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Abstract—The early diagnosis and continuous monitoring of
chronic diseases remain critical challenges in modern
healthcare, particularly in rural and resource-constrained
environments. Manual diagnosis is prone to human error,
delayed response times, and the need for specialized
expertise. This paper introduces ArogyaShield, an Al-
powered healthcare framework designed to provide
automated diagnosis and risk monitoring by integrating deep
learning models with loT-enabled data acquisition. The
system processes multimodal inputs — medical images and
wearable sensor data — through an encoder—decoder
architecture enhanced with a deliberation module for
iterative refinement of predictions. The encoder extracts
hierarchical features from images and sensor streams, while
the deliberation decoder re-examines ambiguous cases to
minimize false positives and improve sensitivity. Datasets
were generated from a combination of public repositories
and simulated loT vitals, subjected to preprocessing for
normalization and augmentation. Experiments demonstrate
that ArogyaShield achieves >90% accuracy on benchmark
datasets and delivers robust anomaly detection for patient
monitoring. Results highlight its potential for scalable
deployment in telemedicine and real-world rural healthcare
settings.
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I. INTRODUCTION

The global rise of non-communicable diseases such as
diabetes, cancer, and cardiovascular conditions has increased
the demand for early diagnosis and continuous monitoring.
According to the World Health Organization, chronic diseases
account for over 70% of annual deaths worldwide.
Unfortunately, healthcare accessibility is uneven: while
urban areas have specialized medical professionals, rural
populations face limited diagnostic facilities and delayed
treatment.

Al-driven healthcare systems offer opportunities to
automate diagnosis, reduce dependency on experts, and
enable remote monitoring via loT
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provide continuous patient assessment and proactive alerts.

This paper introduces ArogyaShield, a novel framework

designed to:
1. Collect multimodal patient data using loT-
enabled devices.
2. Apply deep learning models for
automated disease classification.
3. Use a deliberation decoder to improve
diagnostic reliability.
4. Deliver results via a dashboard for

clinicians and patients.

[I. RELATED WORK

Numerous researchers have applied Al in healthcare:
. Medical Imaging: Gulshan et al. developed
a CNN for diabetic retinopathy detection, achieving
results comparable to ophthalmologists. Ting et al.
extended these methods to multiple retinal
conditions. CNNs and transfer learning have been
widely applied in chest X-ray classification, skin
lesion detection, and cancer identification.
. loT Monitoring: Wearable devices like
smartwatches and fitness trackers monitor vitals
(heart rate, SpO,, ECG). Studies show their utility in
chronic disease management.
. Challenges: Existing systems are often
domain-specific (focused on one disease), lack
integration across data modalities, and struggle
with scalability in real-world environments.
ArogyaShield distinguishes itself by integrating imaging and
loT data within a unified encoder—decoder framework. The
deliberation mechanism further enhances prediction
confidence.
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[1l. PROBLEM DEFINITION

The limitations of existing systems can be summarized as
follows:

. Manual Dependence: Reliance on experts
leads to delayed diagnosis.

. Single-Modality Systems: Most Al models
process only images or only vitals.

. Noise Sensitivity: Sensor data and images
are prone to corruption, reducing accuracy.

. Scalability Issues: Deploying in

rural/telemedicine settings requires lightweight,
cloud-based frameworks.
Problem Statement: Design a scalable, multimodal Al
healthcare framework capable of robust early diagnosis and
risk monitoring with minimal manual intervention.

IV. DATASET GENERATION

The ArogyaShield framework requires multimodal data
inputs comprising both medical imaging datasets and loT
sensor data streams. Since no single public dataset offers this
combination, a hybrid dataset was generated using publicly
available repositories and synthetic simulations.

A. Medical Imaging Datasets

For disease detection tasks, annotated medical images were

collected from multiple sources:
. Retinal Fundus Images — The EyePACS
dataset was used for diabetic retinopathy detection,
consisting of over 35,000 labeled images across five
severity levels.
. Chest X-rays — The NIH ChestX-rayl4
dataset with 25,000 images covering pneumonia,
tuberculosis, and lung-related conditions.

. CT Scan Data — Smaller collections of CT
scans were included to diversify the imaging
dataset.

All images underwent preprocessing including resizing to
224x224 pixels, grayscale normalization, and augmentation
techniques (rotation, flipping, contrast adjustment) to
increase robustness against variability in acquisition
conditions.

B. loT Sensor Data
To simulate continuous patient monitoring, synthetic loT
data streams were generated based on medical literature
and real-world distributions of vital signs. Each simulated
patient stream included:
. Heart Rate (HR): 50-180 bpm range,
incorporating noise and anomalies such as
tachycardia events.

. Oxygen Saturation (Sp0O;): Normal range
95-100%, with occasional hypoxemia episodes.
. Body Temperature: 36—40°C range, with

fever spikes embedded for abnormal cases.
loT streams were generated for 50,000 simulated sessions,
sampled at 1 Hz frequency. Gaussian noise and missing
values were deliberately added to replicate real-world loT
device inaccuracies.

C. Data Preprocessing

. Medical Imaging: Histogram equalization
and denoising filters were applied to improve
clarity. Data augmentation ensured balanced
representation across classes.

o loT Sensor Data: Missing values were
imputed using linear interpolation, and outliers
were smoothed using moving-average filters. All
features were normalized to zero mean and unit
variance.

D. Train-Test Split

The datasets were stratified into 70% training, 15%
validation, and 15% testing. Stratification ensured equal
representation of rare disease cases.

V. METHODOLOGY

The ArogyaShield framework integrates loT-enabled data
acquisition, deep learning—based analysis, and real-time
monitoring through a unified architecture. The methodology
is divided into multiple layers, each responsible for specific
tasks, from raw data collection to risk prediction.

A. System Architecture
The overall architecture consists of three main layers:
1.Data Acquisition Layer — Collects multimodal inputs:

. Wearable loT devices capture vitals (HR,
Sp0,, temperature).
. Medical imaging devices (fundus camera,

X-ray, CT) provide diagnostic images.
2.Preprocessing Layer — Cleans and prepares the data:

. Image  preprocessing  (normalization,
resizing, augmentation).
° Signal preprocessing (filtering,

normalization, imputation).
3.Al Inference Layer — Performs analysis and prediction:

. CNN encoder for images.

° LSTM encoder for sensor data.

. Fusion layer for combined representation.
. Deliberation decoder  for refined
predictions.

B. Preprocessing Module

. Medical Images:
o Images resized to 224x224 pixels.
o Histogram equalization for
contrast.
o Data augmentation (rotation,
flipping, scaling) to improve generalization.
o loT Data:
o Noise reduced using moving
average filters.
o Missing data filled via linear
interpolation.
o Normalization applied to all
signals.

This step ensures standardized input across modalities.
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C. Feature Extraction (Encoders)

. CNN Encoder: ResNet-50 used for image
feature extraction due to its depth and skip
connections, which prevent vanishing gradients.

. LSTM Encoder: Used for sequential loT
data because it captures temporal dependencies,
such as changes in HR or SpO, over time.

° Fusion Layer: Combines CNN and LSTM
outputs into a joint feature vector, allowing
multimodal learning.

D. Classification and Risk Monitoring

° The Deliberation Decoder analyzes fused
features. It performs iterative re-evaluation using an
attention mechanism, focusing on discriminative
features (e.g., lesions in medical images, abnormal
HR patterns in sensor data).

. The decoder outputs:
1. Disease classification (from
imaging data).
2. Risk level score (from loT vitals).
. A dashboard displays these predictions,

sending alerts to clinicians if thresholds are
exceeded.

E. Training Strategy

. Loss Function: Cross-entropy loss for
classification tasks.

. Optimizer: Adam optimizer with learning
rate le-4.

. Batch Size: 32 for images, 64 for sensor
sequences.

. Early Stopping: Applied to prevent
overfitting.

° Evaluation Metrics: Accuracy, Precision,

Recall, F1-score.

F. Deployment Framework

. Cloud Backend: Stores processed patient
data and hosts Al models.

. Edge Devices: Lightweight loT nodes
capture vitals locally.

. User Interface: A web/mobile dashboard

for clinicians to track multiple patients in real-time.

VI. ENCODER

The encoder is responsible for feature extraction:

. CNN Encoder: ResNet and DenseNet
models trained via transfer learning for medical
imaging tasks.

. LSTM  Encoder: Captures temporal
dependencies in 10T sensor streams.

. Fusion Layer: Combines image and sensor
features into a joint latent vector.

VII. DELIBERATION DECODER

The deliberation decoder is a refinement module that re-
examines encoder outputs. Inspired by physician decision-
making, it:
. Applies an attention mechanism to
emphasize critical features.
o Iteratively refines predictions when
uncertainty is high.
. Improves recall and reduces false positives,
particularly in imbalanced datasets.

VIII. RESULTS

The performance of ArogyaShield was evaluated on
multimodal datasets comprising medical images (retinal,
chest X-ray, CT) and simulated loT sensor streams. The
evaluation focused on classification accuracy, precision,
recall, and F1-score, which are standard metrics in medical Al
research.

A. Experimental Setup
. Hardware: Experiments conducted on a
system with NVIDIA Tesla V100 GPU, 32 GB RAM,
and Python TensorFlow backend.

. Training: 50 epochs with early stopping,
batch sizes of 32 (images) and 64 (sensor
sequences).
. Evaluation Metrics:
o) Accuracy — overall percentage of
correct predictions.
o Precision — reliability of positive
predictions.
o Recall (Sensitivity) — ability to
correctly identify actual positive cases.
o Fl-score — harmonic mean of

precision and recall.

B. Image Classification Performance
On retinal fundus and chest X-ray datasets, the CNN
Encoder + Deliberation Decoder achieved higher
accuracy compared to baseline CNN models.

C. loT Sensor Anomaly Detection
The loT time-series data were analyzed to detect
anomalies such as tachycardia (HR > 150 bpm),
hypoxemia (SpO, < 90%), and fever spikes
(temperature > 38°C).
. Accuracy: 94% anomaly detection rate.
. False Alarm Rate: Reduced to 6% after
deliberation decoder refinement.
. Clinical Relevance: Timely detection of
abnormal vitals allows proactive alerts for remote
patients.

D. Confusion Matrix Analysis
A confusion matrix was plotted for the multiclass
disease classification task. Results indicated:
. High true positives for common conditions
(e.g., pneumonia, diabetic retinopathy).
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. Improved detection of minority classes
(rare severe conditions) due to deliberation.
. Reduced false negatives, which is essential

in medical contexts.

E. Comparative Study
Compared to related works:
. ArogyaShield matched or outperformed
previous CNN-based medical imaging models (e.g.,
Gulshan et al. for DR detection).
. Uniquely, it also integrated loT data
streams, providing continuous risk monitoring not
present in prior systems.

F. Summary of Results

. Image Classification: Achieved 93%
accuracy.

. loT Monitoring: Achieved 94% anomaly
detection.

. Deliberation Decoder: Improved recall by
5-7% across datasets.

° System Advantage: Real-time integration
of multimodal health data for both diagnosis and
monitoring.

IX.CONCLUSION

In this paper, we presented ArogyaShield, a multimodal Al-
driven healthcare framework that integrates deep learning
encoders with a deliberation decoder for improved disease
diagnosis and continuous patient monitoring. Unlike
conventional systems that are limited to a single modality or
single-pass prediction, ArogyaShield unifies medical imaging
and loT sensor streams into a scalable pipeline capable of
real-time risk assessment.
Key Contributions:
1. Multimodal Dataset Generation -
Combined large-scale public medical imaging
repositories with simulated |oT sensor streams to
create a hybrid dataset suitable for training and
evaluation.
2. Encoder—Decoder Architecture — Designed
CNN and LSTM encoders for multimodal feature
extraction and fused them into a unified

representation.

3. Deliberation Decoder — Introduced a
refinement mechanism that re-evaluates

4. predictions iteratively, mimicking clinical

re-examination and improving recall.
4.Experimental Validation — Achieved over 93% accuracy in
disease classification and 94% anomaly detection rate in loT-
based monitoring, outperforming baseline CNN and
CNN+LSTM models.

Impact:

The results demonstrate that ArogyaShield is not only
accurate but also clinically meaningful. By reducing false
negatives and improving sensitivity to rare cases, it addresses
critical gaps in automated healthcare systems. Its cloud-
based deployment architecture further ensures scalability for
telemedicine and rural healthcare, where timely diagnosis is
often unavailable.

Future Work:

. Clinical Validation: Conduct large-scale
clinical trials to validate real-world applicability.
. Explainable Al (XAI): Integrate

interpretability modules to provide heatmaps or
feature importance for clinician trust.
. Expanded Modalities: Incorporate
additional health signals such as ECG and wearable
device accelerometer data.
o Integration with EHR: Link with Electronic
Health Records for personalized, longitudinal
patient monitoring.
In conclusion, ArogyaShield provides a promising step toward
intelligent, accessible, and reliable healthcare systems,
paving the way for next-generation diagnostic support in
telemedicine and preventive care.
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ROBLEM oEFINITION

The limitations of existing systems can be summarized as
follows:

. Manual Dependence: Reliance on experts
leads to delayed diagnosis.

. Single-Modality Systems: Most Al models
process only images or only vitals.

. Noise Sensitivity: Sensor data and images
are prone to corruption, reducing accuracy.

. Scalability Issues: Deploying in

rural/telemedicine settings requires lightweight,
cloud-based frameworks.
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