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Abstract

Wrist-worn accelerometers are increasingly employed for human activity recognition (HAR) in
various medical contexts. However, existing algorithms often struggle to generalize to unseen
datasets, particularly those recorded in real-life scenarios. This report investigates the perfor-
mance of hierarchical machine learning (ML) models and multi-branch convolutional neural net-
work (CNN) models for HAR, using multiple publicly available datasets to assess activity recog-
nition and generalizability. We evaluate our models on the Capture24 dataset, which closely
resembles real-life activities.

Our research questions and aims focus on evaluating the performance of hierarchical ML and
multi-branch CNN models for HAR, understanding their generalizability to unseen datasets, and
exploring the effects of transformation techniques on model performance. We employed two
approaches for model construction: a hierarchical ML model and a multi-branch CNN model.

Our analysis reveals that, while the hierarchical ML model tends to outperform the CNN
model in terms of F1 scores for the majority of activities, the efficacy of the models varies when
considering individual activities. The CNN model displays a marked degree of generalizabil-
ity, and hints at the potential for enhanced performance with the incorporation of more diverse
datasets. Our study also underscores the importance of dataset selection, suggesting that datasets
closely resembling the target dataset should be preferred. Furthermore, the choice of transforma-
tion techniques appears to be activity-specific, further underlining the need for nuanced decision-
making when developing models for human activity recognition.

In conclusion, this report provides valuable insights into the performance of ML and CNN
models for HAR, highlighting the advantages of hierarchical ML training structures and multi-
branch CNN models. Our findings not only emphasize the strengths and limitations of each
approach but also underscore the importance of considering the target dataset and the choice of
transformation techniques when developing HAR models for real-world applications.
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Chapter 1

Introduction

Wrist-worn accelerometers are increasingly employed for human activity recognition (HAR) in
various medical contexts, including sleep studies, chronic disease management, and post-stroke
recovery (Acampora et al., 2013). However, one major challenge faced by existing algorithms is
their limited ability to generalize to unseen datasets, especially those recorded in realistic, ev-
eryday scenarios. While simple algorithms may perform exceptionally well on single, controlled
datasets, their performance can significantly degrade when faced with real-life, complex scenar-
ios. Therefore, it is essential to develop robust and generalizable activity classification techniques
that can handle diverse, real-world situations.

In this project, we aim to develop activity classification techniques for the Axivity AX3 ac-
celerometer, a widely used device in large-scale studies like the UK Biobank (Doherty et al., 2017).
We use multiple publicly available datasets to assess the types of activities that can be recognized
and the extent to which these techniques can be generalized to new datasets recorded in varying
scenarios. We leverage five meticulously curated datasets, all recorded on various wrist-worn
3-axis accelerometers with sampling frequencies ranging from 20Hz to 256Hz. Our evaluation is
conducted on the Capture24 dataset, which closely resembles real-life activities (Chan Chang and
Doherty, 2021).

It is important to note that the test data in the Capture24 dataset represents more complex,
real-life activities, while the training data employed in this study is relatively "artificial," being
recorded in a laboratory or controlled environments. This distinction ensures that the resulting
classification model is expected to work well in practice.

In recent years, deep learning techniques have gained significant attention for their ability
to achieve remarkable performance in various domains, including HAR. However, conventional
machine learning (ML) models still hold relevance because of their simplicity, interpretability, and
lower computational requirements. In certain scenarios, these conventional models may provide
comparable performance to deep learning models, while being more resource-efficient and easier
to implement. Consequently, exploring the potential of hierarchical ML models for HAR remains
an important research direction.

To achieve our goal, we construct a pipeline (as shown in Figure 1.1 and Appendix A.2) to
compare two different approaches: a hierarchical machine learning (ML) model and a multi-
branch convolutional neural network (CNN) model. The hierarchical ML model utilizes a top-
down approach, where activities are classified at a high-level and then broken down into sub-
activities with increasing specificity. In contrast, the multi-branch CNN model extracts different
frequency components from the accelerometer data using parallel CNN branches, where each
branch extracts features that correspond to different characteristics of the data, such as different
frequency components, frequency or time-domain features.

Our results demonstrate that although the hierarchical ML model outperforms the CNN model
in terms of F1 scores for most activities of interest and overall performance, the CNN model ex-
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Figure 1.1: DATA PIPELINE.

hibits superior generalizability. Furthermore, the potential of CNN models for enhanced per-
formance increases as more diverse datasets are incorporated. We also recommend that, when
possible, the selection of datasets should be closer to the target usage scenario, and the transfor-
mation techniques should be tailored to the specific activities being investigated.

The remainder of this report is organized as follows. In the next chapter, we provide an
overview of related work in the field of activity recognition, with a focus on wrist-worn ac-
celerometers. Then, we describe our methodology, which encompasses data preprocessing steps,
feature extraction techniques, and the ML and CNN algorithms used for activity classification.
Next, we present and analyze the results of our experiments. Finally, we discuss the limitations of
our study, suggest directions for future research, and conclude with a summary of our findings.

This project’s primary contributions can be summarized as follows:

� We designated the Capture24 dataset for testing purposes and examined the performance
of both hierarchical machine learning models and CNN models, aiming to optimize clas-
sification accuracy on Capture24 without prior training on the Capture24 dataset. This ap-
proach ensures that we gain a realistic understanding of the models’ performance on unseen
datasets.

� We explored four distinct transformation techniques to emulate various wearable sensor
positions, enabling us to evaluate the adaptability of our models to diverse scenarios.

� We assessed the hierarchical training structure in ML training and the utilization of multiple
branches in CNN models, concluding that these techniques can benefit HAR performance.
We also determine that while conventional ML models may achieve better performance
with small-scale and similar training data, CNN models offer greater generalizability and
hold potential for further improvements.

The work distribution of this group project is detailed in Appendix A.1.



Chapter 2

Related Work

Real-world HAR based on wearable sensors
Wearable sensors, such as accelerometers and gyroscopes, have become a popular choice for cap-
turing human movement data because of their low cost, small size, and ease of use (Yang et al.,
2015). Various studies have used wearable sensors to recognize activities, including Banos et al.
(2014); Shoaib et al. (2015); Wu et al. (2012). In our work, we utilize publicly available datasets,
which were collected using 3-axis accelerometers from wrist-worn devices, allowing us to focus
on the most commonly worn body position for activity recognition in everyday life.

It is worth noting that many existing HAR studies have been conducted in laboratory or con-
trolled environments (Lara and Labrador, 2012; Bulling et al., 2014). While these studies provide
valuable insights into the �eld, they may not fully capture the complexity and variability of real-
world scenarios.

Data Preprocessing and Feature Extraction
Data preprocessing, such as resampling, windowing, and scaling, plays a crucial role in HAR, as
they can signi�cantly impact the performance of the recognition models (Garcia-Gonzalez et al.,
2020; Bulling et al., 2014). To improve models' adaptability to various sensor positions and orien-
tations, data transformation techniques are widely used several research �elds, such as amplitude
perturbation in speech recognition (Qin et al., 2019) and rotation perturbation in image classi�-
cation (Lowe, 1999). Our research conducts several transformation techniques inspired by these
approaches, aiming to enhance the generalizability of our models.

The choice of features also plays an important role. Statistical features, spectral features, geo-
metric features, and temporal features are commonly employed in HAR literature (Bulling et al.,
2014; Wang and Chen, 2009). In our study, we adopt some of these feature extraction techniques
to represent the underlying patterns in the accelerometer data. We also explore the effect of var-
ious data transformations on the classi�cation performance, aiming to understand how these
techniques can be leveraged to improve the recognition of activities in real-world settings.

Machine Learning Methods for HAR
A wide range of machine learning algorithms has been applied to the problem of HAR, including
Decision Trees, Support Vector Machines (SVMs), Random Forests (RF), and k-Nearest Neigh-
bors (k-NN) (Garcia-Gonzalez et al., 2020; Bulling et al., 2014; Shoaib et al., 2015). Hierarchical
approaches for HAR have been previously explored in the literature, with several studies demon-
strating the bene�ts of grouping activities based on their similarities (Leutheuser et al., 2013). In
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our work, we employ a hierarchical ML training process that categorizes activities into groups
based on their intensities, aiming to further improve the classi�cation performance.

Deep Learning Methods for HAR
Deep learning methods have shown great potential in the �eld of HAR by identifying com-
plex patterns in data, and Convolutional Neural Networks (CNN) have been widely applied in
HAR, showing promising results(Wang et al., 2019). Noori et al. (2020a) explored various fusion
methods for multi-representations of sensor data using CNNs, while Kalouris et al. (2019) imple-
mented three CNN architectures for activity classi�cation of older people. They also utilize data
augmentation and cross-utilize knowledge about physical activity of younger persons to improve
generalization. Both of the models are set as benchmarks in our study. Additionally, the multi-
branch model of CNN and bidirectional LSTM proposed by Noori et al. (2020b) for wearable
sensor data classi�cation inspired us to build our multi-branch CNN model.



Chapter 3

Setup and Dataset

3.1 Environment Setup
In this project, we place great emphasis on creating a consistent and reproducible environment
across multiple machines to facilitate seamless collaboration among team members. To achieve
this, we utilize well-con�gured requirement �les to establish a uniform Python environment on
different machines, ensuring that all required libraries and dependencies are installed and main-
tained in a consistent manner.

In order to optimize the process of submitting jobs to the Slurm workload management system
employed by the ETH Euler cluster, additional steps are necessitated beyond those required for
running a Python script on a local machine. These additional procedures are detailed in Appendix
A.3. We also curate comprehensive documentation within our repository This documentation elu-
cidates the necessary steps for con�guring and submitting the four types of jobs that are integral
to our project: data preprocessing, feature extraction, hierarchical ML model training, and multi-
branch CNN model training. The documentation accompanying each step includes a detailed de-
scription of the folder structure, a template �le in YAML demonstrating con�gurable parameters,
and an example bash command for submitting a corresponding Slurm job using sbatch . Our
comprehensive guide empowers team members to effectively leverage the computing resources
provided by the Euler cluster, thereby greatly enhancing the overall ef�ciency and productivity
of our project.

Moreover, we adopt an object-oriented programming (OOP) approach and employ parame-
terization in our codebase to promote collaboration and simplify the process of integrating indi-
vidual contributions. By structuring our code using OOP principles, we ensure that the code is
modular, reusable, and easy to maintain, making it more accessible for team members to work
on different components of the project simultaneously. Parameterization further facilitates the
process of �ne-tuning the models and experimenting with various con�gurations, enabling us to
identify optimal settings for our activity recognition techniques.

In addition, we harness the power of Dask (Rocklin, 2015), a parallel computing library, in
conjunction with parameterization to enable ef�cient local prototyping. By leveraging Dask, we
are able to distribute computations across multiple cores or even clusters, signi�cantly reducing
the time required for model training and experimentation. This approach proves invaluable for
rapid prototyping and testing of our models, allowing us to iterate and re�ne our techniques
more effectively.

As our activity recognition pipeline is designed to be portable and capable of running on var-
ious machines, it is important to consider the recommended hardware speci�cations to achieve
optimal performance and obtain results within an acceptable timeframe. We suggest using a ma-
chine equipped with at least 12 CPU cores or threads, 24GB of RAM, and 200GB of SSD storage
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to ensure ef�cient processing and data handling. Additionally, for GPU acceleration, we rec-
ommend an NVIDIA GPU with support for CUDA 11.8 or higher and at least 12GB of VRAM.
Utilizing a machine with these speci�cations will enable our models to train and process data
more effectively, ultimately resulting in more timely activity recognition using the Axivity AX3
accelerometer.

Furthermore, we employ GitHub as a version control and collaboration platform for our
project. This allows team members to effectively share, review, and merge their code changes
while maintaining a comprehensive history of the project's development. The use of GitHub
further enhances the communication and collaboration within the team, ensuring that all contri-
butions are seamlessly integrated into the codebase.

The elements in our activity recognition pipeline allow us to focus on re�ning our models
and addressing the challenges associated with achieving higher accuracy in activity recognition
using the 3-axis accelerometers. The speci�c details, including the various stages and techniques
employed, will be presented in the following section. This comprehensive overview will provide
a deeper understanding of the methodologies and tools used in the development of our activity
recognition models for the Axivity AX3 accelerometer.

While we strive to ensure that our pipeline is scalable, ef�cient, and reusable, we acknowledge
that opportunities for improvement, particularly in terms of processing speed, still exist. With this
understanding, we maintain a balanced perspective on our progress and remain dedicated to the
continual exploration of enhancements.

3.2 Dataset
In this project, we utilize six different Human Activity Recognition (HAR) datasets, �ve of which
are used as training data, namely WISDM, Selfback, Gotov, Adl_hmp, Act_cp. The Capture24
dataset is used to evaluate the performance of models. It should be noted that the train data
used in this project is collected in a controlled laboratory setting, while the test data comprises
daily life activity data. To standardize the labels in different datasets, we translate the activities
of all datasets to uniform labels, the activities and translations of each dataset are listed in A.5.
Activities not included in our project are assigned as "unknown".

3.2.1 Description of Datasets
WISDM The WISDM (Wireless Sensor Data Mining) dataset (Weiss et al., 2019) is a widely used
publicly available dataset for HAR. It consists of data collected from 51 subjects who performed
18 activities, each lasting for 3 minutes. During the data collection process, participants wore a
smartwatch with a sensor at a rate of 20 Hz on their dominant hand.

SELFBACK The Selfback dataset (Sani et al., 2016) is an HAR dataset that contains data of
nine different activities performed by 33 participants. The data was recorded with a tri-axial
accelerometer sampling at a frequency of 100Hz, mounted on the participant"s dominant side
wrist. Each participant performed an activity for approximately three minutes.

GOTOV The Gotov dataset (Paraschiakos et al., 2021) is a wearable sensor-based HAR dataset of
physical activities for 35 healthy elderly individuals over 60 years old. The dataset contains data
collected from different body locations and devices with a sampling rate of 88 Hz. We leverage the
data from GeneActives accelerometer wearing at wrist. The 35 individuals followed a protocol of
16 activities of daily living for approximately an hour and a half in a semi-lab environment.
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ADL_HMP The Adl_hmp (Activities of Daily Living with a Wrist-Worn Accelerometer) dataset
(Bruno et al., 2013) consists of recordings of 14 simple activities of daily living, performed by 16
volunteers. The data were collected using a single tri-axial accelerometer attached to the right-
wrist of the volunteer with 32 Hz.

ACP_CP The Act_cp dataset (Leotta et al., 2021) contains three-axial accelerometer, magnetome-
ter, and gyroscope data recorded from different parts of the body while performing 17 different
daily-life activities. The data were recorded using medical-grade devices at a high sampling fre-
quency (up to 256Hz). The dataset includes data from eight healthy volunteers aged between
23-37. The subjects wore three devices, and we use the data recorded on a Actigraph Centrepoint
wearing at the dominant wrist.

Capture24 The Capture24 dataset (Chan Chang and Doherty, 2021) contains Axivity AX3 wrist-
worn activity tracker data collected from 151 participants in Oxford, UK, during 2014-2015. Par-
ticipants were asked to wear the device in their daily lives for approximately 24 hours, resulting
in a total of nearly 4,000 hours of data. The ground truth activities performed during this period
were obtained using Vicon Autograph wearable cameras and Whitehall II sleep diaries, resulting
in over 2,500 hours of labeled data. The labeled data were manually annotated by trained anno-
tators using labels from the Compendium of Physical Activities based on the camera images and
time use diaries. The Axivity AX3 device measures acceleration along three axes with a sampling
rate of 100Hz.

3.2.2 Utilization of Data and Annotations
The datasets used in this study involve the use of accelerometers placed on various body parts.
However, for consistency purposes, only data from the wrist have been included. It should be
noted that the datasets comprise varying label sets. To reconcile these variations and maintain
consistency, all original activity annotations have been translated into a uni�ed set of eight labels:
"lying," "sitting," "standing," "walk_slow" (representing slow-paced walking), "walk_mod" (signi-
fying moderate to vigorous walking), "stairs" (covering both stair ascent and descent), "jogging,"
and "unknown". The mapping schema delineating the relationship between the original labels
and these newly assigned labels for each respective dataset is documented in Appendix A.5. Ad-
ditionally, to align with the hierarchical ML model delineated in Chapter 1, these labels have been
categorized into higher-level groups based on their corresponding activity types. The structure
of these groups and their af�liated labels is represented in Figure 3.1.

Notably, we have decided to exclude certain annotations from our training datasets that are
ambiguous or potentially encompass multiple labels. Take, for example, "NA" in the Gotov
dataset, which represents activities not included in their activity protocol. While these were
deemed "unknown" in the context of Gotov"s study, they may include activities that are iden-
ti�able in our project, such as "jogging". Another instance of ambiguous labeling is "relaxing" in
the Act_cp dataset, which denotes "relaxing on a chair". While this might initially seem akin to
"sitting", the speci�c type of chair and the participant"s exact posture are unclear. Considering
that a participant might be reclining or even lying down on the chair, classifying such an activity
simply as "sitting" could lead to inaccuracies. Therefore, to maintain clarity and precision in our
activity labeling, we"ve chosen to exclude such ambiguous annotations from our model training
input.

The sample distributions for training and test datasets are displayed in Table 3.1.
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Table 3.1: NUMBER OF LABELS IN EACH DATASET WITH TRANSLATION APPLIED .

Label
Dataset

Selfback Wisdm Gotov Adl_hmp Act_cp Capture24
Lying 1183 0 2433 0 0 680153
Sitting 1163 2108 3612 0 0 161795
Standing 1198 2142 774 0 0 25056
Walk_slow 1188 0 1219 0 0 97327
Walk_mod 2345 2083 2383 0 368 43483
Stairs 1002 2050 117 224 241 104
Jogging 1569 2036 0 0 0 1500
Unknown 0 20708 3657 687 3975 833140



Chapter 4

Data Processing and Features

In this chapter, we will introduce and discuss the pipeline for data preprocessing, transformation,
and feature extraction, which are all vital aspects of activity recognition using the Axivity AX3
accelerometer. The datasets in our study are typically divided into separate �les by participants.
Our pipeline leverages Dask library to ef�ciently manage the loading and processing of these �les
from various training datasets into corresponding partitions or blocks, allowing for concurrent
preprocessing while ef�ciently managing memory usage.

To ensure that concurrent processing does not exhaust the available RAM, we utilize Dask
Delayed. This feature allows us to build a task graph that represents the entire computation,
enabling Dask to execute the tasks in a well-ordered manner that optimizes the memory usage.
As a result, our pipeline can ef�ciently process large volumes of data without overwhelming the
system resources.

The processing of the datasets comprises a series of preprocessing steps and transformations.
As illustrated in Figure 1.1, data are initially resampled to a uniform frequency, subsequently
undergoing transformations to emulate various sensor orientations and conditions. Following
these transformations, additional preprocessing techniques—including data range reduction and
resolution alignment—are implemented to further re�ne the data.

Following the processing stage, partitions of the Dask dataframe are stored as parquet �les,
serving as the basis for feature extraction. Feature extraction operations are executed concurrently
on these parquet �les, with results subsequently stored within expandable HDF5 �les. In line with
the methodology employed by Yuan et al. (2022), we utilize a window length of 10 seconds and a
hop length of 5 seconds for feature extraction in this project. The features extracted include raw
data, time-domain features and frequency-domain features, along with additional features such
as distance matrices. A more detailed discussion of these features can be found in Section 4.3.

Upon completion of the feature extraction process, the output (X; Y ) is prepared for training.
The input matrix X has a shape of (N; 3; number of features), where 3 is the number of axes and
N represents the number of windows, or training samples. The output matrix Y has a shape of
(N; 3), which comprises original annotation, group, and label, as introduced in Section 3.2.2.

By applying these preprocessing, transformations, and feature extraction techniques, our pipeline
effectively addresses the complexities and challenges associated with processing wrist-worn ac-
celerometer data, thus laying a solid foundation for subsequent HAR tasks. Detailed descriptions
and evaluations of these techniques, including their impact on model performance, will be pro-
vided in the subsequent chapters and sections.
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4.1 Data Preprocessing

The preprocessing stage is an essential part of any data-driven project. In this section, we discuss
the preprocessing techniques applied to the raw accelerometer data to prepare it for the subse-
quent stages of the pipeline. The primary preprocessing techniques used in this project are data
loading, annotation translation, resampling, and range reduction. Note that transformation is
also an important preprocessing technique employed in this project, but as a kind of data aug-
mentation, it will be discussed in Section 4.2.

4.1.1 Data Loading

The initial step in the preprocessing pipeline is data loading and annotation translation. Loading
the raw accelerometer data involves reading one or more CSV �les and converting them into a
Dask dataframe for ef�cient processing. Annotation translation ensures that the activity labels
from multiple datasets are consistent, enabling their use in training and evaluation of the activity
recognition models.

The raw accelerometer data in this project is typically stored in CSV �les. We load them into a
Dask dataframe using the read_csv function. The raw data typically contains several columns,
such as timestamp, x, y, z, annotation, and participant. However, some columns may not be
necessary for further processing, so we only preserve the relevant columns. After loading the
data into a Dask dataframe, we map the annotation to group and label, and convert the unit of
the accelerometer data to the gravity acceleration g if it is not already in that unit. Furthermore,
to distinguish the records from various sources, we encode the name of the dataset and the path
to the CSV �le using UUID version 7 and store this information in the dataframe as well.

4.1.2 Resampling

Resampling is a critical preprocessing step in accelerometer-based activity recognition, as various
datasets may have diverse sampling rates. A consistent sampling rate across all datasets is essen-
tial for accurate feature extraction, comparison, and model training in the subsequent stages of
the pipeline. In this project, we opt to resample the data from all three axes to 20 Hz using the
librosa.resample function.

The choice of 20 Hz as the target sampling rate is based on the observation that human ac-
tivities typically have frequencies below 10 Hz (Mannini and Sabatini, 2010). According to the
Nyquist-Shannon sampling theorem, the sampling rate should be at least twice the highest fre-
quency component in the signal to avoid aliasing artifacts (Shannon, 1949). Therefore, a sampling
rate of 20 Hz is suf�cient to capture the majority of the frequency content present in human activ-
ity data while minimizing the computational burden.

The resampling process can be performed using various methods, each with its trade-offs
between computational ef�ciency and the preservation of the original signal's characteristics. In
this project, we use the soxr_hq (high-quality) method from the SoX Resampler library for band-
limited sinc interpolation. This method was chosen for its ability to provide high-quality resam-
pling while maintaining a reasonable level of computational ef�ciency. The soxr_hq method
utilizes the sinc function, which is an ideal interpolation function in the frequency domain, to
reconstruct the signal at the desired sampling rate (Smith, 2011). The band-limited aspect of the
method ensures that the resampled signal does not introduce any unwanted frequency compo-
nents that may distort the original signal's characteristics.
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4.1.3 Range Reduction
Human daily activities typically yield accelerations within the range of � 2g to 2g (Liu et al., 2009).
As such, data points falling outside of this range may be interpreted as outliers representing
activities conducted with either temporary or sustained extreme intensity. In a bid to mitigate
over�tting and enhance the generalizability of our model, we impose a clipping mechanism to
con�ne the data from all three axes within this speci�ed range.

4.1.4 Data Resolution Alignment
Quantization error may in�uence model accuracy, particularly when the model incorporates mul-
tiple accelerometers with varied resolutions (Yoo et al., 2023). One potential strategy to attenu-
ate this quantization error is to construct a linear space between predetermined minimum and
maximum values, and subsequently map the data onto this space. However, this method can im-
pose signi�cant computational burdens, particularly with expansive datasets. A similar challenge
arises in relation to the resolution re�nement method proposed by Yoo et al. (2023).

In the context of this project, we have elected for a simpler and more computationally ef�-
cient approach, rounding the data to the nearest thousandth decimal place, to achieve resolution
uniformity across data. We anticipate that minor variations within accelerometer data will likely
have negligible effects on overall activity recognition. This method, by virtue of its enhanced
speed compared to alternative approaches, is well suited to processing large datasets in a compu-
tationally ef�cient manner.

4.2 Transformation
In this section, we detail the distinct transformations applied to the preprocessed accelerometer
data, which are designed to emulate different sensor positions and conditions. Such transfor-
mations serve a crucial role in evaluating the generalizability of our models to new datasets and
diverse scenarios. Our methodology encompasses four principal types of transformations: swap-
ping axes, reverting axes, amplitude perturbation, and rotation perturbation. Each transforma-
tion is executed on a window-by-window basis to guarantee consistent application across an en-
tire window. Although our pipeline is designed to accommodate combined transformations, we
have elected to perform these transformations separately due to computational resource limita-
tions. Regardless of the speci�c transformation employed, it should be noted that untransformed
data is always incorporated into downstream tasks.

Swapping Axes
Swapping the x and y axes involves interchanging the x and y values of each data point in the
accelerometer readings. Mathematically, this transformation is represented as (4.1).

(x; y; z) ! (y; x; z) (4.1)

This transformation allows our model to adapt to varying accelerometer orientations, a vari-
ability arising from differing sensor designs encountered in real-world usage. While there is no
standardized positioning of the x and y axes due to the diverse range of wrist-worn accelerome-
ter designs and potential variations in how users wear the device, the z-axis is typically oriented
wrist-outwards to ensure a consistent measurement of vertical acceleration (Yuan et al., 2022).
Consequently, we excluded the z-axis from this transformation, focusing on the x and y axes to
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account for potential inconsistencies in their positioning. In this way, the model becomes more
robust to variations in sensor position (Qureshi and Golnaraghi, 2017).

Reverting Axes
Reverting the axes consists of multiplying the x, y, and z values by � 1, with all possible combi-
nations of the axes being considered. This results in a total of 8 different possibilities, which can
be mathematically represented as (4.2).

(x; y; z) ! (� x; � y; � z) (4.2)

Reverting the axes simulates changes in the sensor's orientation that may occur because of
different wrist movements, mounting positions, or sensor speci�cations (Jain and Kanhangad,
2015).

Amplitude Perturbation
Amplitude perturbation is inspired by the concept of data augmentation, which is widely em-
ployed in various �elds, including speech recognition (Qin et al., 2019). The objective of this
method is to introduce minor variations into the data, thereby enhancing the model's robustness
to real-world signal �uctuations. Such �uctuations might be induced by factors such as sensor
calibration discrepancies, changes in battery status, or external interferences. In this project, we
apply this idea to accelerometer data by multiplying the data by a random factor k sampled from
a Gaussian distribution N (1; 0:1). Mathematically, this can be represented as (4.3).

(x; y; z) ! (kx; ky; kz ) (4.3)

Rotation Perturbation
To enhance the model's robustness against variations in sensor rotation, rotation perturbation is
often utilized as a data transformation technique in the �eld of HAR (Heng et al., 2016; Tang et al.,
2020). Essentially, rotation perturbation involves rotating the accelerometer vector by a random
angle in the range of 1 to 5 degrees, while the magnitude remains constant. Given an original
vector v = ( x; y; z), the rotated vector v0 can be calculated using a rotation matrix R , as indicated
in (4.4).

v0 = Rv (4.4)

The rotation matrix R can be generated using any axis of rotation and a random angle � sam-
pled from the uniform distribution between 1 and 5 degrees. This transformation aims to improve
the model's robustness to slight variations in sensor orientation that may occur during everyday
activities.

4.3 Feature Extraction

4.3.1 Description of Features
In this project, we extract a variety of features from the raw accelerometer data to provide a com-
prehensive representation of the underlying activities. These features, calculated on each window
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basis, are extracted from the raw data using various methods. Some features extract combined
features from each axis, resulting a size of 1 in the �rst dimension. To enable concatenation and
storage of the features together, the �rst dimension of all features (except the distance matrix) is
padded to a size of 3.

Time-domain Features

Statistical features capture the basic properties of the accelerometer data and provide insights into
the overall activity patterns.

� Magnitude of windows (padded) [ 3 � 200]: The magnitude of each window is computed
as the Euclidean norm for each sample within the window.

� Distance matrix of magnitude [ 200� 200]: A distance matrix of magnitude D contains the
distance between each pair of points. It's calculated as (4.5), wherex i , x j are the magnitudes
of each data points in a window (Noori et al., 2020a). This feature is only used in one of the
CNN benchmark models with shape of 200� 200. Therefore, we calculate it separately for
training this benchmark model.

D i;j = kx i � x j k (4.5)

� Filtered accelerometer data of windows [ 3 � 200]: The �ltered accelerometer data of each
window is computed after applying a low-pass, a high-pass, and a band-pass �lter to the
magnitude with Butterworth �lters. The butterworth �lters are implemented using the
scipy.signal.butter function from the SciPy library (Virtanen et al., 2020). The �ltered
data was then obtained using the scipy.signal.sosfiltfilt function. The cut-off fre-
quencies for the axis �lters were set to 30% and 70% of the Nyquist frequency, correspond-
ing to 3 Hz and 7 Hz, respectively, given the sampling rate of 20 Hz. The selection of these
frequencies was determined through experimentation. To better understand the �lter's fre-
quency components, examples of the Butterworth �lters used in our model is provided in
the Appendix A.4.

� Filtered magnitude of windows (padded) [ 3� 200]: The �ltered magnitude of each window
is computed after applying a low-pass, a high-pass, and a band-pass �lter to the magnitude
with Butterworth �lters. Unlike the magnitude �lter, the cut-off frequencies for �lters are
determined through experimentation with various combinations of frequencies. The cut-off
frequencies of the �lters for magnitude are set to 20% and 50% of the Nyquist frequency,
resulting in cut-off frequencies of 2 Hz and 5 Hz, respectively, given the sampling rate of 20
Hz.

� Minimum, maximum, and average amplitude of windows per axis [ 3 � 3]: For each win-
dow, we calculate the minimum, maximum, and average amplitude for each axis, providing
a sense of the range and central tendency of the accelerometer readings.

� Standard deviation of amplitude of windows per axis [ 3 � 1]: The standard deviation of
the amplitude for each axis within a window is computed, which captures the variability of
the accelerometer readings.

� Average resultant acceleration (ARA) (padded) [ 3 � 1]: The ARA is the average of the
square root of the sum of the squares of the x, y, and z axis values. It provides a measure of
the overall acceleration magnitude within a window. It's calculated as (4.6), where N is the
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number of samples within the window, and x i , yi , and zi are the accelerometer readings for
each axis at samplei (Weiss et al., 2019).

ARA =
1
N

NX

i =1

q
x2

i + y2
i + z2

i (4.6)

� Binned distribution and histogram per axis [ 3 � 20]: The distribution of the magnitude
of the windows and the individual axis values are divided into N equal-sized bins (with
nbins = 20) for each axis. The number of samples falling into each bin is counted to create a
distribution. This captures the overall distribution and frequency of the signal amplitudes
(Weiss et al., 2019).

� Time between peaks [ 3 � 1]: The time between the �rst two peaks of the acceleration sig-
nal is calculated. This feature provides insight into the periodicity and regularity of the
activities being performed (Weiss et al., 2019).

Frequency-domain Features

Spectral features are derived from the frequency domain representation of the accelerometer data,
providing insights into the frequency content and energy distribution of the activities.

� Mel-frequency cepstral coef�cients (MFCCs) [ 3 � 13]: Mel-frequency cepstral coef�cients
(MFCCs) are widely used in the �eld of audio processing and speech recognition due to their
ability to mimic the human auditory system's nonlinear perception of pitch and frequency.
More recently, MFCCs are utilized in Human Activity Recognition (HAR) as they offer a
compact representation of the power spectrum of a signal, capturing temporal patterns in
sensor data effectively (Cruciani et al., 2020; Ramanujam et al., 2021). Computation involves
dividing the signal into small frames, calculating the power spectrum of each frame via a
Fast Fourier Transform (FFT), mapping frequencies onto the Mel scale, taking logarithm
of powers at each Mel frequency, and applying a Discrete Cosine Transform (DCT). This
project uses a set of 13 MFCCs for each time frame as a feature.

� Spectral centroid [ 3 � 1]: The spectral centroid represents the center of mass of the power
spectrum and can be considered as a measure of the "brightness" of a signal (Klapuri and
Davy, 2006). For accelerometer data, it provides an indication of the dominant frequency
content of the activities.

� Spectral bandwidth [ 3 � 1]: The spectral bandwidth represents the spread of the power
spectrum around the spectral centroid. It provides information about the spectral shape
and the range of frequency components present in the signal (Klapuri and Davy, 2006). In
the context of accelerometer data, it can help distinguish activities with different frequency
patterns.

The features described above provide a comprehensive representation of the accelerometer
data, capturing various aspects of the underlying patterns and structures present in the signal.
The time domain features capture intensity, range information, and statistical measures of signal
amplitude, while also considering the �ltered frequency components. On the other hand, the
frequency domain features capture the distribution of activity frequencies. By combining features
from both domains, we achieve an effective characterization of activity patterns across the time
and frequency dimensions.
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4.3.2 Feature Extraction Pipeline
The feature extraction pipeline is a crucial part of the human activity recognition process, as it
transforms the raw accelerometer data into a more informative and compact representation that
can be effectively utilized by machine learning models. In this project, we have designed a highly
ef�cient and scalable pipeline for extracting a wide range of statistical and spectral features using
the Dask parallel computing library. This section provides a detailed description of the feature ex-
traction pipeline, highlighting its key components and the strategies employed to ensure optimal
performance.

Data Partitioning and Storage

The �rst step in the feature extraction pipeline involves reading the preprocessed accelerometer
data from parquet �les. To facilitate ef�cient data processing and avoid out-of-memory issues, the
data is partitioned by participants and split into four-hour intervals. This partitioning strategy
enables the pipeline to process large volumes of data by loading only a small portion of the data
into memory at a time, thereby reducing the overall memory footprint.

The extracted features are then saved to an extendableHDF5container, partition by partition.
The HDF5format is a high-performance, �exible, and portable binary data format that supports
ef�cient I/O operations and can store large, complex, and heterogenous datasets with ease. By
adopting the HDF5format, we ensure that the feature extraction pipeline can scale effectively to
handle large-scale human activity recognition tasks, while also facilitating seamless interoperabil-
ity with other data processing tools and machine learning frameworks.

Dask Delayed Interface

To further enhance the ef�ciency and scalability of the feature extraction pipeline, we leverage the
dask.delayed interface, which allows us to create task graphs directly with a light annotation
of normal Python code without triggering the computation immediately. The dask.delayed in-
terface provides a simple and �exible way to build and execute complex, multi-stage computation
pipelines with minimal overhead and maximal parallelism.

In our pipeline, we use the dask.delayed interface to de�ne the feature extraction tasks,
including the computation of various statistical and spectral features from the raw accelerometer
data. By encapsulating these tasks as delayed objects, we can build a task graph that represents
the entire computation pipeline, from data loading to feature extraction and storage, without
actually executing any computation. This approach allows us to reason about and optimize the
pipeline more effectively, as well as to schedule the tasks for parallel execution using Dask's
advanced scheduling capabilities.

Dask Distributed Interface

Once the task graph has been constructed using thedask.delayed interface, the next step is to
execute the tasks in parallel using the dask.distributed interface. The dask.distributed
interface is a powerful and �exible system for parallel and distributed computing with Dask, pro-
viding a range of advanced features such as dynamic task scheduling, data locality, and fault tol-
erance. By leveraging thedask.distributed interface, we can ef�ciently parallelize the feature
extraction pipeline across multiple CPU cores or even distributed clusters, thereby signi�cantly
reducing the overall processing time and improving the scalability of the pipeline.

In our implementation, we use the dask.distributed interface to schedule and execute
the tasks de�ned in the task graph, ensuring that the tasks are distributed evenly across the avail-
able computational resources and executed concurrently whenever possible. This parallelization
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strategy enables the pipeline to process large volumes of data more quickly and ef�ciently, while
also providing a high degree of fault tolerance and resiliency in the face of hardware or software
failures.



Chapter 5

Model: Hierarchical ML

This chapter delves into the hierarchical ML models developed for our study. One motivation for
investigating hierarchical ML models is the work of Leutheuser et al. (2013), which demonstrates
that a hierarchical ML system for HAR can outperform a non-hierarchical ML system (called "�at"
models). By categorizing activities based on their intensities and organizing them into activity
groups, the authors were able to create a more effective classi�cation system. Inspired by this
approach, we aim to build a similar ML training pipeline for our study.

Drawing inspiration from the related works of Leutheuser et al. (2013), Piczak (2015), and
Weiss et al. (2019), we employ the following features introduced in Section 4.3 in this chapter:

� Minimum, maximum, and average amplitude of windows per axis
� Standard deviation of amplitude of windows per axis
� ARA
� Binned distribution per axis
� Time between peaks
� MFCCs
� Spectral centroid
� Spectral bandwidth

To expedite the training and prediction processes and ensure timely generation of results,
we employ CUDA-accelerated implementations for the models in this chapter through the cuML
library.

To evaluate the performance of the implemented models on our dataset, we utilize precision,
recall, and F1 score metrics per class in a one-vs-rest (OvR) manner. This evaluation provides a
detailed understanding of the model performance for each activity. Additionally, we calculate
the macro-average F1 scores (macro-F1) and Matthews correlation coef�cient (MCC) to provide a
single-value metric for overall model performance.

This chapter presents the performance evaluations of �at ML model, followed by an in-depth
discussion on the hierarchical ML model, which includes its structure, methodology, and results.
Finally, we will highlight the key outcomes of our experiments and discuss possible avenues for
improvement.

5.1 Baselines
This section seeks to evaluate the performance of two commonly implemented machine learning
models, Support Vector Machine (SVM) and Random Forest (RF), in the context of HAR using
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Table 5.1: PARAMETERS USED IN ML HYPERPARAMETER TUNING .

Model Parameters Candidate(s) Description

SVM

C
0.1, 1.0,
10, 100

The regularization strength is inversely propor-
tional to C.

penalty l2
This refers to the norm used in penalization. In this
study, we only consider the L2 regularizer.

loss
hinge,
squared_hinge

Speci�es the cost function to be minimized dur-
ing optimization. We use hinge loss ("hinge") and
squared hinge loss ("squared_hinge").

max_iter 5000 The maximum number of iterations to be run.

RF
n_estimators 100, 300, 500 The number of trees in the forest.
max_depth 16, 32, 64 The maximum depth of the tree.

max_features 1.0, sqrt

Determines the number of features to consider
when deciding on the best split. A value of 1.0 con-
siders all features; "sqrt" considers the square root
of the total number of features.

sensor data. The selection of these models is underpinned by their robust performance in a range
of classi�cation problems, including HAR, as shown in previous studies (Bao and Intille, 2004;
Gjoreski et al., 2011). Subsequently, we will explore the potential of enhancing model performance
by implementing an ensemble model using a soft voting mechanism (Kittler et al., 1998). In this
approach, the probabilities for each class produced by the constituent models are averaged to
ascertain the �nal predicted class.

SVMs are a class of supervised learning models originally designed for binary classi�ca-
tion problems. However, they can be extended to handle multi-class classi�cation tasks by em-
ploying techniques like one-vs-one (OvO) or one-vs-rest (OvR) approaches (Cortes and Vapnik,
1995). SVMs have been extensively used in HAR tasks because of their ability to handle high-
dimensional data and their robustness against over�tting (Garcia-Gonzalez et al., 2020). Although
SVMs can effectively model complex decision boundaries by employing different kernel func-
tions, due to the computational resources limitation we have, we only employ linear kernel.

On the other hand, RF is an ensemble learning method that constructs multiple decision trees
and combines their outputs to improve classi�cation performance (Breiman, 2001). RF is known
for its robustness to noise, and resistance to over�tting (Liaw et al., 2002). These characteristics
make RF a popular choice for HAR problems, as demonstrated by numerous studies in the litera-
ture (Kwapisz et al., 2011; Shoaib et al., 2014). Notably, RF is sensitive to class imbalance, an issue
that could in�uence the model's performance. Considering the variations in class distributions
across our training and test data (as illustrated in Table 3.1), we balance the classes by randomly
undersampling the training input. This resampling method was chosen due to the computational
resources and time constraints we have in our project.

Both SVM and RF models necessitate the optimization of several hyperparameters. To iden-
tify the optimal hyperparameter values, we employ GridSearchCV from the scikit-learn
library, which conducts hyperparameter tuning over �ve strati�ed folds. The range of candidate
values for the hyperparameters under consideration, along with other important parameters, are
detailed in Table 5.1. Following this procedure, the parameter set yielding the highest Matthews
correlation coef�cient (MCC) is chosen for the training of the �nal classi�er. For the speci�c hy-
perparameters selected, please refer to Table A.9a for selected hyperparameters.

The performance of the baseline models and their corresponding soft voting ensemble is illus-
trated in Table 5.2. Each of the models utilizes all �ve training datasets, along with the transfor-
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Table 5.2: PERFORMANCE OF FLAT ML MODELS. P=Precision, R=Recall, F1=F1-score. The �rst 8
rows present the performance metrics for each activity individually, while the Macro Avg row represents
the average values of activity-speci�c scores. The MCC row denotes the overall performance of the model.

Activity
SVM RF SoftVoting(SVM, RF)

P R F1 P R F1 P R F1
Lying 0.7774 0.7104 0.7424 0.7525 0.5322 0.6235 0.7886 0.6988 0.7410
Sitting 0.1179 0.4266 0.1848 0.1094 0.5626 0.1831 0.1199 0.4734 0.1913
Standing 0.0386 0.1727 0.0631 0.0432 0.1839 0.0700 0.0419 0.1757 0.0676
Walk_slow 0.2858 0.0276 0.0504 0.3646 0.0319 0.0587 0.3258 0.0232 0.0432
Walk_mod 0.3538 0.4472 0.3951 0.4430 0.4994 0.4695 0.4194 0.4665 0.4417
Stairs 0.0006 0.1827 0.0011 0.0005 0.1442 0.0010 0.0006 0.1635 0.0012
Jogging 0.2554 0.9047 0.3984 0.3287 0.8653 0.4764 0.2835 0.9073 0.4320
Unknown 0.7403 0.3735 0.4965 0.7406 0.2939 0.4208 0.7393 0.3625 0.4865
Macro Avg 0.3212 0.4057 0.2915 0.3478 0.3892 0.2879 0.3399 0.4089 0.3006
MCC 0.3294 0.2639 0.3306

mations detailed in Section 4.2. A review of the scores reveals that SVM generally outperforms RF
in terms of both the macro-F1 score and MCC, whereas the soft voting of the two models outper-
forms each individually. However, performance �uctuates across different activities, and neither
model exhibits consistently robust performance for all activity classes. Possible reasons for this
outcome could be that the individual models in the ensemble have complementary strengths and
weaknesses, which might not necessarily lead to a signi�cant improvement in the overall perfor-
mance. For comparative purposes, the soft voting ensemble, which boasts the highest macro-F1
score and MCC, is selected as the baseline in this chapter.

5.2 Methodology
In this section, we present the hierarchical training process for HAR. This methodology hinges
on training multiple classi�ers within a hierarchical structure, thus enabling the classi�cation of
activities at varying levels of granularity. As previously discussed, activities are grouped based
on their intensities, illustrated in Figure 3.1.

Figure 5.1 provides a broad overview of the training procedure, with each classi�er embody-
ing the structure depicted in Figure 5.2. Each classi�er performs a similar hyperparameters grid
search as detailed in Section 5.1 (the selected hyperparameters can be found in Table A.9). For
the hierarchical training, an initial base-layer model is trained to classify the activity groups. If a
group consists of more than one label, a sub-layer model is subsequently trained to classify the
labels within that particular group. For each group that contains more than one label, a sub-layer
model is trained to classify the labels within that group, respectively. Both the group classi�er
and the label classi�ers can be composed of a soft voting ensemble model, similar to the approach
used in baseline models.

During the prediction phase, the data is initially processed by the group classi�er to predict
the group and its associated probability. If the predicted group contains multiple labels, the data
is subsequently fed into the corresponding label classi�er to determine the �nal activity label and
its probability.

By employing an ensemble of classi�ers and adopting a soft voting strategy, our objective is to
enhance the performance of the hierarchical training process. This methodology facilitates a more
comprehensive interpretation of the inherent patterns in the data. It also enables more accurate
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Figure 5.1: OVERVIEW OF THE HIERARCHICAL ML TRAINING STRUCTURE . The process begins with
a base-layer model that classi�es the activity groups. For each group containing more than one label, a
sub-layer model is trained to further classify the labels within that group.

Figure 5.2: CLASSIFIER STRUCTURE USED IN THE HIERARCHICAL TRAINING .

predictions by capitalizing on the unique strengths of different classi�ers.

5.3 Results
Table 5.3 demonstrates that the hierarchical training process improves the classi�cation perfor-
mance for "walk_slow," "walk_mod" and "jogging" activities, and has similar performance as �at
ML model for "sitting" activity. However, it has slightly diminished performance on classifying
the "lying" and "unknown" labels based on their OvR F1 scores. Neither model has managed to
classify "stairs" effectively. Interestingly, labels with improved performance are within the "sit-
stand" or "walking" group (refer Figure 3.1), while other activities (except "jogging") exhibit a de-
crease. This suggests potential avenues for further investigation into activity translation, feature
selection, or transformation techniques for the group classi�er.

The confusion matrix for the hierarchical ML model, depicted in Figure 5.3, shows that mis-
classi�cations primarily occur among "lying," "sitting," and "standing" activities, likely due to
feature similarities causing model confusion. "Walk_slow" is mostly misclassi�ed as "unknown,"
possibly due to its less distinct features. The low score and misclassi�cation of "stairs" as "stand-
ing" imply possible feature overlap, ineffective model capture of unique characteristics, or varia-
tions in stair activity execution between training and testing datasets.

The model exhibits high recall but low precision for "jogging," decreasing con�dence in re-
sults identi�ed as this activity. As for unseen activities like "bicycling," "driving," "eating," "gym,"
"housework," and "shopping," the majority are correctly classi�ed as "unknown," aligning with
expectations. Most misclassi�cations for "driving," "eating," "talking," and "working" are as "sit-
ting," likely due to stationary postures or limited movements during these activities. Further
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Table 5.3: PERFORMANCE COMPARISON OF FLAT AND H IERARCHICAL ML M ODELS. P=Precision,
R=Recall, F1=F1-score. The �rst eight rows present the performance metrics for each individual activity.
The Macro Avg row represents the average values of activity-speci�c scores. We use macro-F1 and MCC
to represent overall performance.

Activity
Flat ML Hierarchical ML

P R F1 P R F1
Lying 0.7886 0.6988 0.7410 0.7525 0.5322 0.6235
Sitting 0.1199 0.4734 0.1913 0.1094 0.5626 0.1831
Standing 0.0419 0.1757 0.0676 0.0432 0.1839 0.0700
Walk_slow 0.3258 0.0232 0.0432 0.3646 0.0319 0.0587
Walk_mod 0.4194 0.4665 0.4417 0.4430 0.4994 0.4695
Stairs 0.0006 0.1635 0.0012 0.0005 0.1442 0.0010
Jogging 0.2835 0.9073 0.4320 0.3287 0.8653 0.4764
Unknown 0.7393 0.3625 0.4865 0.7406 0.2939 0.4208
Macro Avg 0.3399 0.4089 0.3006 0.3478 0.3892 0.2879
MCC 0.3306 0.2639

investigation and improvements are, however, required to distinguish these activities more effec-
tively from the "sitting" category.

In conclusion, the results presented in this chapter demonstrate that the hierarchical training
process can improve the classi�cation performance for most of the activities, with some excep-
tions. However, there is still room for improvement, particularly in differentiating between activ-
ity groups and detecting unseen activities. Further investigation on the use of training datasetas
and transformation techniques will be conducted in Section 7.1.
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Figure 5.3: CONFUSION M ATRIX FOR H IERARCHICAL ML M ODEL. Numbers with a green back-
ground indicate the count of correctly classi�ed samples. "Sum_pred" and "sum_true" represent column
and row summaries, respectively. The green text in "sum_pred" denotes precision, while the green text in
"sum_true" signi�es recall.



Chapter 6

Model: Multi-branch CNN

Deep learning has emerged as a promising approach for activity recognition tasks because of
its ability to overcome the limitations of traditional methods. Convolutional Neural Networks
(CNNs) are particularly powerful for this task since they are capable of identifying complex pat-
terns in the data that are dif�cult to detect using traditional methods (Wang et al., 2019).

In this chapter, we present a comprehensive analysis of our proposed CNN model for activity
recognition using accelerometer data. We begin by benchmarking two existing CNN models and
evaluating their performance on our test dataset in Section 6.1. Next, we introduce our base multi-
branch CNN model structure in Section 6.2.1, which involves incorporating accelerometer data
with Butterworth �lters of low-pass, high-pass, and band-pass using parallel CNN branches.
Furthermore, we explore the potential for improving our model's performance by combining
the predictions of our multi-branch CNN model with features extracted from each window in
Section 6.2.1, which we refer to as the combined CNN. Our results suggest that the proposed
CNN model outperforms the benchmark models on the test dataset, indicating the effectiveness
of our proposed model.

To realize our model, we provide detailed explanations of the model architecture and train-
ing process. The training datasets used in our CNN model include WISDM, Selfback, Gotov,
Adl_hmp, and Act_cp. We use 20% of the training datasets as validation to �nd the best perfor-
mance, and Capture24 serves as the test dataset to evaluate performance. During the training
process, we utilize the cross-entropy loss function to evaluate model performance. To prevent
over�tting, we implement early stopping with a tolerance of 5 epochs and set the maximum
number of epochs to 100.

6.1 Benchmarks
In order to evaluate the performance of our proposed CNN models, we use two established CNN
models as benchmarks. The �rst benchmark model(Noori et al., 2020a) utilized accelerometer
data recorded from a smartphone for human activity recognition. In their work, Noori et al. ex-
plored several methods of fusion for multi-representations of data from sensors. They generated
multiple representations of sensor data and fused them using Deep Convolutional Neural Net-
works (CNNs) to achieve a great performance for the Context-Awareness via Wrist-Worn Motion
Sensors (HANDY) dataset and the Wireless Sensor Data Mining (WISDM version 1.1) dataset,
respectively.

The second benchmark model was trained on datasets that included accelerometer, gyroscope,
and optionally magnetometer data(Kalouris et al., 2019). Their work focused on activity classi�-
cation for older people, who are often dif�cult to obtain a large number of labeled samples from.
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Figure 6.1: THE DATA -LEVEL FUSION STRUCTURE OF THE CNN MODEL IN BENCHMARK 1.

They implemented three different CNN architectures and incorporated Bayesian optimization for
ef�cient hyper-parameter tuning.

To evaluate the performance of our proposed models, we compare them to the two established
CNN models in the papers mentioned above and served as benchmarks. However, to ensure
comparability with our datasets, we make some adjustments to the benchmark models. Firstly,
we use our own datasets, which consist of accelerometer data collected from wrist-worn wearable
devices, unlike the benchmark models that used data from smartphones and multiple sensors.
Additionally, we adjusted the input shape of models to recognize the activities that were present
in our datasets, which may differ from those in the benchmark models.

Benchmark 1

Compared to the smart-watch data used in our project from the WISDM dataset, Noori et al.
(2020a) collected data from a smartphone-based accelerometer by instructing participants to carry
the phone in their pocket. They sampled the accelerometer with 5-second windows (i.e., 100 data
points with a sample rate of 20 Hz) with 25% overlapping.

The authors experimented with two different representations of accelerometer data: a distance
matrix and x, y, and z images. These representations were used in fusion at the input level. The
distance matrix representation involved calculating the pairwise Euclidean distances between
the magnitudes of accelerometer samples, resulting in a 100� 100matrix. The x, y, and z image
representation is the raw accelerometer data from each axis with a shape of 3� 100. After stacking
the distance matrix and x, y, z images into shape of 100� 10 � 10 and 3 � 10 � 10 respectively
to maintain a consistent depth, both representations were stacked, and a new representation was
extracted, i.e., 103� 10 � 10 as input of the model as shown in Figure 6.1.

The CNN architecture utilized in their study included four convolutional layers, two max-
pooling layers, and two dropout layers (with p = 0 :25). The �rst two convolutional layers had
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Figure 6.2: THE STRUCTURE OF THE CNN MODEL IN BENCHMARK 1.

16 kernels each, while the last two had 32 kernels each. Each convolutional layer used a kernel
of size 3 and a stride size of 1, and ReLU activation was applied to both convolutional and fully
connected layers. After passing through the convolutional and max-pooling layers(with max
pooling size of 2), the data was �attened and fed into a fully connected layer with 512 units and
dropout (p = 0 :50). Finally, a classi�cation layer with 10 units, corresponding to the ten activities,
and a softmax activation function were used for the �nal classi�cation.

In our project, the data is segmented into 10-second intervals with a sampling rate of 20 Hz,
resulting in 200 data points for each input. To adapt the CNN model structure to our datasets,
the representations are calculated as a matrix of dimensions 200� 20 � 10 and 3 � 20 � 10, and
concatenated to form an input of shape 203� 20 � 10. To achieve stable performance with given
structure and hyper-parameters, we randomly select �ve combinations of batch size and learning
rate. Among the different combinations, the batch size of 64 and learning rate of 0.0001 yield
the lowest validation loss. The model with optimal hyper-parameters is selected to evaluate the
performance of the CNN model on test dataset.

Upon reaching the optimal model, the training process of �rst benchmark model complete 50
epochs. The training loss achieved is 1.595 and the validation loss obtained is 1.624, where there's
no evidence of over�tting.

As shown in Table 6.1, despite the high accuracy of the performance in their dataset, the model
achieved an MCC score of 0.1707 on the test set of Capture 24. The results of the benchmark model
1 reveal that the performance of the model is quite low. The model's F1-scores for activities such
as jogging, stairs, and standing are close to zero, indicating that the model is unable to distin-
guish these activities accurately. The model's performance is relatively better for activities such
as lying, unknown, and walking_mod, with F1-scores of 0.5827, 0.2380, and 0.3081, respectively.
The weighted average F1-score of the model is only 0.1962, which indicates that the model is not
performing well across all activities.

Benchmark 2

Kalouris et al. (2019) utilized three distinct CNN architectures trained on data from elderly indi-
viduals that included accelerometer, gyroscope, and magnetometer data. While CNN2 and CNN3
operate on 2D convolutional layers, utilizing multiple sensing modalities by stacking N sensors
(accelerometer, gyroscope, and optionally magnetometer), our project only considers accelerome-
ter data. Therefore, we have chosen to apply the CNN1 architecture with 1D convolutional layers
as a benchmark.

In their project, the authors used a time window of 68 time points with 50% overlap, corre-
sponding to a total window duration of 2.72 seconds. The data was collected from three tri-axial
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