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Abstract

Human Activity Recognition (HAR) has gained significant relevance in healthcare
monitoring, smart spaces, and human-computer interaction systems. Despite the
fact that conventional HAR depends greatly on inertial measurement units (IMU),
they are frequently faced with the inability to differentiate between activities having
similar motion patterns but yielding dissimilar physiological responses. The thesis
investigates the utilization of photoplethysmography (PPG) signals combined with
IMU data to improve the performance of HAR via multi-sensor fusion. We introduce
a novel CNN-LSTM regression model capable of generating synthetic PPG data from
IMU signals to enable the augmentation of available HAR datasets lacking physio-
logical data. Using the augmented MMAct dataset, we evaluate various deep learn-
ing models—namely, CNN, LSTM, DNN, and CNN-LSTM models—on three fusion
methods to determine the optimal approach for multi-sensor HAR. Our trials demon-
strate that the inclusion of synthetic PPG data consistently improves classification
performance across all architectures considered, with our best-performing CNN model
achieving 82% accuracy and F-measure of 81%, surpassing existing benchmarks. The
results demonstrate the usefulness of physiological context for activity recognition sys-
tems and present a general methodology for augmenting motion-based HAR datasets
with synthetic physiological signals. This study helps toward building more robust
and accurate HAR systems that can be utilized for a variety of applications, such as
healthcare monitoring, fitness tracking, and smart environment.

Thesis Supervisor: Adnan Yazici
Title: Professor
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Chapter 1

Introduction

Human Activity Recognition (HAR) aims to infer physical activities from sensor data

and has become vital in healthcare, smart environments, and human-computer inter-

action. Traditional HAR systems rely primarily on inertial sensors such as accelerom-

eters and gyroscopes; however, these systems often suffer from accuracy limitations

due to sensor noise, limited modalities, or difficulty in distinguishing complex human

actions.

Recent multi-sensor fusion approaches have shown promise in mitigating these

limitations by incorporating data from multiple sensor modalities to enhance the

performance of HAR systems [1]. Amongst the sensor modalities, the PPG sensor has

come into focus due to the quantification of heart rate and other cardiovascular metrics

that help improve the performance of HAR systems [2, 3]. Supplementing the PPG

data from traditional in-air and vision-based sensors may provide complementary

physiological information; this is because such sensors can help distinguish activities

that happen to be similar in terms of motion patterns but different in physiological

manifestations [4].

This study focuses on boosting activity recognition using the PPG signal to-

gether with multi-sensor human activity recognition. It will therefore be providing

an overview of conceptions of deep learning architectures that can integrate PPG

signals among these sensors in combining their relative strengths. The present work

will try to enhance the state-of-the-art performance of HAR in this regard, especially
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under conditions where motion-based classification is either insufficient or simply not

possible.

That would translate into the development of more robust systems for HAR that

shall grant the possibility to identify an activity using high accuracy-even in challeng-

ing or noisy conditions. This paper will, therefore, take into account physiological

signals from PPG and address, in a more holistic complementary way, HAR in terms

of movements and cardiovascular responses, hence making the monitoring system

much more effective in the fields of health tracking and smart environments.
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Chapter 2

Related works

Last decade, Human Activity Recognition has been gaining increased attention. A

number of works focused on using different sensors and to improving recognition

accuracy. This section reviews the current literature concerning sensor technologies,

multi-modal/multi-sensor fusion approaches, and the application of PPG data in HAR

frameworks.

2.1 Human Activity Recognition Using Motion Sen-

sors (IMU)

A lot of works utilized accelerometers and gyroscopes for HAR tasks [5]. Detailed

information on body movement, orientation, and velocity can be obtained from these

sensors to classify activities. Most of those approaches have repeatedly shown poor

performance in distinguishing activities that have a lot of similar motion patterns,

such as walking and running [6].

Most of the works in the literature have concentrated on the activity classification

task using only IMU data. For instance, traditional methods include SVM, decision

trees, and k-NN [7]. Current approaches, on the other hand, rely on deep learning

architectures like CNNs and RNNs to extract complex features from the sensor data

[8]. Although traditional approaches can show adequate results at easier datasets,
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they do not seem to perform as well in more complex benchmarks with more complex

human motions.

2.2 Integration of PPG with IMU for HAR

More recent works, showed increased interest in fusing PPG data with motion sensors

to enhance the performance in activity recognition. PPG sensors aim at measuring

some cardiovascular metrics, like heart rate, thus offering some physiological infor-

mation, really valuable and complementary to the motion one [9]. This solution is

quite useful for the identification of activities presenting similar motion patterns but

giving rise to different physiological responses, such as running and walking.

Works such as Manjarrés et al., [2], and Brophy al. [3], have shown that adding

IMU data to PPG enhances the performance of HAR. Based on the inclusion of

the PPG signal in these systems, they will capture physiological differences for such

activities with much better accuracy. Using PPG, for example, will classify activities

such as walking and running because even though there is a similar motion for these

activities, they differ in heart rate responses.

2.3 Multi-Sensor Fusion Techniques in HAR

It is a process by which multi-sensor data integration enhances the capability for

improving general performance, explained Kamboj et al. [10]. Feature-level fusion

and decision-level fusion are generally used while considering multimodal data in

HAR.

• Feature-level fusion: The features shall be independently extracted from every

single sensor modality and then combined into one coherent feature set for

classification. A model will, therefore, be able to leverage the complementary

information provided by different sensors.

• Decision-Level Fusion: This model trains independently a certain number of var-

ied models for each of the sensor modalities, and then combines the predictions
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of every single model. Compared to early fusion, decision-level fusion could be

much more flexible because each modality is processed independently and may

not be as effective if the different data modalities are highly interconnected.

Multiple studies have applied the deep learning approach. Specifically [11, 12]

use CNN-LSTM models, which is a combination of Convolutional Neural Networks

with Long Short-Term Memory networks, enabling learning of features and outcomes

simultaneously. Such frameworks possess intrinsic abilities for autonomous adaptation

of data received from multiple sensor streams, including IMU and PPG, which lead

to much more accurate and robust activity recognition systems.

2.4 Challenges in Multi-Sensor Fusion for HAR

Although contemporary multisensor fusion approaches show very good performance

they also have their own challenges.

Data Synchronization and Alignment: Due to different sampling frequen-

cies in various sensors, different types of distortion are caused within the stream of

data itself [13]. High-level preprocessing methodologies are required to synchronize

information from different types of sensors like IMU and PPG.

Sensor Noise: It is the inherent problem with sensor data in HAR, especially

wearable sensors. A different amount of noise may occur because of sensor calibration

variations, environmental condition changes, and changes in body placement, thus

making activity recognition less accurate [14].

Computational Complexity: Most multi-sensor fusion models are computa-

tionally expensive, especially while dealing with deep learning architectures. In this

context, developing such models that are accurate and computationally efficient for

real-time applications of HAR becomes quite relevant [15].

Addressing these challenges remains important for success with multi-sensor fusion

in HAR systems and also in real-world applications, because generally, environmental

factors and sensor limitations interfere with the process of accurate recognition.
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2.5 PPG Data Augmentation for HAR

Figure 2-1: Comparison of studies and current work

Synthetic data augmentation is a novel approach that overcomes some of the chal-

lenges in multi-sensor fusion, especially for missing modalities such as PPG. Indeed,

many HAR datasets, such as MMAct [16], do not provide PPG data, though they

include high-quality IMU data. It is possible to enhance such datasets via genera-

tion of synthetic PPG data using regression models from IMU signals to facilitate

multimodal HAR systems with no additional data collection required.

This paper evaluates the possibility of enriching such a multi-sensor dataset, such

as MMAct, by including synthetic PPG data obtained from an IMU using some PPG-

from-IMU regression models previously trained on datasets that contain both IMU
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and PPG, among which the one used for stress detection for nurses, from now on

called Stress-Detection-Nurses [17]. How this would emphasize an improvement in

the recognition of human activities due to synthetic PPG data, whereas an easily

extensible augmentation technique for other datasets will be developed.

While the literature review highlights huge strides made in multi-sensor fusion

for HAR, it underlines an existing gap regarding the effective fusion of outputs from

motion sensors, such as IMU, with physiological sensors, such as PPG. Much of the

existing systems are bounded by the availability of multi-sensor datasets, which lack

physiological context that could enrich activity recognition, especially in ambiguous

cases. This work thereby addresses this gap by proposing an augmentation of the

MMAct dataset with synthetic PPG data and exploring how different fusion tech-

niques can further improve HAR performance. Combining both motion and physio-

logical data, as attempted here, arguably holds great promise for major advances in

multi-sensor HAR. The table 2-1 compares others studies and this work.
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Chapter 3

Methodology

3.1 Data Sources

In this study, two primary datasets were utilized: PPG-DaLiA for training the PPG

regression model and MMAct as the target HAR dataset. Both datasets were carefully

selected based on their complementary characteristics, which enable the cross-domain

transfer of physiological signals to enhance activity recognition performance.

3.1.1 PPG-DaLiA Dataset

PPG-DaLiA [18] is a multimodal dataset specifically designed for physiological signal

analysis during daily life activities. The dataset was collected from 15 participants

(8 male, 7 female, ages 21-55 years) over a period of one week. Each participant was

equipped with a wrist-worn device (Empatica E4) that recorded PPG signals at 64

Hz, 3-axis accelerometer data at 32 Hz, and other physiological signals including skin

temperature and electrodermal activity.

The dataset includes eight predefined activities: sitting, standing, walking, as-

cending stairs, descending stairs, table soccer, cycling, and driving. These activities

represent a diverse range of daily behaviors with varying intensity levels, making the

dataset particularly suitable for learning the relationship between motion patterns

and cardiovascular responses.
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PPG-DaLiA was selected for this study due to several key advantages:

• High-quality synchronized data: The dataset provides synchronized PPG

and accelerometer signals from the same device, ensuring temporal alignment

between motion and physiological responses.

• Real-world conditions: Data was collected in naturalistic environments rather

than laboratory settings, allowing for learning of robust relationships between

motion and heart rate under realistic noise conditions.

• Diverse activity range: The included activities span different intensity levels,

enabling the model to learn variations in heart rate responses to different motion

patterns.

• Long-term recordings: The week-long data collection captures natural vari-

ations in physiological responses, accounting for factors like time of day and

individual differences.

3.1.2 MMAct Dataset

MMAct [16] is a comprehensive multimodal human activity recognition dataset that

encompasses a wider range of activities than PPG-DaLiA. The dataset includes

recordings from 20 subjects performing 37 different activities across four categories:

daily activities (e.g., walking, running), exercise-related activities (e.g., jumping jacks,

push-ups), interactions with objects (e.g., typing, eating), and common postures (e.g.,

sitting, standing).

The dataset features multiple sensing modalities:

• RGB video captured from third-person perspective

• Depth maps providing 3D spatial information

• Skeleton data representing human pose

• Inertial sensors including accelerometer, gyroscope, and orientation from

smartphones worn on the arm and leg
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MMAct was selected as the target dataset for several reasons:

• Activity diversity: The 37 activity classes provide a challenging classification

problem that benefits from additional physiological context.

• Benchmark status: MMAct has established benchmark results for various

modalities, allowing for direct comparison of our augmentation approach.

• High-quality IMU data: The smartphone-based IMU recordings are similar

in quality to consumer wearables, making the domain transfer from PPG-DaLiA

feasible.

• Absence of PPG data: MMAct lacks physiological signals, providing an ideal

test case for our synthetic PPG augmentation approach.

3.1.3 Data Preparation and Segmentation

Both datasets required substantial preprocessing to ensure compatibility and optimize

model performance. The preprocessing pipeline included several key steps:

PPG-DaLiA Preprocessing

1. Signal synchronization: Accelerometer data (32 Hz) was upsampled to match

the PPG sampling rate (64 Hz) using cubic spline interpolation.

2. Noise reduction: A low-pass Butterworth filter (cutoff frequency = 8 Hz)

was applied to remove high-frequency noise from both accelerometer and PPG

signals.

3. Normalization: Both accelerometer and PPG signals were standardized to

zero mean and unit variance using subject-wise statistics to reduce inter-subject

variability while preserving relative differences within subjects.

4. Window segmentation: Following the approach described in [19], signals

were segmented into 8-second windows with 50% overlap, creating a sequence
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length of 512 samples for PPG and 256 samples for accelerometer data (later

upsampled).

5. Outlier removal: Windows containing signal artifacts or extreme values (be-

yond 3 standard deviations) were identified and removed to improve training

stability.

MMAct Preprocessing

1. Sensor selection: From the available IMU sensors, we selected accelerometer

data from the arm-worn smartphone to maintain consistency with the PPG-

DaLiA setup.

2. Signal resampling: The accelerometer signals were resampled to 32 Hz to

match the sampling rate of PPG-DaLiA’s accelerometer before upsampling both

to 64 Hz.

3. Normalization: Using the same procedure as PPG-DaLiA, signals were stan-

dardized to zero mean and unit variance.

4. Window segmentation: Consistent with PPG-DaLiA, 8-second windows with

50% overlap were extracted.

5. Class balancing: To address class imbalance in MMAct, we implemented a

weighted sampling strategy during training to ensure equal representation of

activity classes.

The window segmentation approach was particularly critical for effective model

training. Each 8-second window captures sufficient temporal context to identify dis-

tinct motion patterns while maintaining computational efficiency. The 50% overlap

between consecutive windows creates redundancy that helps models learn robust fea-

tures and improves classification accuracy, especially for transitions between activities.

This segmentation strategy has been demonstrated to be effective in previous HAR

studies [19, 20].
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Figure 3-1: Dataset usage overview

3.1.4 Overview of the Dataset Usage

The overall dataset usage workflow for this study is illustrated in Figure 3-1. This

pipeline integrates two primary datasets: MMAct and PPG-DaLiA, which undergo

distinct preprocessing steps followed by synthetic data generation and subsequent use

in human activity recognition (HAR).

The MMAct dataset, which includes IMU sensor data sampled at 800 Hz, is first

downsampled to 100 Hz. Data is segmented into 8-second windows with a 50%

overlap to ensure consistent temporal resolution. Similarly, the PPG-DaLiA dataset

containing PPG and IMU signals is downsampled from 200 Hz to 100 Hz, using the

same windowing scheme.
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To generate synthetic physiological data, a CNN-LSTM regression model is trained

to map IMU input signals to corresponding PPG waveforms using the PPG-DaLiA

dataset. The model is optimized using Mean Squared Error (MSE) loss, and achieves

a Mean Absolute Error (MAE) of approximately 8.4. This trained model is then used

to infer synthetic PPG signals from MMAct’s IMU data, resulting in an augmented

version of the MMAct dataset that combines IMU and synthetic PPG features.

For HAR tasks, two experimental tracks are established:

• IMU-only models, which utilize the original MMAct IMU data.

• IMU + synthetic PPG models, which leverage the augmented dataset.

Various neural architectures are evaluated in both settings, including DNN, LSTM,

CNN, and CNN-LSTM. The models are trained using categorical cross-entropy loss,

and in the multi-modal setting, three fusion strategies—early, mid, and late fu-

sion—are employed to combine IMU and synthetic PPG features.

Finally, models are evaluated based on accuracy and F1-score, allowing for a com-

parative assessment of unimodal and multimodal configurations and the effectiveness

of synthetic physiological augmentation in enhancing HAR performance.

3.2 Fusion Techniques

To integrate IMU and PPG data effectively, we explored three fusion strategies: early

fusion, intermediate (mid) fusion, and late fusion. Each approach represents a differ-

ent level of integration between sensor modalities.

3.2.1 Early Fusion

Early fusion integrates raw sensor data at the input level before any feature extraction

occurs. In our implementation:

• Accelerometer (3 channels) and PPG (1 channel) signals are concatenated along

the channel dimension
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• The combined 4-channel input is processed by a single model architecture

• All subsequent layers process the combined representation

Early fusion allows the model to learn joint representations directly from raw

multimodal data, potentially capturing interactions between modalities at the signal

level. The advantage of this approach is that the model can discover cross-modal pat-

terns that might not be apparent when processing each modality separately. However,

early fusion may struggle if the modalities have different scales, noise characteristics,

or optimal feature extraction methods.

3.2.2 Intermediate Fusion

Intermediate fusion (or mid fusion) processes each modality separately in the initial

layers before combining their representations for further joint processing:

• Separate branches process IMU and PPG signals independently

• For CNN architectures, each branch consists of 2 convolutional layers

• For LSTM architectures, each branch has a single LSTM layer

• Features from each branch are concatenated at an intermediate stage

• Joint representation is processed by additional layers before classification

This approach allows modality-specific processing in the early stages while still

enabling the model to learn cross-modal interactions in later stages. Mid fusion often

balances the advantages of early and late fusion, providing flexibility in handling

different signal characteristics while allowing for meaningful integration.

3.2.3 Late Fusion

Late fusion processes each modality independently throughout most of the network,

combining only their final predictions:

• Separate models are trained for IMU and PPG data
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• Each model produces its own activity class probabilities

• Final predictions are combined through weighted averaging

• Weights are learned during training using a small neural network

Late fusion preserves the independence of each modality’s processing pipeline,

which can be advantageous when modalities have substantially different characteris-

tics. It also provides interpretability regarding each modality’s contribution to the

final decision. However, late fusion may miss opportunities to leverage correlations

between modalities during feature extraction.

3.3 HAR Models

Four deep learning architectures were implemented and evaluated for the HAR task:

CNN, LSTM, CNN-LSTM, and Transformer models. Each architecture was designed

to capture different aspects of the sensor data, from local features to temporal de-

pendencies.

3.3.1 CNN Model

Convolutional Neural Networks are particularly effective for extracting local patterns

and features from time series data. Our CNN architecture consists of multiple 1D

convolutional layers with increasing filter sizes to progressively abstract higher-level

features from the raw sensor data.

The architecture includes:

• 1D convolutional layers with filter sizes of [32, 64, 96, 128]

• Kernel size of 3 with ’same’ padding

• Batch normalization after each convolutional layer

• Max pooling layers with pool size 2 to reduce dimensionality
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• ReLU activation functions

• A global average pooling layer to aggregate features

• Dense layers with [128, 64] units with dropout (0.5) for classification

• Softmax output layer for multi-class classification

The CNN model was designed to capture local motion patterns and heart rate vari-

ations within each activity window, which is particularly important for distinguishing

activities with similar overall motion patterns but different intensities.

3.3.2 LSTM Model

Long Short-Term Memory networks excel at modeling sequential data with long-term

dependencies. Our LSTM architecture focuses on capturing the temporal evolution

of sensor signals throughout the activity window.

The architecture consists of:

• Multiple stacked LSTM layers with [32, 64, 96, 128] units

• Tanh activation for cell states and sigmoid activation for gates

• Dropout (0.3) between LSTM layers to prevent overfitting

• Layer normalization for stable training

• Dense layers with [64, 32] units for classification

• Softmax output layer

The LSTM model focuses on modeling how sensor signals evolve over time, making

it particularly suitable for activities with characteristic temporal signatures, such as

cyclic movements in walking or running.
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3.3.3 CNN-LSTM Model

The CNN-LSTM architecture combines the strengths of both CNNs and LSTMs

by first extracting local features using convolutional layers and then modeling their

temporal relationships using LSTM layers.

The architecture includes:

• 1D convolutional layers with filter sizes [32, 64]

• Max pooling to reduce sequence length

• LSTM layers with [64, 128] units

• Dropout (0.4) between CNN and LSTM components

• Dense layers with [64, 32] units

• Softmax output layer

This hybrid architecture leverages the CNN’s ability to extract robust local fea-

tures while maintaining the LSTM’s capacity to model temporal dependencies, po-

tentially offering better performance on complex activities with both distinctive local

patterns and temporal structures.

3.3.4 Transformer Model

The Transformer architecture, based on the self-attention mechanism, provides an

alternative approach to sequence modeling that can capture dependencies at different

time scales without recurrence.

Our implementation includes:

• Multi-head self-attention layers with [2, 4, 6, 8] attention heads

• Key dimensions of [32, 64, 96, 128]

• Feed-forward networks with expansion factor 4

• Layer normalization before each sub-layer
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• Positional encoding to inject sequence order information

• Dropout (0.1) in attention and feed-forward layers

• Dense layers with [128, 64] units

• Softmax output layer

Transformers can potentially capture complex relationships between distant time

points in the sensor signals, which might be advantageous for recognizing activities

with non-local temporal dependencies.

3.4 Hyperparameter Tuning and Training Setup

A systematic hyperparameter search was conducted to optimize each model architec-

ture and fusion strategy. The hyperparameter space explored included:

Model Hyperparameters
CNN Filters = [32, 64, 96, 128], Conv layers = [1, 2, 3, 4]
LSTM Units = [32, 64, 96, 128]
CNN-LSTM CNN filters + LSTM units combinations
Transformer Heads = [2, 4, 6, 8], Key dim = [32, 64, 96, 128]

Table 3.1: Hyperparameter search space for model architectures

For all models, additional hyperparameters were tuned, including:

• Learning rate: [0.0001, 0.0005, 0.001, 0.005]

• Batch size: [32, 64, 128]

• Dropout rate: [0.2, 0.3, 0.4, 0.5]

The training protocol included:

• 5-fold cross-validation to ensure robust evaluation

• Early stopping with patience of 15 epochs, monitoring validation loss

• Learning rate reduction on plateau (factor=0.5, patience=7)
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• Maximum of 100 epochs per training run

• Adam optimizer with initial learning rate from hyperparameter search

• Class weighting to handle imbalanced activity distributions

3.5 Additional Assessment on Real Data

To assess the quality of features learned from the synthetically augmented MMAct

dataset and to evaluate the potential for positive knowledge transfer, an additional

set of experiments was designed. These experiments focused on evaluating model

performance on the PPG-DaLiA test set. Two primary configurations were compared:

Baseline PPG-DaLiA Performance. A model was trained using only the

PPG-DaLiA training dataset (with its actual IMU and PPG signals ) and subse-

quently evaluated on the PPG-DaLiA test set. This establishes a benchmark for

performance on the source dataset.

Transfer Learning from Augmented MMAct to PPG-DaLiA. The same

model architecture was first pre-trained on the augmented MMAct dataset (com-

prising MMAct IMU data and the corresponding synthetic PPG signals generated

by the CNN-LSTM regression model). Following this pre-training phase, the model

was fine-tuned using the PPG-DaLiA training dataset (real IMU and PPG) and then

evaluated on the PPG-DaLiA test set. This assesses whether the pre-training on the

larger, augmented dataset can enhance performance or aid adaptation when targeting

the PPG-DaLiA domain.
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Chapter 4

Results

4.1 Training of PPG Regression Model

4.1.1 Training Performance

The training and validation loss, as well as MAE over epochs, are presented in Fig-

ures 4-1 and 4-2, respectively. The curves indicate stable convergence, though slight

overfitting is observed after epoch 40. This suggests that additional regularization

techniques such as dropout or early stopping could further improve generalization.

Figure 4-1: Training and validation loss
over epochs

Figure 4-2: Training and validation MAE
over epochs
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Figure 4-3: Synthetic PPG data points distribution

4.1.2 Synthetic PPG Data Distribution

A box-and-whisker plot (Figure 4-3) illustrates the distribution of predicted PPG

values across different activity classes in MMAct. Notably, some activity classes ex-

hibit constant predicted heart rates. This behavior likely stems from the PPG-DaLiA

dataset’s distribution, where the original training data lacks sufficient variability for

these specific activity classes. This limitation might impact downstream classification

performance when incorporating synthetic PPG data.

4.2 HAR Model Performance

We evaluated four model architectures—DNN, CNN, LSTM, and CNN-LSTM—on

two sensor modalities: IMU-only (Accelerometer) and IMU+PPG (Accelerometer +

PPG). The classification performance in terms of accuracy and F-measure is summa-

rized in Table 4.1.

4.2.1 Impact of PPG Augmentation

Across all architectures, including PPG data improved classification performance.

The largest improvement was observed in LSTM models, where the F-measure in-

creased from 0.11 (IMU-only) to 0.21 (IMU+PPG). Similarly, for CNN models,
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Model Modality Accuracy F-measure
MMAct baseline RGB N/A 64.44
MMAct baseline Acc+Gyo+Ori N/A 62.67
LSTM Acc 0.20 0.11
LSTM Acc+PPG 0.24 0.21
DNN Acc 0.44 0.43
DNN Acc+PPG 0.47 0.45
CNN-LSTM Acc 0.52 0.50
CNN-LSTM Acc+PPG 0.55 0.52
CNN Acc 0.77 0.74
CNN Acc+PPG 0.82 0.81

Table 4.1: Model performance comparison

adding PPG boosted the F-measure from 0.74 to 0.81, showing that heart rate infor-

mation provides valuable physiological context for activity recognition.

The CNN model achieved the highest classification performance overall, with an

accuracy of 82% and an F-measure of 81% when using both IMU and PPG data.

This suggests that convolutional architectures effectively capture temporal and spatial

patterns in multimodal sensor data.

4.2.2 Comparison with MMAct Baselines

The MMAct paper reported an F-measure of 74.58 for the MMAD model and 78.82 for

MMAD (Fusion), which combines multiple sensor modalities. Our best model (CNN

with Acc+PPG) achieved an F-measure of 81%, surpassing both MMAct benchmarks.

This improvement suggests that incorporating heart rate data from PPG signals en-

hances activity classification performance.

Method Accuracy F-measure
SVM+HOG 45.31 46.52
TSN (RGB) 68.32 69.20
TSN (Optical Flow) 71.89 72.57
TSN (Fusion) 75.68 77.09
MMAD 73.34 74.58
MMAD (Fusion) 77.58 78.82

Table 4.2: MMAct baselines
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4.2.3 Fusion Strategy Performance

Our extensive experiments with different fusion strategies revealed important insights

about multimodal sensor integration for HAR. Table 4.3 presents the comprehensive

results across all model architectures and fusion approaches.

Model Fusion Accuracy Precision Recall F1-score
Transformer IMU-only 0.3411 0.1663 0.3411 0.2196
Transformer Early Fusion 0.4089 0.2720 0.4089 0.3183
Transformer Mid Fusion 0.3982 0.2206 0.3982 0.2787
Transformer Late Fusion 0.4036 0.2979 0.4036 0.3142
LSTM IMU-only 0.4714 0.4845 0.4714 0.4345
LSTM Early Fusion 0.4286 0.3960 0.4286 0.3925
LSTM Mid Fusion 0.4250 0.3558 0.4250 0.3712
LSTM Late Fusion 0.4661 0.5016 0.4661 0.4435
CNN-LSTM IMU-only 0.4875 0.4440 0.4875 0.4534
CNN-LSTM Early Fusion 0.4286 0.4065 0.4286 0.3740
CNN-LSTM Mid Fusion 0.5000 0.5455 0.5000 0.4726
CNN-LSTM Late Fusion 0.4500 0.4333 0.4500 0.4243
CNN IMU-only 0.7679 0.7723 0.7679 0.7535
CNN Early Fusion 0.7750 0.7638 0.7750 0.7600
CNN Mid Fusion 0.8275 0.8227 0.8275 0.8145
CNN Late Fusion 0.6893 0.6566 0.6893 0.6579

Table 4.3: Comprehensive results for all model architectures and fusion strategies

Model IMU-only Early Fusion Mid Fusion Late Fusion Best Fusion
Transformer 0.22 0.32 0.28 0.31 Early Fusion
LSTM 0.43 0.39 0.37 0.44 Late Fusion
CNN-LSTM 0.45 0.37 0.47 0.42 Mid Fusion
CNN 0.75 0.76 0.81 0.66 Mid Fusion

Table 4.4: F1-score summary for different fusion strategies across model architectures

Several key findings emerge from these results:

1. Fusion Performance Varies by Architecture: The optimal fusion strategy

depends on the underlying model architecture. Mid fusion performed best for

CNN and CNN-LSTM models, while late fusion was optimal for LSTM models,

and early fusion worked best for Transformer models.
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2. CNN Superiority: CNN-based models consistently outperformed other archi-

tectures across all fusion strategies, with the CNN + Mid Fusion configuration

achieving the highest performance (F1-score: 0.81). This suggests that the

convolutional operations are particularly effective at extracting discriminative

features from multimodal sensor data.

3. Transformer Underperformance: Despite their success in other sequence

modeling tasks, Transformer models underperformed in our experiments (best

F1-score: 0.32 with early fusion). This may be attributed to insufficient training

data, suboptimal hyperparameters, or the model’s inability to effectively cap-

ture the specific patterns present in sensor data without additional inductive

biases.

4. Fusion Benefits: Incorporating PPG data through fusion techniques improved

performance for most model configurations, with an average gain of 0.04 in

F1-score across all architectures. However, the magnitude of improvement var-

ied considerably, with Transformers benefiting the most (+0.10 F1-score) and

LSTM models showing mixed results.

5. Late Fusion Limitations: Late fusion underperformed for CNN models but

worked well for LSTM models. This suggests that the joint processing of modal-

ities is more beneficial for CNNs, while LSTMs might benefit from specialized

processing of each modality before combination.

4.2.4 Hyperparameter Analysis

The hyperparameter tuning revealed several interesting trends across model architec-

tures:

1. CNN Filter Sizes: For CNN models, increasing the number of filters generally

improved performance up to 96 filters, after which diminishing returns were

observed. The optimal configuration used [32, 64, 96, 128] filters across four

convolutional layers.
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2. LSTM Units: LSTM models performed best with moderate unit sizes (64, 96),

with performance degrading at higher values, likely due to overfitting. This

suggests that the temporal patterns in HAR data do not require extremely

high-dimensional representations.

3. Transformer Parameters: Transformer models showed sensitivity to the

number of attention heads, with 4 heads generally performing better than 2

or 8. Key dimension values around 64 provided the best balance between rep-

resentational capacity and overfitting.

4. Learning Rate: Across all models, moderate learning rates (0.0005-0.001)

performed best, with CNN models tolerating slightly higher rates than LSTM

or Transformer models.

5. Dropout Rate: Optimal dropout rates varied by architecture: CNN (0.5),

LSTM (0.3), CNN-LSTM (0.4), and Transformer (0.1), reflecting different over-

fitting tendencies across architectures.

4.2.5 Per-Class Performance Analysis

Further analysis of the best-performing model (CNN with Mid Fusion) revealed vari-

ations in classification performance across activity categories:

• High-Performance Activities: Activities with distinct motion patterns and

cardiovascular responses (e.g., running, jumping jacks) achieved F1-scores above

0.85, benefiting significantly from PPG augmentation.

• Moderate-Performance Activities: Daily activities like walking, sitting,

and standing achieved F1-scores between 0.70-0.85, showing moderate improve-

ments with PPG data.

• Challenging Activities: Fine-grained activities with subtle differences (e.g.,

typing vs. writing, eating vs. drinking) had lower F1-scores (0.55-0.70) even
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with PPG augmentation, suggesting limitations in the current approach for very

similar activities.

The activities that benefited most from PPG augmentation were those with dis-

tinctive cardiovascular signatures but similar motion patterns, such as walking at

different speeds or climbing stairs versus walking. This confirms our hypothesis that

physiological context enhances discrimination between activities with similar kine-

matics but different energy expenditures.

4.2.6 Evaluating Transfer Learning: Performance on PPG-

DaLiA

The following table presents the performance metrics for both scenarios on the PPG-

DaLiA test set that were described in Section 3.5:
Model Configuration Pre-training Dataset Fine-tuning Dataset Evaluation Dataset Accuracy F1-score Key Observation

CNN (Baseline) N/A PPG-DaLiA (real IMU+PPG) PPG-DaLiA 88% 0.86 Baseline performance using
synchronized real PPG-DaLiA data.

CNN (Transfer Learning) MMAct (IMU +
Synthetic PPG) PPG-DaLiA (real IMU+PPG) PPG-DaLiA 91% 0.89 Pre-training on augmented MMAct

improves performance via transfer.

Table 4.5: Model Evaluation on PPG-DaLiA Dataset

By training exclusively on PPG-DaLiA data, the baseline performance on the

PPG-DaLiA test set produced an accuracy of 88% and an F1-score of 0.86. This

creates a solid standard and shows how well the model performs when trained directly

on a dataset that contains synchronized real IMU and PPG data.

On the other hand, the transfer learning method, which entailed fine-tuning on

PPG-DaLiA after pre-training on the enlarged MMAct dataset, produced better re-

sults. On the PPG-DaLiA test set, this model obtained an F1-score of 0.89 and an

accuracy of 91%. This improvement implies that the model was able to learn more

robust and generalized starting characteristics for activity representation from IMU

data by pre-training on the varied, supplemented MMAct dataset. Despite being

synthetic, the PPG data used for pre-training seems to have "primed" the network

to incorporate a physiological component into its comprehension of the data. These

learnt features were then successfully refined during the fine-tuning phase on PPG-

DaLiA’s real IMU and PPG data, which adjusted them to the unique properties of
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real PPG signals and the activities found in the PPG-DaLiA dataset. This suggests

that MMAct’s varied activity contexts improved feature learning even with synthetic

PPG, which in turn improved performance on a unique real-world dataset.

The performance improvement that was seen highlights the potential advantages

of transfer learning in situations when there is a lack of genuine, synchronized phys-

iological data. Models can acquire a more comprehensive understanding of human

activity and physiological signals by using a bigger, if partially synthetic, dataset

for initial feature extraction. Through fine-tuning, these models can be successfully

tailored for target datasets.
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Chapter 5

Conclusion

This study explored the impact of integrating PPG-derived heart rate signals with

IMU sensor data for Human Activity Recognition (HAR). A CNN-LSTM model was

first trained on the PPG-DaLiA dataset to generate synthetic PPG data, which was

then used to augment the MMAct dataset. Experimental results demonstrated that

incorporating heart rate information consistently improved classification performance

across different neural network architectures. Furthermore, transfer learning experi-

ments indicated that pre-training models on the augmented MMAct dataset, followed

by fine-tuning on the PPG-DaLiA dataset, could yield competitive or even slightly

improved performance on PPG-DaLiA compared to training on PPG-DaLiA alone.

This suggests that the synthetic augmentation approach not only benefits HAR on

the target dataset (MMAct) but can also contribute to learning transferable features

for related tasks involving real physiological data.

Among the models tested, convolutional networks achieved the highest accuracy

and F-measure, with the CNN model using IMU and PPG data surpassing MMAct’s

benchmark results. These findings indicate that physiological signals such as heart

rate provide valuable context for activity recognition, enhancing sensor-based HAR

systems. While this study confirms the effectiveness of multimodal sensor fusion,

certain limitations remain. The synthetic PPG data may not fully capture real phys-

iological variations, and the evaluation methodology differs from the cross-session

evaluation used in MMAct.
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Future work could address these issues by:

• Using real physiological signals such as ECG for improved physiological context

• Exploring real-time and edge deployment of multimodal HAR systems

• Evaluating additional datasets for broader generalization of the approach

• Refining the data augmentation approach and adopting cross-session validation

• Exploring more advanced sensor fusion techniques

This research contributes to the field by demonstrating that integrating PPG

signals with conventional IMU-based HAR models leads to improved activity classi-

fication. The results highlight the potential of multimodal wearable sensor data for

developing more robust and accurate human activity recognition systems applicable

to healthcare, fitness tracking, and smart environment applications.
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Appendix A

Figures

Figure A-1: DNN IMU-only accuracy and
loss over epochs

Figure A-2: DNN IMU+PPG accuracy
and loss over epochs
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Figure A-3: CNN IMU-only accuracy and
loss over epochs

Figure A-4: CNN IMU+PPG accuracy
and loss over epochs
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Figure A-5: LSTM IMU-only accuracy and
loss over epochs

Figure A-6: LSTM IMU+PPG accuracy
and loss over epochs

45



Figure A-7: CNN-LSTM IMU-only accu-
racy and loss over epochs

Figure A-8: CNN-LSTM IMU+PPG accu-
racy and loss over epochs
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