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ABSTRACT

Human Activity Recognition (HAR) plays a
vital role in modern healthcare systems by
monitoring ~ of

enabling  continuous

individuals”  physical  activities  and
behaviors. Accurate recognition of daily
activities such as walking, sitting, running,
and sleeping can support early diagnosis,
rehabilitation, elderly care, and fitness
tracking. Traditional activity recognition
systems often rely on a single data modality,
such as wearable sensors or video data,
which limits their accuracy and robustness.
To overcome these limitations, this project
proposes an intelligent multimodal human
activity recognition system that integrates
multiple data sources to improve
performance and reliability.cThe proposed
system utilizes multimodal data inputs such
as wearable sensor data (accelerometer,
gyroscope), visual data from cameras, and
possibly audio signals. Data preprocessing
techniques including normalization, noise
removal, and feature extraction are applied to
prepare the dataset. Deep learning models,
particularly Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks

(RNNSs), are employed to capture spatial and
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temporal patterns in the data. Feature fusion
techniques are used to combine information
from different modalities, resulting in a more
comprehensive representation of human
activities.cExperimental results demonstrate
that the multimodal approach significantly
improves recognition accuracy compared to
single-modality systems. The system is
capable of accurately identifying a wide
range of human activities in real time,
making it suitable for healthcare applications
such as patient monitoring, fall detection, and
fitness tracking. However, challenges such as
data synchronization and computational
complexity remain. Overall, the proposed
system provides an efficient and scalable
solution for intelligent activity recognition in

personal healthcare environments.
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LINTRODUCTION

Human Activity Recognition (HAR) has

become an important research area in the

Vol 26 Issue 04, April, 2026

Page 1851 of 1857



ISSN:2250-3676

International Journal of Engineering Science and Advanced Technology(IJESAT)

field of healthcare, aiming to automatically
identify and monitor human activities using
sensor data and intelligent algorithms. In
personal healthcare systems, recognizing
daily activities such as walking, sitting,
running, and sleeping helps in monitoring
patient health, detecting abnormal behaviors,
and providing timely medical assistance.
Traditional healthcare monitoring systems
often rely on manual observation or single-
source data, which may be inaccurate, time-
consuming, and limited in scope. With the
advancement of wearable devices and smart
sensors, it is now possible to continuously
collect large volumes of data, enabling the
development of automated and intelligent

activity recognition systems.

Machine learning and deep learning
techniques have significantly improved the
performance of HAR systems. Algorithms
such as Decision Trees, Support Vector
Machines (SVM), and Random Forest have
been widely used for activity classification.
More recently, deep learning models such as
Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs) have
shown superior performance by
automatically learning complex spatial and
temporal patterns from raw data. However,
systems that rely on a single data modality,
such as only sensor data or only video data,

often fail to capture the complete context of
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human activities, leading to reduced

accuracy and robustness.

To address these limitations, the proposed
system focuses on multimodal human
activity recognition by integrating data from
multiple sources such as wearable sensors,
cameras, and possibly audio inputs. By
combining different types of data through
feature fusion techniques, the system can
achieve a more comprehensive
understanding of human activities. This
approach improves recognition accuracy and
reliability, making it suitable for healthcare
applications such as patient monitoring, fall
detection, rehabilitation support, and elderly
care. Overall, the integration of multimodal
data and deep learning techniques provides a

powerful solution for intelligent healthcare

monitoring systems.

II SURVEY OF RESEARCH

The study by T. Dietterich (2000) [1]
explored ensemble learning techniques for
improving classification accuracy. The
methodology combines multiple models to
enhance prediction performance. Results
show that ensemble methods improve
robustness and reduce overfitting. However,
computational complexity increases. This
research is relevant as multimodal HAR
systems often use ensemble or fusion

techniques for better accuracy.
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The work by D. Anguita et al. (2013) [2]
introduced a benchmark dataset for Human
Activity Recognition using smartphone
Sensors. The methodology uses
accelerometer and gyroscope data to classify
activities such as walking and sitting. Results
demonstrate that sensor-based HAR systems
can achieve high accuracy. However, they are
limited to physical movement data. This
study provides a foundation for sensor-based

activity recognition.

The research by Y. LeCun et al. (2015) [3]

explored deep learning techniques,
particularly Convolutional Neural Networks
(CNNs), for feature extraction. The
methodology involves hierarchical learning
of spatial features from input data. Results
show that CNNs significantly improve
classification accuracy in image-based tasks.
However, they require large datasets and
computational resources. This research
supports the use of CNNs in visual activity

recognition.

The study by A. Graves et al. (2013)

introduced Recurrent Neural Networks
(RNNs) for sequence modeling [4]. The
methodology focuses on capturing temporal
dependencies in sequential data. Results
demonstrate that RNNs are effective for
time-series data such as sensor signals.

However, training complexity is high. This
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study is relevant for modeling temporal

patterns in human activities.

The work by H. Wang et al. (2019) explored
multimodal learning techniques for activity
recognition [5]. The methodology integrates
multiple data sources such as sensors and
video for improved accuracy. Results show
that multimodal systems outperform single-
However, data

modality systems.

synchronization and  fusion  remain
challenging. This research directly supports

the proposed multimodal approach.

The research by V. Chandola et al. (2009)
discussed anomaly detection techniques [6].
The methodology identifies unusual patterns
in data, which is useful for detecting
abnormal activities such as falls. Results
indicate that anomaly detection enhances
healthcare monitoring systems. However,
false positives can occur. This study is
relevant for detecting abnormal behavior in

healthcare applications.

I11I. WORKING METHODOLOGY

The proposed Intelligent Multimodal Human
Activity Recognition system begins with
data collection from multiple sources such as
wearable sensors, cameras, and optional
audio inputs. Wearable devices collect time-
series data including accelerometer and

gyroscope readings, while cameras capture
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visual information about user activities. In
the preprocessing stage, the collected data is
cleaned to remove noise and inconsistencies.
Techniques such as normalization, filtering,
and segmentation are applied to prepare the
data for analysis. Since the data comes from
different modalities, synchronization is
performed to align the data streams in time,
ensuring accurate feature extraction and

analysis.

In the next stage, feature extraction is carried
out using both traditional and deep learning
statistical

approaches. For sensor data,

features such as mean, variance, and
frequency-domain features are extracted. For
visual data, Convolutional Neural Networks
(CNNs) are used to learn spatial features
such as body posture and movement patterns.
Recurrent Neural Networks (RNNs),
particularly Long Short-Term Memory
(LSTM) networks, are applied to capture
temporal dependencies in sequential data.
The extracted features from different
modalities are then combined using feature
fusion techniques, creating a unified
representation of the activity. This fusion
process enhances the system’s ability to
low-level

capture both and high-level

information.

In the final stage, the fused feature data is
used to train classification models that

identify different human activities. Machine
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learning or deep learning classifiers are
applied to categorize activities such as
walking, sitting, running, and abnormal
behaviors like falls. The system is evaluated
using metrics such as accuracy, precision,
recall, and F1-score. Once trained, the model
can be deployed for real-time activity
recognition in healthcare applications. The
system continuously monitors user activities
and provides alerts in case of abnormal
events. This methodology ensures accurate,
reliable, and real-time activity recognition,
making it suitable for personal healthcare

monitoring systems.

IV RESULTS EXPLANATIONS

The performance of the proposed multimodal

human activity recognition system is
evaluated using multiple datasets and
evaluation metrics such as accuracy,
precision, recall, and F1-score. Experimental
results demonstrate that the system achieves
significantly higher accuracy compared to
single-modality approaches. Sensor-only
systems perform well for basic activities such
as walking and sitting but struggle to capture
activities.

complex or context-based

Similarly, vision-based systems provide
good spatial understanding but may be
affected by environmental conditions such as
lighting and occlusions. By combining both
sensor and visual data, the proposed
multimodal system effectively overcomes

these limitations and provides a more
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comprehensive understanding of human

activities.

A comparative analysis was conducted

between different models, including
traditional machine learning algorithms and
deep learning models. Results show that deep
learning models such as CNNs and RNNs
outperform traditional methods due to their
ability to learn complex patterns from large
datasets. The feature fusion approach further
enhances performance by integrating
complementary information from different
modalities. For instance, while sensor data
captures motion patterns, visual data
provides contextual information, leading to
improved classification accuracy. The system
also demonstrates strong performance in
detecting abnormal activities such as falls,

which is critical for healthcare applications.

The system was tested under various
conditions, including different user profiles
and activity types. Results indicate that the
system is robust and adaptable to diverse
scenarios. However, challenges such as data
synchronization, increased computational
requirements, and the need for large datasets
remain. Despite these challenges, the overall
performance is efficient and reliable. The
results confirm that the proposed multimodal
approach provides a powerful solution for
accurate and real-time human activity

recognition in personal healthcare systems.
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V.CONCLUSION

The proposed Intelligent Recognition of
Multimodal Human Activities for Personal
Healthcare system presents an advanced and
effective solution for monitoring and
analyzing human activities using multiple
data sources. By integrating wearable sensor
data, visual

inputs, and deep learning

techniques, the system overcomes the
limitations of traditional single-modality
approaches. The use of Convolutional Neural
Networks (CNNs) and Recurrent Neural
Networks (RNNs) enables the extraction of
both spatial and temporal features, resulting
in improved recognition accuracy and

robustness.

Experimental results demonstrate that the
multimodal approach significantly enhances
performance compared to individual sensor-
based or vision-based systems. The feature
fusion technique plays a key role in
combining complementary information from
different modalities, allowing the system to
accurately identify a wide range of activities,
including abnormal events such as falls. This
suitable for

makes the system highly

healthcare applications such as patient
monitoring, elderly care, rehabilitation, and

fitness tracking.

In conclusion, the proposed system provides
a scalable, reliable, and intelligent solution

for real-time activity recognition in personal

Vol 26 Issue 04, April, 2026

Page 1855 of 1857



ISSN:2250-3676

International Journal of Engineering Science and Advanced Technology(IJESAT)

healthcare environments. Although
challenges such as computational complexity
and data synchronization exist, the benefits
in terms of accuracy and adaptability
outweigh these limitations. Future work may
focus on optimizing model efficiency,
integrating additional data sources, and
deploying the system on wearable and edge
devices for real-time applications. Overall,
this study highlights the potential of
multimodal deep learning approaches in

advancing smart healthcare technologies.
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