: 1.

o Normal Cases: Correctly classified: 53, Misclassified as
adenocarcinoma: 1.

e Squamous Cell Carcinoma: Correctly classified: 85,
Misclassified as adenocarcinoma: 3, large cell carcinoma:
2, normal: O.

C. Pneumonia Classification Results

The pneumonia classification model was evaluated using a
test dataset of 624 images, achieving an overall test accuracy
of 91.83%.
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Fig. 3. Confusion matrix illustrating the performance of the CNN-based

pneumonia classification model. The model achieved a recall of 99% for
pneumonia cases, ensuring a minimal number of false negatives. However,
normal cases exhibited a lower recall (79%), with some misclassification
occurring.

o Normal: Correctly classified: 185, Misclassified as pneu-
monia: 49.

o Pneumonia: Correctly classified: 388, Misclassified as
normal: 2.

D. Tuberculosis Classification Results

The tuberculosis classification model was evaluated using
a test dataset of 630 images, achieving an outstanding test
accuracy of 99.84%.

o Normal: Correctly classified: 525, Misclassified as tuber-
culosis: 0.

o Tuberculosis: Correctly classified: 104, Misclassified as
normal: 1.

E. Summary of Results

The tuberculosis classification model achieved near-perfect
accuracy, indicating excellent performance in distinguishing
between normal and tuberculosis cases. The pneumonia model
exhibited strong performance, though with a slightly lower
recall for normal cases. The lung cancer classification model
performed well overall, though it showed some misclassifi-
cation for adenocarcinoma cases. These results highlight the
strengths and potential areas for improvement in medical
image-based classification models.

IV. CONCLUSION

This study explored the application of CNN-based deep
learning models for medical image classification, specifi-
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Fig. 4. Confusion matrix illustrating the performance of the CNN-based tu-
berculosis classification model. The model achieved near-perfect classification
accuracy, with only one misclassification observed in the tuberculosis class.

cally targeting lung cancer, pneumonia, and tuberculo-
sis detection. By leveraging transfer learning with a pre-
trained DenseNet-121 model, the study demonstrated that deep
learning can achieve high accuracy in diagnosing medical
conditions from X-ray and CT scan images.

The tuberculosis classification model achieved an out-
standing 99.84% accuracy, highlighting the potential of CNNs
for real-world medical applications. The pneumonia model
performed well, though it exhibited slightly lower recall
for normal cases, indicating potential room for improvement.
The lung cancer model successfully classified different cancer
types but faced challenges in distinguishing adenocarcinoma
from other forms. These findings emphasize the effective-
ness of Al-powered diagnostics in assisting radiologists and
healthcare professionals by reducing interpretation time and
improving diagnostic accuracy.

Despite these promising results, several challenges remain.
The variability in real-world medical imaging datasets,
potential model biases, and the need for external validation
suggest that further refinement is required before deploy-
ment in clinical settings. However, this research reinforces
the transformative potential of AI in healthcare and sets
the stage for future advancements in automated medical
diagnostics.

V. FUTURE WORK

Future research should focus on improving the generaliz-
ability of the models by incorporating larger and more diverse
datasets. Enhancing the model’s robustness through additional

data augmentation techniques and domain adaptation meth-
ods could reduce misclassification rates. Future studies could
also explore the potential of multi-modal learning, where
CT scans, X-ray images, and clinical data are combined to
enhance diagnostic accuracy. Lastly, deploying these models
in real-world clinical settings and evaluating their impact on
healthcare workflows would be a crucial step toward practical
implementation.

VI. LIMITATIONS

Despite the promising results, the models presented in this
study have several limitations. First, the datasets used may
not fully represent the variability found in real-world clinical
settings, leading to potential biases in model predictions. Ad-
ditionally, while deep learning models excel at pattern recogni-
tion, they still struggle with rare cases and subtle abnormalities
that require human expertise. The lack of external validation
on independent datasets limits the model’s generalizability.
Computational resource constraints may also hinder real-time
deployment, particularly in low-resource healthcare settings.

VII. ETHICAL CONSIDERATIONS

Al-based diagnostic models must be deployed responsibly
to ensure fairness and transparency. Bias in training data
can lead to disparities in diagnostic accuracy across different
patient groups. Ensuring patient privacy and compliance with
regulations is crucial when handling medical data. Al should
assist, not replace, human expertise to prevent over-reliance
and diagnostic errors. Clear guidelines for Al use and contin-
uous monitoring in clinical settings are necessary to maintain
ethical and responsible deployment.
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