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Abstract

Human Activity Recognition (HAR) using wearable devices has become increasingly important for applications in healthcare, fitness monitoring, and assisted living. While most existing HAR systems rely primarily on motion sensors, such approaches often struggle to accurately identify complex activities in real-world environments. This paper presents a multimodal HAR framework that integrates motion and physiological data collected from two wearable platforms: an in-ear sensor and a wrist-worn smartwatch. Data were recorded from eight participants in free-living conditions during five daily activities: sitting, walking, jogging, ascending stairs, and descending stairs. Traditional machine learning models and deep learning architectures were evaluated using motion-only data and combined motion-physiological data. Experimental results show that multimodal fusion significantly improves recognition performance, particularly for deep learning models. Among all evaluated methods, XGBoost achieved the best performance among classical machine learning models, while Transformer-based architectures demonstrated superior generalization and robustness in cross-subject scenarios. The findings highlight the importance of physiological signals in improving HAR accuracy for complex activities.

Index Terms— Human Activity Recognition, Wearable Sensors, Multimodal Data, Deep Learning, Transformer, Healthcare Monitoring.

I. Introduction

Human Activity Recognition (HAR) aims to automatically identify physical activities by analyzing sensor data collected from wearable or ambient devices. Accurate recognition of daily activities is essential 
for applications such as health monitoring, rehabilitation, fall detection, and personalized fitness tracking. With the rapid growth of wearable technology, HAR systems are increasingly expected to operate reliably in uncontrolled, real-world environments.

Early HAR studies primarily relied on motion sensors such as accelerometers and gyroscopes. Although these sensors effectively capture movement patterns, they often fail to distinguish activities with similar motion characteristics. In contrast, physiological signals such as heart rate, oxygen saturation, and body temperature provide complementary information related to physical exertion and metabolic response, which can enhance activity discrimination.

Recent advances in machine learning and deep learning have significantly improved HAR performance. While traditional machine learning models require handcrafted feature extraction, deep learning models can learn discriminative representations directly from raw sensor data. However, limited research has systematically evaluated the impact of multimodal physiological data on deep learning-based HAR in free-living environments.

This paper investigates the contribution of multimodal sensor fusion for HAR by comparing machine learning and deep learning models trained on motion-only and motion-plus-physiological data collected from two wearable devices.

II. Related Work

Existing HAR research can be broadly categorized into vision-based and sensor-based approaches. Sensor-based HAR using wearable devices has gained popularity due to privacy preservation,
 portability, and continuous monitoring capabilities. Public datasets such as UCI HAR and PAMAP2 have facilitated significant progress; however, most datasets are collected in controlled laboratory environments.
Figure-1  Sensor-based human activity recognition system
Figure 1 shows a schematic setup of a body sensor-based human activity recognition system where a user is wearing some sensors in different body parts such as chest, wrist, and ankle. The multimodal sensor data is transferred to a computer though wireless medium and then the data is processed there to perceive underlying events via deep learning.
Figure-2   Illustration of HAR process using conventional approaches
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The ability to accurately detect and classify human activities from sensor data has the potential to revolutionize real-world scenarios, particularly in environments where continuous, unobtrusive, and real-time behavior monitoring is essential as per fig2. Physiological signals have been shown to be particularly useful in healthcare-oriented HAR systems. Deep learning models such as Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, and Transformer architectures have recently achieved state-of-the-art results by modeling temporal dependencies in time-series data.
Several studies have demonstrated that multimodal sensor fusion improves HAR accuracy by reducing ambiguity between similar activities. 
Despite these advances, comparative evaluations of motion-only versus multimodal HAR using different wearable placements remain limited, motivating the present study.

III. Data Collection and Preprocessing

A. Wearable Devices
Data were collected using two wearable devices: An in-ear wearable capable of measuring heart rate, oxygen saturation, body temperature, and triaxial acceleration. A wrist-worn smartwatch equipped with accelerometer, gyroscope, heart rate, oxygen saturation, and altitude sensors.

B. Dataset Description

Eight healthy participants performed five daily activities under free-living conditions. Motion data were recorded at high sampling rates, while physiological signals were captured at lower frequencies. Activity labels were synchronized using external time-tracking logs.

C. Preprocessing
Sensor data were aligned, resampled, and cleaned to handle noise and missing values. A moving average filter was applied to reduce high-frequency noise. Data were segmented using sliding windows, and features were normalized prior to model training.

IV. Feature Engineering and Model Design

A. Feature Extraction
Time-domain and frequency-domain features were extracted for traditional machine learning models. Recursive Feature Elimination was applied to select the most informative features.
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Fig3: Feature Engineering Architecture
Feature Engineering as per fig3 is the process of selecting, creating or modifying features like input variables or data to help machine learning models learn patterns more effectively. It involves transforming raw data into meaningful inputs that improve model accuracy and performance.
B. Machine Learning Models
The following models were evaluated:

a. Support Vector Machine

b. k-Nearest Neighbors

c. Random Forest

d. XGBoost

C. Deep Learning Models
Raw time-series data were used to train:

a) LSTM

b) Convolutional LSTM

c) Transformer-based encoder

Hyperparameter optimization was performed using random search for machine learning models and Bayesian optimization for deep learning models.

V. Experiment
The experimental design employed for Human Activity Recognition (HAR) in this thesis, leveraging data from two wearable devices: the Cosinuss° C-Med° Alpha in-ear sensor and the Garmin Venu 2 smartwatch. These devices independently capture physiological and motion data during activities such as sitting, walking, jogging, and stair navigation. The experimental setup is illustrated in Figure 4.
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Fig4: Experiment set up
The data collection process , followed by a description of the dataset and exploratory data analysis (EDA)  The dataset goes through a thorough preprocessing pipeline that includes data cleaning, resampling, and noise filtering. Handcrafted features derived from both the time and frequency domains . To improve model performance, Recursive Feature Elimination (RFE) is employed to select the most relevant features. Techniques for windowing and segmentation, which are crucial for preparing time-series data for machine learning and deep learning models.

Finally, model performance is evaluated using various metrics . The impact of incorporating both motion and physiological data on human activity recognition (HAR) is evaluated by comparing traditional machine learning models—SVM, KNN,

Random Forest, and XGBoost—with deep learning models such as LSTM, ConvLSTM, and Transformer.
Actual data is taken in 12 persons in age below 30. The data is not mentioned in paper  to avoid unnecessary captured information than analysis and outcomes.  Statistical techniques was used to calculate mean, median, variance etc. MATLAB & tensor flow tools were used for data analysis .

A. Motion-Only vs. Multimodal Performance
Results show that machine learning models perform well using motion-only data, with limited improvement from physiological features. In contrast, deep learning models exhibit significant performance gains when physiological signals are incorporated.

B. Model Comparison
XGBoost achieved the highest accuracy among machine learning models. Transformer-based models outperformed LSTM and ConvLSTM architectures, particularly in multi-subject and cross-subject evaluations.

C. Cross-Subject Generalization
Multimodal data improved generalization across unseen participants, with the wrist-worn device demonstrating superior performance when physiological and motion data were combined.
VI. Discussion

The experimental findings confirm that physiological signals provide valuable contextual information that complements motion data. Deep learning models benefit more from multimodal fusion due to their ability to learn complex temporal relationships. Transformer architectures, in particular, effectively capture long-range dependencies and activity transitions.

VII. Conclusion and Future Work

This paper presented a multimodal HAR framework using wearable sensor data collected in free-living conditions. Comparative analysis revealed that integrating physiological data significantly enhances deep learning-based HAR performance. Transformer models demonstrated strong robustness and generalization capabilities, making them well suited for healthcare and fitness applications.
This study explores the effectiveness of wearable sensor data from Cosinuss° and Garmin devices in Human Activity Recognition (HAR). It focuses on how combining motion-only features with physiological features influences model performance. Machine learning and deep learning models are applied to assess the impact of these data combinations, with particular attention to their performance in recognizing complex activities like stair ascent and descent. Machine learning models (e.g., KNN, SVM, Random Forest, XGBoost), which rely on handcrafted features, performed robustly with motion-only data, demonstrating that carefully engineered features capture essential activity information effectively. In contrast, deep learning models (e.g., LSTM, ConvLSTM, Transformer) trained on nonhandcrafted features saw substantial performance gains with the addition of physiological data, with the Transformer model consistently outperforming others across single and multi-subject datasets.
Future work will focus on transfer learning, larger participant cohorts, and real-time deployment of multimodal HAR systems.
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