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Abstract— Across the globe, breast cancer is a major health issue
responsible for a significant number of deaths among women.
Traditional screening methods rely on periodic mammograms,
which may lead to delayed detection. This paper proposes a
wearable IoT-based tumor detection system integrated into women
innerwear, utilizing Raspberry Pi and hybrid deep learning models
for an early a more accurate detection of breast cancer. The system
employs multimodal wearable antennas for real-time tissue
analysis and cloud-based monitoring. The proposed solution
substantially increased accuracy from traditional machine
learning models and produced precision of 97% thereby reducing
false positives to an extent where it can be used for real-time
classification applications i.e. monitoring and reducing
dependence on hospital-based screenings.
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I. INTRODUCTION

Breast cancer remains one of the most prevalent and life-
threatening diseases among women worldwide. Early
detection significantly improves survival rates, yet
conventional diagnostic methods such as mammography,
ultrasound, and MRI require clinical visits, specialized
radiologists, and costly equipment. These limitations create
accessibility challenges, particularly in rural and low-
resource regions where medical imaging facilities are
scarce.

Early detection of breast cancer significantly improves
patient survival rates and treatment outcomes. Traditional
diagnostic methods such as mammography, ultrasound, and
MRI require clinical visits and specialized radiologists,
making them less accessible in remote or resource-limited
settings. Recent advancements in the Internet of Things
(IoT) using hardwares like Raspberry Pi and Jetson Nano
Machine learning having advance regression and
classification tools have introduced innovative approaches
to breast cancer detection, enabling real-time, automated,
and cost-effective screening solutions. IoT-based wearable
devices integrated with smart sensors can continuously
monitor breast tissue abnormalities, while deep learning
algorithms analyse medical images to enhance diagnostic
accuracy [1], [2].

Recent advancements, such as Sycai Medical's Al-based
tool, have demonstrated the potential of non-invasive
imaging techniques in early cancer detection[3]. The
application of UWB technology in wearable devices has
shown promise in accurately tracking and classifying
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physical activities, which could be extended to health
monitoring applications[4].

Machine learning models, particularly Convolutional
Neural New hybrid models, such as CNN combined with
optimization techniques, significantly improve detection
performance over traditional methods [3], [4].
Additionally, secure data transmission using blockchain
and cloud computing ensures privacy in medical IoT
applications, making these systems more viable for real-
world deployment [5], [6]. (CNNs) and ensemble
classifiers, have been extensively used to process thermal
images, ultrasound scans, and other medical data for
accurate tumour classification. Research has demonstrated
that the datasets used in these studies vary widely, with
many sourced from public repositories such as Kaggle and
the UCI Machine Learning Repository. These datasets
include labelled mammograms, histopathological images,
and sensor- based readings from wearable devices. By
combining diverse datasets and leveraging machine
learning for feature extraction and classification,
researchers have demonstrated promising results in breast
cancer screening and diagnosis [4], [6].

Several studies have explored the potential of IoT-enabled
breast cancer detection systems. A study presented an [oT-
based smart healthcare system incorporating a Feedback
Artificial Crow Search-based Shepherd CNN, optimizing
classification accuracy in breast tumour identification [2].
Another research project integrated deep learning with loT
in breast cancer detection, demonstrating how real-time
monitoring and automated alerts enhance early diagnosis
[8]. The use of smart thermography systems based on
bioheat transfer simulation has also been explored,
providing non-invasive breast cancer detection using
wearable sensors [7].

This study proposes a predictive healthcare system that
leverages IoT and Electronic Health Records (EHRs) for
real-time, automated breast cancer detection. The
framework integrates thermal imaging cameras with
Convolutional Neural Networks (CNNs) to improve
diagnostic precision. Researchers have also investigated
3D-printed breast prostheses capable of sensing and
treating early-stage breast cancer, further expanding the
applications of IoT-integrated therapeutic solutions [10].



Various machine learning techniques, including Logistic
Regression, Random Forest, SVM, KNN, Decision Tree,
Gradient Boosting, AdaBoost, and a Voting-based ensemble
model, have been incorporated in this study. Additionally, a
CNN+LSTM model has been implemented to further boost
accuracy. The models were tested on a diverse breast tumour
dataset from Kaggle, allowing for extensive performance
evaluation in different clinical scenarios.

Thus this paper proposes a wearable breast cancer detection
system leveraging Raspberry Pi for real-time processing and
cloud-based data transmission for remote monitoring. This
solution offers a low-cost and scalable framework that can
function effectively across various settings, presenting a
viable method for early tumor detection and ongoing patient
health monitoring.

II. PROPOSED SYSTEM DESIGN

To overcome these limitations, our proposed approach in-
corporates the following enhancements:

— Diverse Model Selection: Instead of solely relying
on complex models, we tested both lightweight
and heavy machine learning models to balance
accuracy, learning time, and memory efficiency.
This approach ensured a robust comparative
analysis between hybrid and simple models.

— Advanced Data Preprocessing: We applied
advanced preprocessing techniques, including
feature scaling and normalization, to enhance the
model performance. Principal Component
Analysis (PCA) was utilized to minimize feature
redundancy and lower dimensionality, thereby
optimizing the computational performance.
Hyperparameter Tuning: To ensure optimal
performance, hyperparameter tuning was
conducted using Grid Search and Randomized
Search techniques. This allowed us to find the best
parameters for each model, enhancing accuracy
and generalization.

— Improved Feature Extraction: By integrating
CNN with LSTM, we utilized a hybrid deep
learning architecture to better capture spatial and
temporal  dependencies. This  approach
significantly — improved classification  per-
formance by capturing both spatial dependencies
and temporal correlations within the dataset.

» Implementation of Ensemble Learning:  Incorporating
techniques such as Random Forest, Gradient Boosting,
and XGBoost to improve classification robustness.

* Cross-Dataset Generalization: Evaluating the model on
multiple datasets to assess its adaptability in real-world
clinical applications.

By implementing these enhancements, our proposed model
aims to achieve superior accuracy, better generalization, and
improved real-world applicability for early breast cancer de-
tection
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Fig-1 A wearable IOT based -breast monitoring system

-Machine Learning-Based Breast Tumor Classification

We implemented multiple traditional machine learning
(ML) models to classify breast tumour data.

The deep learning model was trained and assessed using
the Wisconsin Diagnostic Breast Cancer (WDBC) dataset,
consisting of 569 samples of digitized fine needle
aspiration (FNA) images of breast tumors. Each sample
includes 30 numerical features derived from characteristics
of the cell nuclei, such as radius, texture, perimeter, area,
smoothness, compactness, concavity, and fractal
dimension. The dataset also contains a binary classification
label: ‘M’ for malignant (212 samples) and ‘B’ for benign
(357 samples) [17]. The dataset is diverse and
representative, encompassing a wide range of tumor
characteristics in terms of shape, size, and structure. Each
record corresponds to a distinct patient, ensuring data
independence. To maintain consistency and reduce bias, all
features were normalized before feeding into the model.

In order to test the model's generalization capability and
minimize overfitting, a thorough evaluation was
conducted., we employed 5-fold stratified -cross-
validation. This approach ensures that each fold preserves
the original proportion of benign and malignant samples.
The model underwent training on four data subsets, with
the remaining subset used for validation in each iteration.
Performance metrics, including accuracy, precision, recall,
and F1-score, were calculated for each fold and averaged
to provide a robust estimate of the model’s performance
across all folds. The dataset was pre-processed,
standardized, and divided into separate training and testing
sets.. The methodology involved:

To ensure optimal model performance and mitigate bias,
we performed several data preprocessing steps, including
feature selection, encoding, scaling, and handling missing
values. The steps are detailed below:

TABLE 1



Learning Model Accuracy DuringAccuracy on Test e Random Forest
Training Data
Logistic Regression 0.9863 0.9737 * Gradient Boosting
® AdaBoost
Random Forest 1.0000 0.9649
A. Performance Evaluation
Support Vector Machine  [0.9868 0.9737 The models were evaluated based on training and testing
accuracy, summarized in Table 1.
K-Nearest Neighbors 0.9802 0.9474
A. Deep Learning Approach
Decision Ti 1.0000 0.9298 .
eciston tree 1) Model Architecture: A recent study demonstrated
) ) that a CNN-LSTM model achieved superior accuracy
Gradient Boosting 10000 0-9561 (99.17% and 99.90% across two datasets) compared to
standalone architectures like ResNet-50 and VGG-16.
AdaBoost 1.0000 0.9649 This hybrid model effectively balances accuracy and
computational efficiency, making it suitable for real-time
Voting Classifier 0.9912 0.9737 clinical applications. We implemented a Convolutional
Neural Network (CNN) followed by a Long Short-Term

Memory (LSTM) network to improve -classification
accuracy. The model consists of:

ACCURACY COMPARISON OF ML MODELS

Data preprocessing: Removal of unnecessary features and

encoding of categorical labels. Feature scaling: Real-Time Glucose Monitoring Pipeline

Data Collection

Standardization using a Standard Scaler.

Feature Selection and Removal of Redundant Columns
The dataset contained an id column, which was a unique
identifier for each patient but had no relevance to
classification. This column was removed as it did not
contribute to predictive accuracy. Additionally, highly
correlated features (correlation coefficient > 0.9) were
analyzed to reduce multicollinearity and redundancy

Model training: Implementation of multiple ML models.

Performance evaluation: Accuracy comparison between
training and testing sets.

A) Dataset and Preprocessing

We utilized the breast cancer dataset from Kaggle Breast

Tumour dataset. The preprocessing steps included:

* Dropping the non-informative id column.

* Encoding the target variable (diagnosis) using Label

Encoding.

* Dividing the dataset into 80% for training and 20% for

testing. Standardizing features using StandardScaler.

B)

The models used for training and testing in this study are as

follows:"

® Logistic Regression
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Fig. 2. System Architecture of the Wearable IoT-based Tumor

Classification System

- Convolutional layers for feature extraction.

- LSTM layers to capture temporal dependencies.
- Fully connected layers for final classification.

2) Overfitting Prevention Strategies: To mitigate
overfit- ting, we applied:

- Dropout layers (0.6) to reduce reliance on

® Support Vector Machine (SVM)
e K-Nearest Neighbors (KNN)

® Decision Tree

specific neurons.
- Batch normalization to stabilize training.
- Early stopping and learning rate reduction.
B. Performance Comparison



Figure 3 illustrates the classification performance of
proposed models.
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Fig. 3.A Summary of Classification Model Performance
Fig.3b Classification report of the Deep Learning model
Fig:3c-Confusion matrix of predicted vs actual label

The model's effectiveness in classifying breast
tumours is evaluated using multiple visualizations.

a)Confusion Matrix (Figure 3c)

From the confusion matrix, we observe 70 true negatives, 40
true positives, 2 false positives, and 2 false negatives,
demonstrating strong classification performance with
minimal mistakes.

b) Accuracy & Loss Over Epochs (Figure 3a)

The accuracy plot shows rapid improvement in both training
and validation accuracy, stabilizing around 95-97% after 10

epochs, demonstrating strong generalization. The loss curves
show steady reduction, with minor fluctuations in validation
loss, suggesting effective learning with minimal overfitting.

c)Classification Report

The model demonstrates 97% precision, recall, and
F1-score for benign cases., and 95% for malignant
cases, with an overall accuracy of 96%, indicating a
well-balanced and reliable performance.

III. 10T AND CLOUD CONNECTIVITY FOR CONTINOUS
MONITORING

IoT Integration Wearable device with multimodal
antennas for continuous tumor monitoring. - Edge Al
processing with Raspberry Pi for initial classification.

In the earlier phase of this work, a physical prototype was
developed to validate the feasibility of breast tumor
classification using thermal and electrical parameters. In
the current study, the authors have transitioned to a
simulation-based approach, enabling better control over
input variables and facilitating comprehensive testing of
the proposed deep learning models. The dataset features
were simulated as sensor outputs and integrated with a
Raspberry Pi-based embedded system, mimicking real-
time data acquisition. The trained model was deployed on
the Raspberry Pi to evaluate its performance in on-device
inference, demonstrating the system's potential for real-
world applications in low-cost and portable diagnostic
platforms.

- Encrypting patient data storage in the cloud. - Secure
API for real-time alerts and remote access by medical
profession can increase the robustness of the system.

IV. SECTION-4

ANALYSIS AND POTENTIAL DEVELOPMENTS

n this paper, a wearable IoT system for tumor
classification was presented, incorporating machine
learning and deep learning methods.. Future work
includes improving model generalization, integrating
additional biosensors, and real-time deployment in
clinical trials.

- Data transmission from Raspberry Pi to cloud
(AWS/Firebase).

- Remote access through a web or mobile dashboard.
TABLE II
RASPBERRY PI 5 PERFORMANCE METRICS FOR ML MODELS

Model Inference Time | CPU Utilization |Power (W)
(ms) (%)

Logistic 30-40 70-75 52
Regression

Random Forest 80-120( 85-95 6.5
SVM 90-150 90-95 6.8
KNN 60-100 85-90 6.0
Decision Tree 40-70 75-80 5.5
XGBoost 120-180 90-100 70
AdaBoost 100-150 85-95 6.7
Voting Classifier 120-200 90-100 72




A. ML/DL Model Performance

The Table 2 given above give performance of the raspberry pi
while using different Machine learning models (parameters
like inference time, CPU-utilization, Power are the key
metrics here

The performance of various machine learning models for
breast cancer classification is evaluated based on inference
time, CPU utilization, and power consumption. While these
metrics provide insight into computational efficiency,
accuracy remains a critical factor in determining the
effectiveness of these models.

Logistic Regression-having the lowest inference time (30-40
ms) and moderate CPU utilization (70-75%), is typically used
for linear classification problems. However, its performance
may be suboptimal if the dataset is non-linearly separable,
leading to lower accuracy compared to more complex models.

Random Forest and Decision Tree- models demonstrate
relatively balanced inference times and power consumption.
Random Forest, benefiting from ensemble learning, often
provides better generalization and robustness, leading to
improved accuracy. Decision Trees, although computationally
efficient (40-70 ms inference time), may suffer from
overfitting, which can slightly reduce accuracy.

SVM and KNN algorithms- show inference times ranging
from 60-150 ms, with high CPU utilization (90-95%). These
models are known for their strong classification performance,
especially in high-dimensional datasets. SVM, with its ability
to find optimal hyperplanes, often delivers high accuracy,
while KNN's performance depends heavily on the choice of
neighbours and distance metric.

Boosting algorithms, including XGBoost and AdaBoost,
show the highest inference times (100-200 ms), but they
leverage iterative learning to improve accuracy. XGBoost,
known for its efficiency in handling structured data, generally
outperforms other models in terms of precision and recall.
AdaBoost also enhances weak classifiers but may be sensitive
to noisy data.

Finally, the Voting Classifier, which aggregates multiple
models, provides a trade-off between accuracy and
computational cost. By combining the strengths of various
models, it aims to enhance prediction reliability, often
resulting in superior classification accuracy at the expense
of increased inference time and resource utilization.

D .Conclusions :

The integration of UWB microwave imaging with the Internet
of Things (IoT) presents new possibilities for smart healthcare
monitoring. This paper presents a wearable loT-based breast
tumour classification system leveraging Raspberry Pi and
hybrid deep learning models. The proposed approach aims to
provide real- time, non-invasive tumor detection with cloud-
based remote monitoring.

Future IoT devices may be integrated as follows: Using [oT
for real-time diagnosis by deploying the model on edge

platforms such as Raspberry Pi or Jetson Nano.for real-time
breast cancer detection and remote monitoring.

Our deep learning approach improved classification accuracy
while mitigating overfitting. Future work includes optimizing
hyperparameters and integrating real-time deployment using
edge devices.

Our analysis demonstrates that traditional ML models can
effectively classify breast tumours with high accuracy.
However, the slight variations in testing accuracy highlight the
need for model selection based on robustness against
overfitting. Future work will explore optimizing
hyperparameters and integrating deep learning with ensemble
methods for improved classification reliability. Also it is
highly effective to use s-parameter vs frequency data for better
classification accuracy and non-invasiveness.

1. Sensitivity to Tissue Heterogeneity: Breast tissues exhibit
varying dielectric properties between healthy and malignant
tissues. S-parameters, measured across a frequency spectrum,
capture these differences effectively. Studies have
demonstrated that malignant tissues show distinct S-parameter
signatures compared to benign tissues, enhancing
classification accuracy.[15]

2. Non-Invasive and Real-Time Assessment: Utilizing S-
parameters allows for non-invasive probing of breast tissues.
Techniques such as microwave imaging leverage S-parameter
data to construct real-time images, facilitating immediate and
accurate tumor detection.[16]
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