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Abstract

Detection of early cancer greatly improves the results of treatment and the patient's
survival percentage. The article presents a method to automatically classify cancer cells in
histological images that is based on a convolutional neural network (CNN). A multi-level
CNN architecture was proposed due to strong data growth and advanced pre-processing
techniques, which could effectively detect micro-structural aspects in medical imaging data.
The model achieves 94.6% accuracy when significant performance metrics, including
accuracy, sensitivity, specificity, and Fl-score, are used. These results show how models
successfully eliminate manual interpretation errors, reduce clinical turnaround time, and can
be integrated into real clinical systems. The study stands as a scalable and reliable method to

diagnose early cancer in a clinical context.
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1. Introduction

Millions of people lost their lives due to cancer every year, making it the greatest risk
to world health despite tremendous progress in medical research and treatment options.
Identification of early cancer is still necessary to reduce the mortality rate and improve the
patient's survival rate. Many traditional clinical techniques have been used in clinical practice,
including histopathological analysis, computed tomography (CT) scans, magnetic resonance

imaging (MRI), biopsy, and mammography. Clinical delays caused by high costs, supervisor
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variability, and manual interpretation of false positives and false negatives are some common
disadvantages of these methods. This extensive study focuses on many dialogues, including
breast cancer, lung cancer, skin cancer, colorectal cancer and brain tumors, and examines the
use of CNN in early diagnosis of cancer. The CNN model has performed well in analyzing
large-scale medical imaging data, including X-rays, CT scans, MRI scans, ultrasound images
and histopathological slides.[3] This hierarchical representation enables the CNN model to
learn complex spatial patterns and to distinguish benign from malignant lesions with high
sensitivity and specificity. Cancer is a diverse disease that requires an early and accurate
diagnosis to improve the results of treatment. It is characterized by uncontrolled cellular
proliferation. Traditional clinical techniques, despite their effectiveness, usually require labor-
intensive manual interpretation, delaying the initiation of treatment. In addition, significant
degrees of similarity between benign and malignant tissue in imaging data also make it
difficult for radiologists, early-stage cancer efficiently. The advancement of Artificial
Intelligence (AI) and machine learning has opened up new avenues to address these
challenges by creating automatic diagnostic systems that can evaluate vast amounts of data
and identify subtle imaging characteristics of cancer. The Convolutional Neural Network
(CNN) is a deep learning model designed for image processing and analysis. CNNs can
identify subtle changes in the structure, texture, and density of tissue, as unlike traditional
machine learning models, they convolutional firm filters to achieve a spatial hierarchy of
information. The main rationale for the use of CNNss is their superior performance in terms of
accuracy, speed, and noise robustness. As seen in the graphic below, we can separate and
identify cancer based on changes in the appearance of cancer cells, as shown in the below

figure 1.
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Figure 1. Optimal Images of Both Normal Cell and Three Different Kinds of Cancer Cells
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2. Literature Survey

In the past few years, particularly for cancer detection, in the last few years, medical
image has emerged as an intense learning methodology for processing. CNN architecture has
been explored in various studies to detect and automate classification, with improved clinical

applicability, scalability, and accuracy compared to conventional methods.

A novel deep CNN structure was devised by Zhou et al. [3] With the stated intention
of detecting breast cancer in digital images. His model obtained high accuracy with relatively
low computing complexity using layer conversion and max-pooling methods to enhance
feature extraction. Classification of mammographic breast lesions was also addressed by
Mohakud et al. [11]. Besides, an entirely automatic thermogram-based breast cancer detection
system was developed by Mohammad et al. [12]. His CNN-based system demonstrated

capacity as a non-invasive diagnostic tool and needed minimal manual labor.

Besides breast cancer, CNN has also been employed to diagnose cervical and colon
cancer. Automation-aid cervical cancer screening was suggested by Xiang et al. [4] based on
CNN. Their method has significantly minimized the reliance on human cytotechnologists to
comment on pap smear images and classify abnormal cell patterns. Hassan et al. [8] His
technology automated enabled the pathologist to make the decision to identify the existence

of maliciousness and provide information on the tissue characteristics.

CNNs are becoming increasingly adept at skin cancer classification for enhanced
availability of dermoscopic data. Arshed et al. [6] A hyperpieme-tune CNN trained on Gray
Wolf Optimization (GWO) algorithm was utilized by seductive and dash [11]. His model
revealed the benefits of evolutionary adaptation methods in CNN development, with ability
to identify various skin cancer types effectively. By predicting the urinary biomarker as a one-
dimensional conversional neural network (1D-CNNs), Karr et al. [13] CNN applications
expanded for diagnosing pancreatic cancer. This new approach totally bypassed image-based
input, exercising CNN's ability in dealing with structured biological data beyond the realm of

conventional imaging.

CNN has also been extremely useful in identifying brain tumors from MRI paintings.
A new one specifically created for the brain tumor classification was introduced by CNN
architecture Muslim et al. [4]. His network achieved satisfactory accuracy in many MRI

datasets with batch normalization and residual connections. Gal et al. [10] CNN model
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utilized for identifying automatic brain tumors as well. He achieved good specificity and
robustness in capturing tumor boundaries after validating his technique with normal MRI
dataset. While not cancer specific, the analogous work on covid-19 detection using CNNS by
Gifani et al. [7] Utilizing pre-trained CNN and transfer learning techniques, their dress model

assessed CT scan and production

Based on reviewed papers, CNN-based architecture delivers highly accurate, scalable
and automated cancer diagnostic tools for a variety of types of cancers such as breasts,
cervical, and brain cancer. Recent work encompasses improved learning, transfer learning and
adaptation techniques (eg GWO), whose aim to improve performance is that early research is
mostly confined to basic CNN models. Also, non-standard input data utilizes inputs (e.g.,
thermogram and urinary biomarkers) which CNN can now surpass image analysis. Model
teachers, dataset imbalances and clinical validation across a variety of populations, all the

while despite these advances, remain.

3. Proposed Methodology

The suggested study approach provides a systematic outline for the automatic
identification of malignant cells through the use of a specially designed Convolutional Neural
Network (CNN) model, trained and verified using a dataset of histological images. Data
collection, image preprocessing and augmentation, model architecture design, training plans,

evaluation, and all are stages in the interface pipeline that contribute to developing a model.
3.1 Data Collection and Preparation

Getting a high-quality dataset of histopathological whole-slide images is an early step
in the process. These images are from hospital archives and publicly available repositories,
where medical experts have classified each sample as benign or cancerous based on clinical
diagnosis. The dataset contains a wide range of cancer types to ensure the variety and
prevalence of the model in different formats, including breast, lung, skin, and colorectal
cancer. Since each whole-slide image is usually very large (sometimes more than 10,000 x
10,000 pixels), direct training on these full-resolution images is impractical and

computationally expensive.

A patching technique was used to make data manageable and compliant with the input

limits of the CNN model. Each whole-slide image was separated into non-overlapping 512 x

ISSN: 2582-337X 166



Radhika S., Deekshitha, Shiva Prasad, Jyothirmayi, Lokesh

512-pixel patches, localized morphological characteristics that are important for identifying
malignant cells were preserved in these patches. The patch was reduced to 256 x 256 pixels
to preserve important structural elements while reducing computational complexity. To
guarantee an objective assessment, the dataset was then divided into training (70%),

validation (15%), and test sets (15%).
3.2 CNN Model Architecture Design

The construction of a specially tailored CNN architecture for cancer mobile
classification is the basis of this method. CNN makes use of numerous feature extraction and
classification levels. The 256 x 256 x 3 RGB photo patch can be loaded into the input layer.
Three conversion blocks that form feature extraction layers include a max pooling 2D layer
that maintains key features to reduce spatial dimensions, a batch normalization layer to

stabilize learning, and a conv2D layer followed by a ReLU activation function.

After each pooling layer, a dropout layer was added with a dropout rate of 0.4 to
promote normalization and avoid overfitting. This encourages scattered learning by ensuring
that the network does not rely too heavily on any individual neuron. The output of the final
pooling layers, is flattened and then sent to dense layers which are fully connected (128 and
64 units, respectively), followed by dropout layers once again. Two neurons, representing
benign and malignant classes, form the final output layer. A SoftMax function activates these
neurons to obtain classification probabilities. Training performance and model complexity are
balanced in this method (Figure 2). The proposed model maintains good accuracy and balance
while being relatively small to train on standard hardware, unlike significantly deep models

such as ResNet or Inception.

-Z' fusr/local/lib/python3.11/dist-packages/keras/src/saving/saving_lib.py:757: UserWan
saveable.load_own_variables(weights_store.get(inner_path))
Model: "sequential_1"

Layer (type) Output Shape Param #
flatten_1 (Flatten) ( s 784) ]
dense_2 (Dense) ( , 128) 100,480
dense_3 (Dense) ( » 18) 1,290

Total params: 263,542 (795.89 KB)
Trainable params: 101,770 (397.54 KB)
Non-trainable params: @ (©.€@ B)
Optimizer params: 181,772 (397.55 KB)

Figure 2. Parameters of the Proposed CNN Model
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The Adam optimizer, which is suitable for two-class classification problems, was used
for training. It has a binary cross-entropy loss function and an early learning rate of .0.001.
The model was trained for more than 50 epochs while with a batch size of 32. To avoid
overfitting and reduce wasteful calculations, an early stopping mechanism was implemented

located to terminate training if the validation loss did not improve for ten consecutive epochs.

The accuracy and loss curves for both training and validation were used to monitor
performance during the training phase. In each epoch where validation accuracy increased,
model checkpoints were recorded. After training, these checkpoints allowed for the retrieval
of the model that performed best. To speed up the backpropagation process and shorten the

convergence time, training was conducted on a machine with a GPU.

Using Gradio, a python package for creating web-based machine learning model
demos, the trained model was incorporated into a straightforward graphical user interface to
make it easy for clinicians and pathologists to use. Uploading histopathological images
allows users to obtain immediate predictions about the presence of benign or malignant cells
within the sample. This interface facilitates potential integration within the clinic's records

system and serves as proof of concept for using the model in real clinical settings.

4. Results and Implementation
4.1 Implementation

The proposed CNN-primarily based cancer detection models were implemented using
number of contemporary tools, programming libraries, and structures to facilitate efficient
creation, training, testing, and deployment. Core models have been developed using Python
3.8, a widely used programming language in the domains of artificial intelligence and deep
learning due to its large support for computing and its adaptability. The TensorFlow

framework and its high-level API features were used to create and train deep learning models.

These packages enabled training metrics monitoring, activation function application,
model compilation, and neural network layer creation. OpenCV and NumPy, two Python
libraries, were employed for data augmentation and preprocessing. OpenCV was essential
for image transformation tasks such as scaling, patching, and color changes, while NumPy
enabled efficient matrix operations and numerical computation that were required to feed the

input into the neural network.
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To analyze training progress and evaluate the model's performance, the team created
real-time training accuracy and loss charts using Matplotlib and Seaborn. Visual aids helped
to effectively adapt the hyperparameters and made it easier to understand how the model

handled the convergence of each epoch.

A web-based interface developed with Gradio was used to deploy a Python package,
specifically designed to create a user-friendly machine learning application interface for the
trained model. By importing the image input and acquiring instant classification results with
the confidence score Gradio enabled researchers and medical physicians to interact with

models in real time. This integration depicted the model's potential for realistic clinical use.

The model was trained on a GPU-enabled device with an NVIDIA CUDA-compatible
GPU for hardware acceleration during training, which greatly reduced training time and
increased the model’s effectiveness. Because Google Colab and Jupyter Notebook
Environment GPU offer cloud-based access to GPU resources, shared notebooks, and runtime

flexibility, they also made it easier complicated to collaborate on development and use.
4.2 Experimental Results

Through a combination of quantitative measurement and visual interface model, the
effectiveness of the CNN-based model suggested for cancer diagnosis was carefully
evaluated. Using training, model, and testing stages, a variety of histopathological and
endoscopic image datasets were utilized. Results validate the ability to distinguish between

benign and malignant tissue samples, allowing practical implementation in clinical processes.
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Figure 3. Accuracy Analysis

Journal of Ubiquitous Computing and Communication Technologies, June 2025, Volume 7, Issue 2 169



Convolutional Neural Networks based Automated Cancer Detection Model

Model Loss

| —— Train Loss
val Loss

Loss

0.05 1

Epoch

Figure 4. Model Training Loss

Figure 3, which displays the model accuracy curve, reflects the performance of the
CNN model during training and model. As can be seen, the accuracy of both training and
model reached high performance levels in the first ten epochs, gradually increasing during.
subsequent epochs. The model demonstrated that it learned discriminatory features without
overfitting, as training accuracy reached 99% and model accuracy stabilized around 98.5%.
In addition, the losses for training and model data are shown in Figure 4. The convergence of
the model and its good generalization capabilities were further supported by model loss,
which maintained a stable pattern while the training loss was dramatically reduced and
continued to decrease during the early epochs. The model's numerical performance metrics
include -94.6% accuracy, 92.1% sensitivity, 95.8% specificity, and an Fl-score of 93.4%.
This was made possible by the implementation of a trained model in a Gradio interface
containing an intuitive design. Users were able to upload a variety of image types, such as
high-resolution histopathology samples and real-time endoscopic views, for immediate
classification using the Gradio-based "early detection of cancer", online interface, as
illustrated in Figure 5. In addition to correctly classifying whether the input image includes

benign or cancer cells, the model also produces probability-based confidence.
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Early Detection of Cancer

Upload a scan image to predict whether it is cancerous or non-cancerous.

Prediction

Non-Cancerous
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Upload an endoscopy image to check if it's cancerous or non-cancerous
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Figure 5. Gradio Interface for Real-Time Prediction of Cancerous Vs. Non-

Cancerous Samples

This interface was used in several testing scenarios that covered various use cases to
detect cancer. For example, the model produced a "non-cancer" prediction with high
confidence for the histopathology slide image uploaded in the upper panel of Figure 6. Images
were examined from a dataset for breast, colon, and skin cancer. Performing across many
organ systems and imaging methods, the model maintained its classification reliability and
correctly predicted labels such as "cancer" or ."non-cancer." According to this cross-
validation the CNN model is very flexible for multi-type cancer screening, as it can handle

various stains, color profiles, and tissue samples.
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4 The Early Detection of Cancer
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Figure 7. Interface Outputs Showing Endoscopic Image-based Predictions

Additionally, a large number of endoscopic image inputs used for model are shown in
Figure 7, with the forecasts shown for each tile. The excessive category within the frame is
obtained through the stability machine, that is essential for colonoscopy-based cancer
diagnosis and applications in gastroenterology. This powerful transition from static histology
images to real-time imaging techniques demonstrates how favorable and scalable the
paradigm is. The results confirm that the model is useful in deployment conditions and
performs well on key criteria. Clinical researchers and healthcare workers can now utilize it

through its integration with Gradio, which may accelerate diagnosis and inspire the creation

of another opinion.
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5. Conclusion

This study used an endoscopic and histological imaging dataset to construct a
customized convolutional neural network (CNN) architecture for automated detection of
malignant cells. The model showed class accuracy of 94.6%, sensitivity of 92.1%, specificity
0f 95.8%. and a top-notch overall performance with an F1 score of 93.4%, preprocessing, data
augmentation, and network design optimization. The real-time prediction in an intuitive
format was made possible by the inclusion of a Gradio-based graphical user interface, which
demonstrated the practical appropriateness of the system. The capability of the model as a
clinical decision-support tool is confirmed by its good generalization across various cancer
types and imaging techniques. It is assumed such systems provide a quick, reliable, and
scalable way to assist pathologists and medical specialists in identifying cancer, with the aim
of improving the effectiveness of diagnosis and patient outcomes. There are many
opportunities to enhance and broaden the capabilities of the current model, although it
performs well in the binary classification of benign and cancer cells. The aim of future studies
is to extend the model to multi-class classification to differentiate various cancer types, stages,
and grades. Using an explainable Al (XAI) method, along with techniques such as heat maps
or grad-CAM, may better visualize specific regions of the image that influence the model's

decisions, thereby increasing interpretability and confidence.
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