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Abstract

Sensors’ data is used in monitoring patient activity during rehabilitation and also can
be extended to controlling rehabilitation devices based on the activity of the person.
Both wearable sensors and extracted skeleton data from the video can be used for that.
As there, exist similarities, a unified solution can be presented, which also focuses on
effectively capturing the spatiotemporal dependencies in the data collected by these
sensors and efficiently classifying human activities. With the increasing complexity
and size of models, there is a growing emphasis on optimizing their efficiency in terms
of memory usage and inference time for real-time usage and mobile computers. There
is an opportunity to develop a novel unified framework that incorporates recent ad-
vancements to enhance speed and memory efficiency, specifically tailored for Human
Activity Recognition (HAR) tasks. In line with this approach, we present GLULA, a
unique architecture for human activity recognition. GLULA combines gated convo-
lutional networks, branched convolutions, and linear self-attention to achieve efficient
and powerful solutions. Extensive experiments showed its effectiveness both in wear-
able sensors’ data and skeleton-based sets. Tests were conducted on five benchmark
IMU datasets: PAMAP2, SKODA, OPPORTUNITY, DAPHNET, and USC-HAD.
Our findings demonstrate that GLULA outperforms recent models in the literature
on the latter four datasets but also exhibits the lowest parameter count among state-
of-the-art models. In HAR for the human skeleton domain, examinations were done
on the NTU RGB+D dataset. While getting comparable results with recent work in
this field, it managed to be smaller and significantly faster.

Thesis Supervisor: Adnan Yazici
Title: Full Professor
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Chapter 1

Introduction

The increasing prevalence of sensor devices due to their affordability and advancement

in motion analysis technologies have sparked an interest in the utilization of those

aforementioned systems. One of the main possible applications is human activity

recognition (HAR). While activity is a broad term, it can encapsulate diverse areas

such as fitness monitoring and drug control systems [14], as well as stress and affect

detection [28]. Furthermore, it can find even more applications in health-related topics

such as monitoring patient activity during rehabilitation and also can be extended

to controlling rehabilitation devices based on the activity of the person [2]. Each of

these applications demands a robust, accurate, and real-time activity classification

mechanism to ensure seamless integration and functionality.

Human activity recognition on sensor data can be based on various data types

and systems such as cameras, wearable sensors, and depth measurement equipment.

For example, body-worn devices, including smartphones, watches, and other wearable

technologies, are equipped with accelerometers, gyroscopes, and other sensors that can

capture motion signals. However, body-worn inertial sensors (IMUs) have emerged

as an effective and ubiquitous tool for capturing complex human motions, and can be

found in smartwatches and rehabilitation trackers [3]. These sensors, which include

accelerometers and gyroscopes, are typically mounted on various joints of the human

body, capturing movement patterns that can characterize a range of human activities.

Inertial sensors are beneficial in HAR, since their ability to quantify the motion
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of body parts in two to three-dimensional space, capturing the dynamic of human

movement [3]. Thus, as one of the most common human body measurement devices

is body-worn inertial sensors, it was chosen as one of the focus for this research.

Regarding output from camera sensors, another common sensor device, it is pos-

sible to perform action recognition directly on RGB frames or process data in such

a way as to get more meaningful input for HAR systems. One of the most common

ways to prepare data for action recognition is to extract human body joint data in the

form of skeletons from the frames [6]. In this work, extracted body joint data from

camera output was the focus for several reasons. First of all, while it haves draw-

backs such as additional frame extraction processing, it has the advantage of higher

controllability since it is feasible to manage inter-step between video data as an input

and action prediction. The most important reasons however are: skeleton data have

an advantage over RGB frames in terms of better robustness to image noises such

as lighting, background, and perspective [6]; the skeleton data is similar in nature to

data from body-worn sensors. The correlation in data structure exists since in both

cases specific joints (via placed trackers or via extracted skeleton data) are tracked at

a certain temporal frame, while the latter contains information on changes in position,

the former posses information on exact position in space. Thus, there is a potential

to unify a solution for human activity recognition on the two most prevalent data

types used for this task.

Since both wearable sensors output data and extracted human joints in the form

of the skeleton have a similar structure and lie in the temporal dimension, they had

analogous development in human activity recognition research. As the deep learning

research progressed, currently, in both domains, state-of-the-art results are based on

the transformer architecture, which was introduced in [38].

In HAR systems for body-worn inertial sensors’ data, the signal time series is

divided into equal-length subsequences using the sliding window technique. These

subsequences are then classified into activities using various algorithms, ranging from

traditional machine learning approaches like Support Vector Machines and Random

Forests to advanced neural networks such as Recurrent Neural Networks (RNN), Con-
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volutional Neural Networks (CNN), or hybrid models. Notably, deep neural network

models have demonstrated superior performance in activity classification compared

to conventional machine learning algorithms in HAR [19]. The two most common

solutions were CNNs and RNNs, where both had their advantages and disadvantages

[19]. But overall, the hybrid solution came on top since it was based on Long Short-

Term Memory (LSTM) networks, which solved the vanishing gradient problem of

previous generation recurrent units [12] and utilized CNNs extraction ability, while

avoiding the CNN problem of inability to encode spatial information by incorporating

new representation in a temporal domain for LSTMs [47]. Although, hybrid solutions

were still based on a recurrent mechanism. That meant a lack of parallelization of the

input on the temporal dimension, which makes them slower than convolutional-based

solutions that allow parallelization. With advances in natural language processing

(NLP), Vaswani et al. presented a new fully-attention-based Transformer architecture

[38]. The main part of the transformer is a non-recurrent multi-head self-attention

mechanism, which makes it parallelizable in computing the importance of each point.

To add temporal awareness to the network, they add positional encoding, which re-

duces the effect of the same problem existing in CNN-based solutions. Inspired by

the transformer, Mahmud et al. utilized a self-attention-based neural network (al-

most identical to the original architecture) to solve HAR tasks for body-worn inertial

sensors’ data, which resulted in improved performance over state-of-the-art models

[20].

The development of HAR solutions utilizing body skeleton data extracted from

video sequences has made similar strides. Initially, vision-based HAR systems focused

on interpreting human action by analyzing 2D skeletal data-frames using classical ma-

chine learning methods. The approach involves extracting the skeleton from the video,

followed by spatiotemporal handcrafted feature extraction, and then feeding it to su-

pervised machine learning for activity recognition [7]. Subsequently, advancements

were made with the introduction of deep learning solutions such as CNNs and RNNs.

As in HAR systems for body-worn inertial sensors’ data, each had similar draw-

backs and benefits. In due course, hybrid solutions were introduced. For example,
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Convolutional Long Short-Term Memory models combined the capabilities of Con-

volutional Neural Networks and Long Short-Term Memory networks. This approach

efficiently extracted spatiotemporal features for activity recognition, outperforming

both LSTM and CNN models when used individually [45]. However, the transformer-

based solution again came on top, they not only have the best performance but also

allow parallelization for further speed optimization. One of the recent models that

achieved state-of-the-art (SOTA) results utilize a hypergraph representation of the

skeleton data in the Transformer [50]. To note, it was done on three-dimensional

skeleton data extracted from video using the Kinect system.

As it was mentioned, due to the correlation between the two data representa-

tions of the activity and similar development in classification systems, it is possible

to build a unified solution. In addition to achieving high accuracy in activity recog-

nition, efficient resource utilization is essential in the field of HAR due to increasing

computational demands. The reason is that there is a growing emphasis on optimiz-

ing models’ efficiency in terms of memory usage and inference time for real-time usage

and mobile computers used in health-related monitoring systems. While transform-

ers provide parallelization due to non-recurrence, which is important in improving

inference speed, they are computationally intensive having quadratic space and time

complexity [13].

Taking everything into consideration, in this work, the novel proposed approach is

an attention-based non-recurrent architecture that incorporates gated convolutional

networks (GCN) [4], a branching convolution structure, and linear attention. In this

model. first local information is extracted and added to the data and then fed to the

global layers. This concept correlates with HAR tasks, where locality is present, but

broad context is also essential. At the same time, the network does not reduce the

dimension of the data, so it expands the information and not just extract it, which

is advantageous for global parts. The GCN utilizes Gated Linear Units (GLU) as

gate mechanisms, enabling convolutions’ local learning and spatial awareness with

no recurrent connections. As the global learning step, linear attention was chosen

instead of the conventional softmax self-attention, to further enhance the model’s
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efficiency. As the name suggests, a linearized solution has linear time and space

complexity with respect to the length of the sequence, instead of quadratic [13].

Moreover, it showed comparative results to full self-attention models in language-

related task classification. This structure of the model helps in learning local and

global spatiotemporal relationships effectively.

Due to the similar structure to a regular transformer, the proposed model can

utilize both human skeleton data and body-worn inertial sensors’ data in raw format.

The only change needed to be done is to the dimensionality of the network depend-

ing on the samples. The attention-based linear network proposed for HAR tasks is

called GLULA in this study. As discussed below, this model shows the best or most

comparative results when compared to different variants and state-of-the-art models

while maintaining its advantages in size, space, and time complexities. Precisely it

has improved performance in datasets collected from IMUs and comparative results

on skeleton sets. The contributions of the paper are as follows:

• Introduction of the novel attention-based network architecture for human activ-

ity recognition (HAR) that offers several key contributions. Firstly, the model

is parallelizable and achieves the lowest parameter count with a noticeable dif-

ference compared to other state-of-the-art solutions. Also, optimize space and

time complexity through the utilization of linear attention. This architecture

demonstrates superior performance on four body-worn inertial sensors’ HAR

datasets (SKODA, OPPORTUNITY, DAPHNET, USC-HAD) compared to re-

cent models in the literature, and comparable results on the PAMAP2 dataset,

validating the effectiveness of the proposed solution.

• Additionally, the conduct of a comprehensive comparison of various layers at

different positions within the proposed network. Experiments illustrate that the

network structure outperforms the different variants presented in this paper.

When comparing the softmax self-attention unit [38] with linear attention and

gated convolutional networks (GCN), it is observed that while softmax self-

attention may have higher complexity, replacing linear attention or GCN with
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softmax self-attention in different parts of the network either yields equivalent or

inferior performance. Furthermore, the utilization of linear attention improves

the model’s speed compared to regular self-attention.

• As the optimal model and training configuration was found for activity recog-

nition on IMUs data, GLULA also showed to be optimal for skeleton-based

data among network variation. The experiments for skeleton-based data were

done on the NTU RGB+D dataset, The former consists of videos of performed

activities and extracted three-dimensional skeleton data by Kinect systems. In

this work, for NTU, two coordinates out of three were used since most of the

benchmarked learned methods [44] can only extract two dimensions from the

video. Moreover, it does not create complex systems, which is avoided in this

work to be consistent with the idea of raw data inputs. The proposed model on

the NTU dataset in two-dimensional format showed relative results with recent

models in the literature. Moreover, it showed comparative results in the health-

related subset of the NTU dataset achieving 89% accuracy. Thus, it shows that

both types of inputs can be correlated and the unified solution is possible, where

the resulting model is effective in terms of size and computation complexity.

• While the experimental results of the network show moderately inferior scores

to recent models focused only on skeleton data, as was underlined in the exper-

iments’ discussion, it is possible to enhance classification ability even further

with more pre-training on different skeleton sets. So, it makes usage of unified

solution GLULA in this type of domain a compelling option. But the most vital

advantage over networks for skeleton-only data is much higher processing speed

due to structural optimization and overall simplicity, such as taking raw inputs.

The remainder of the paper is structured as follows. Chapter 2 covers the back-

ground: sensors’ data types for HAR and how they are collected, human activity

classification, and recent developments in the field. In Chapter 3, an overview of

related works in the field is provided. The problem formulation and the proposed

approach are outlined in Chapter 4. Chapter 5 showcases the experimental results
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and conducts comparisons with other methods. In Chapter 6, conclusions are drawn

based on the thesis findings in thesis and discuss potential avenues for future research.
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Chapter 2

Background

2.1 Sensors’ output types

Human Activity Recognition involves identifying human activities using various sen-

sor data types. IMUs output measures acceleration and orientation from body-worn

sensors. Video data captures body movements and interactions in RGB format. Skele-

ton data represents joint positions and can be collected using Kinect-like systems or

processed and extracted from video using machine learning techniques. As it was

mentioned, this work focuses on skeleton data and IMUs sensors’ data.

2.1.1 Body-Worn Sensors

Body-worn sensors are popular for human activity recognition tasks due to their non-

intrusive nature and ability to capture human movements continuously. Most of these

sensors come in the form of inertial measurement units and can be found in devices

like smartwatches and smartphones, typically including accelerometers, gyroscopes,

and sometimes additional sensors like heart rate monitors [3]. They provide valu-

able quantified information about the wearer’s movements, orientation, and physical

activity patterns in two to three-dimensional space [9]. Datasets of activities with

body-worn sensors are collected by recruiting participants to wear IMUs on various

joints of the human body while performing specific activities, recording data, and
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labeling it for supervised machine learning algorithms. The placement of IMUs can

vary from one dataset to another. For example, in the SKODA dataset [32], the sub-

ject was performing 10 manipulative gestures, while mounting 20 acceleration sensors

as can be seen in the figure 2-1.

Figure 2-1: The placement of sensors on the subject in SKODA dataset [33]

2.1.2 Human Skeleton Data

Skeleton data, on the other hand, represents human poses or joint locations in a 2D to

3D space. Despite necessitating supplemental processing for frame extraction, which

could be considered a drawback, skeletal data exhibits superiority in HAR over video

RGB frames due to its enhanced robustness against noise. For example factors such as

lighting conditions, background interference, and perspective variations demonstrate

less impact on skeleton data in action recognition [6]. There are several ways how to

gather skeletal information from frame sequences for action recognition.

The most common way is to collect human skeleton data for HAR using depth

sensors, such as RGBD cameras (e.g., Microsoft Kinect), that can estimate the two or

three-dimensional positions of human body joints, capturing the spatial configuration

of the body during various movements. Then, joint information is extracted and can

be represented as dots or connected skeletal graphs in 2D or 3D planes. During

the gathering, participants are recorded performing the activities, and the depth

sensor tracks and records the positions of their body joints, creating the skeleton data

used for a certain particular activity. For example, the NTU RGB+D dataset was
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collected using three Kinect V2 cameras with different horizontal imaging viewpoints

in a controlled indoor environment. The dataset includes 56,880 video samples of 60

different human activities performed by 40 subjects. Authors were able to extract

skeleton data in a joint position format using the data from Kinects [29].

Figure 2-2: An example from NTU dataset; skeletons with connected joints are shown
at the top [29]

Another way to extract skeleton data besides sensors is through pose estimation.

However, it requires additional computations since it is complicating tasks and current

algorithms that have adequate results are based on deep learning methods. Most of

the models in pose estimation are pure CNNs [44], where convolution as an operation

for inference was optimized substantially [15]. Although, vision transformers currently

have SOTA results in image pose estimation with simple and flexible architecture [44].

2.2 Overview of HAR on RGB Videos

Human Activity Recognition on video involves the use of computer vision and deep

learning techniques to automatically identify and classify human actions performed

in video sequences. Traditional HAR methods often relied on additional sensors

like depth estimator units. Nevertheless, recent advancements in deep learning have

enabled the use of video classification models to predict actions directly from video
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frames. One of the solutions was the introduction of 3D CNNs, where the first and the

second dimension represented pixels in the frame, and the third represented point in

time, or an exact frame [11]. Another method was to fuse the CNN model and RNN-

type models such as LSTM, where CNN extracts features from the frame and then

feeds it into the recurrent model to analyze it in the temporal domain before giving

the prediction. Various deep learning models were tried in the fusion such as ResNet

(pure CNN model) and Vision Transformer (ViT - self-attention based solution for

images), which were utilized to recognize human activity in videos. These models

have achieved remarkable accuracy levels; for instance, the ViT-based solution model

managed to get SOTA accuracy on the HMDB51 dataset [41]. In this context, the

ViT-LSTM hybrid model has demonstrated superior performance compared to the

3D ResNet and ResNet-LSTM in HAR tasks [34].

2.3 Human Activity Recognition

in this work, it is decided to focus on wearable sensors’ output data and extracted

human joints in the form of a two-dimensional skeleton. First of all, 2D was chosen

over 3D since it is more practical due to most of the pose estimation models work in

this space, which will be beneficial in further research. Another point is that 3D pose

estimation involves multiple steps, such as human body tracking, joint localization

and transformation to 3D [16]. This adds another complication to the process of

human activity recognition and gets out of scope in this work.

Despite the differences in their visual representations and collection methods, both

body-worn sensors and skeleton data can be categorized together due to their spatial

nature. Both types of data capture human movements and activities, but they differ in

exactness. Body-worn sensors capture changes in location, orientation, and motion

patterns, while skeleton data provides exact joint locations, sometimes enabling a

more detailed analysis of human poses and movements. Since both of the outputs

sit in the temporal dimension, it can be assumed that, with knowing the priors, one

data type can be transformed into another.
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Thus, the hypothesis is that both of the data types can be solved by a unified

solution. Consequently, in further research, solutions, where both wearable sensors

output data and extracted human joints are merged as one input, can be examined.

For example, the withstandability to losing part of the data like the subject is in

occlusion in video, but sensor data is still present.

2.4 Recent Developments in the field

Human activity recognition on both IMUs sensor data and skeletal data representing

human joints had a similar trend in the research area. Initially, traditional machine

learning techniques were utilized. In recent years, substantial advances have been

made facilitated by deep learning research. The introduction of Convolutional Neural

Networks and Recurrent Neural Networks marked a significant shift in both types of

data, providing the ability to recognize spatial and temporal features, respectively

[47] [7]. Nevertheless, these architectures have certain limitations, like the vanishing

gradient problem in RNNs and the inability to sequence context capture in CNNs.

Thus, the hybrid approach for both IMUs sensors and skeletal HAR came on

top and it is attributed to its foundational structure, the Long Short-Term Memory

networks. LSTMs were capable of addressing the issue of the vanishing gradient, a

limitation notably present in preceding recurrent units. The compound solution was

able to withstand the inherent flaw of CNNs, namely their incapability to encode

spatial information, this drawback was mitigated by introducing CNNs’ features in

the temporal domain for LSTM modules [47] [45].

The introduction of transformer models, originally introduced by [38] for natu-

ral language processing, proved to be adaptable in human activity recognition tasks.

With their self-attention mechanisms, transformers overcome the limitations of pre-

vious models, enabling effective recognition of long-term dependencies and intricate

spatial-temporal relationships in human activity data. The Transformer model uses

positional encoding to maintain a sense of order in the input data and consists of

multiple identical layers. Each of these employs a self-attention mechanism to weigh
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the relative importance of input tokens in a global context, and a feed-forward neural

network to process this information further and store learned "knowledge" like lookup

tables.

Moreover, it was found to be highly parallelizable compared to recurrent LSTMs.

Currently, most of the SOTA results both in IMUs sensors and skeletal datasets are

achieved by transformer-based models [20] [50].

Figure 2-3: Regular Transformer architecture for classification [38]
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Chapter 3

Related Works

3.1 Skeleton-based Action Recognition

Initially, Recurrent Neural Networks [5] were the dominant tool in the sphere of

skeleton-based human action recognition, due to their innate ability to deal with

sequential data. In parallel, the usage of Convolutional Neural Networks was explored

as an alternative approach [18].

As it was mentioned, each of the solutions has its own drawbacks, which can be

partially solved by the introduction of the hybrid solution: use CNNs as a feature

extractor from the particular frame and then feed new representations to the LSTM

[45]. Concurrently, the hybrid approach leverages the local feature extraction prowess

of CNNs. Due to being a recurrent-based model, LSTMs work in the temporal domain

and thus can extract useful information from a sequence of frame representations for

the classification. For this reason, the hybrid solution reacher higher results than

pure CNN and RNN networks [45].

Despite their popularity, these strategies overlooked the spatial interconnections

among skeletal joints, which led to the progress of Graph Convolutional Networks

(GCNs). By efficiently mapping these spatial configurations onto graphs, GCNs got

comprehensive results [46]. At first, limitations in the form of GCN’s reliance on a

predetermined topology led to the introduction of a learnable topology used for action

recognition. This made subsequent models that used this strategy more robust and
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eventually boosted the performance [48].

As in different tasks, Transformer-based solutions were also employed in skeleton-

based action recognition. However, the challenge in integrating these solutions is

the need to navigate the additional temporal dimension. One strategy is to develop

a dual-stream model, employing spatial and temporal Self-Attention for the task of

modeling correlations both within and between frames [24]. Despite these attempts,

the Transformer-based solutions were still not among SOTA methodologies. One of

the reasons could be the strict adherence of these approaches to the traditional design

of vanilla Transformers ignoring special characteristics of skeleton data. To mitigate

it, in [50], authors proposed a self-attention mechanism on a hypergraph. This was

integrated into the model named Hyperformer and helped it with incorporating in-

trinsic higher-order relations. They achieved state-of-the-art results while possessing

the best efficiency among recent SOTA works.

3.2 Body-Worn Sensors Action Recognition

A significant number of research proposals on body-worn sensors’ HAR tasks have

been implemented and tested using classical machine learning algorithms and more

recently advanced deep learning models. For example, the performance of classical

machine learning algorithms has been analyzed on a benchmark PAMAP2 dataset in

[25]. A. Reiss [25] implemented the decision tree, kNN, and Boosted classifiers, of

which kNN performed best on the PAMAP2 dataset. Boosted classifiers performed

very close to kNN.

The problem with classical machine learning algorithms is that they rely on fea-

tures, which are handcrafted like variance, mean, and standard deviation. Thus, they

should be selected from a pool limited by human knowledge and suitability for the

task. The main advantage of deep learning approaches over classical machine learning

is automatic feature selection, which has also been tried on HAR. Various architec-

tures such as CNN, and LSTM have been used, and they show better results than

classical machine learning algorithms [19]. As in skeleton-based action recognition,
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hybrid solutions such as DeepSense [47] were utilized and showed better performance

than CNNs and RNNs separately.

In [19], the authors introduced the multimodal model AttnSense, which has a sim-

ilar structure to the DeepSense in [47] but with the addition of an attention mecha-

nism. The AttnSense model combines distinct convolutional layers on the dimension

of the sensors, the attention mechanism, and Gated Recurrent Units (GRU). This

model made it possible to capture the spatiotemporal dependencies of the signals,

and the attention mechanisms contributed to improving the performance score of the

DeepSense [19].

However, AttnSense still relies on a recurrent mechanism, where input should

be processed sequentially. Therefore, AttnSense inherits the problem of a lack of

parallelization. To address this problem, Mahmud et al. [20] proposed the non-

recurrent self-attention-based model. They utilized the self-attention mechanism in

their work, and it was able to capture spatiotemporal dependencies of sensor data as

before, but without any recurrent mechanism in their model.

As networks become more computationally intensive, memory usage has become

the interest of HAR research. Tang et al. [35] proposed a memory-efficient approach

to HAR tasks, which addresses the problem of memory usage. They presented the

CNN model with redesigned Lego filters. The model managed to preserve the com-

parable performance with considerably fewer parameters. Their work was the first

that proposed a lightweight CNN for sensors-based human activity recognition.

3.3 Transformer-based architectures

Following the ideas above, non-recurrence is a desired property of the model because

it allows parallelization. Furthermore, the attention mechanism boosts the networks

by giving them the ability to learn the importance of each input dimension.

Another point is that transformer and RNN perform better in HAR tasks than

conventional approaches, so research in the NLP domain may lead to better solu-

tions that do not use standard architectural structures. One particularly timely net-
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work was Evolved Transformer (EV) [31]. To find it, the authors of [31] used an

evolution-based neural architecture search, and the network discovered demonstrated

a noticeable improvement in NLP tasks.

The main interest point for HAR from the EV model was its structure, where the

first local information is extracted and added to the data and then fed to the global

layers. During the inference, model parts responsible for local representation expand

the information and do not just extracts it because it preserve the dimensionality of

the data. This can be advantageous for global parts and therefore for the classification.

Since it is possible, authors discard feed-forward (FF) layers from EV saving memory

by decreasing the total number of parameters.

One of the drawbacks of transformer-based solutions is quadratic complexity. To

solve this, linear attention in [13] was introduced. By utilizing approximation to self-

attention, authors were able to get linear time and space complexity with respect

to the length of the sequence, while full softmax self-attention gives quadratic which

affects the whole transformer. If linear attention is utilized properly in HAR tasks,

it can help with the rational use of the resources available in mobile and embedded

systems, where it is critical due to the limitation of their capacities.
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Chapter 4

Methodology

4.1 Problem Definition

4.1.1 Problem Definition for Body-Worn Sensors’ Data

To provide context for the proposed architecture, it is essential to outline the problem

at hand. Most IMU-based HAR datasets exhibit a consistent structure, characterized

by C columns representing different sensor outputs. For instance, three columns may

represent 3D acceleration data captured by an inertial measurement unit. Moreover,

the IMU often includes additional sensors such as a magnetometer and an accelerom-

eter. In IMU HAR datasets, these sensor outputs are organized into R rows, with

each row representing an instance of sensor readings over time. Consequently, matrix

T is obtained with dimensions R x C, encapsulating the time-series data from the

sensors.

Then, T =
[︁
𝑇1, ..., 𝑇𝑐, ..., 𝑇𝐶

]︁
, where 𝑇𝑐 =

[︁
𝑇𝑐1 , ..., 𝑇𝑐𝑟 , ..., 𝑇𝑐𝑅

]︁𝑇
.

In this scenario, the atomic value of the sensor output at position (column) c

and time instance (row) r is denoted as 𝑇𝑐𝑟 . The objective of the human activity

recognition (HAR) task is to classify a label based on the given matrix T. The label

can represent either a specific action or a sequence of actions.
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4.1.2 Problem Definition for Human Skeleton Data

Human skeleton-based activity recognition datasets for the most part have a common

structure among themselves as well. At some time point r, the structure can be

characterized by J joints and each joint has D dimensions. However, it is possible

to change the representation to one-dimensionality, where there would be C = J *D

columns. Now, the first D columns would represent the first joint. Also, frames from

one video in skeleton datasets are organized into R rows, with each row representing

an instance of extracted joints information over time. Consequently, matrix T can

be constructed with dimensions R x C, which is the same as in IMU-based HAR

datasets. By representing them similarly, the objective for both data types can be

unified, where the task is to assign an activity label to the given matrix T.

4.2 Proposed Approach

The objective of this study is to develop an efficient non-recurrent model for both

skeleton-based and IMU-based human activity recognition (HAR) that achieves ef-

fective parallelization, considers the importance of each sensor output, and ensures

high performance. Additionally, it is aim to address the complexities associated with

memory usage and inference time.

While Transformer networks have shown superior performance in classification

tasks, they suffer from high time and space complexity. The Evolved Transformer

(EV) model, discovered through evolutionary search, addresses some of these issues by

reducing parameters and avoiding feed-forward constructions. However, EV models

were primarily designed for conversational NLP or translation tasks and still rely

on softmax self-attention, which leads to high space and time complexity during

inference.

To create a more efficient and suitable network for (unified) HAR, inspiration

from EV models is drawn and significant modifications are introduced. The approach

incorporates the concepts of local-global aggregation and addresses the problem of

quadratic space and time complexity by utilizing linearized attention.
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The novel HAR model begins by prepending learnable tokens and employs a gated

convolutional network with a branching structure of wide convolutional layers. It

also incorporates a linear attention network, which has linear complexity, to extract

features for the classification layer. The classification layer consists of two fully-

connected (FC) layers that utilize the processed learnable class tokens, sized to one

timestep.

However, like most transformer-based models, the approach requires a substantial

amount of training data. Since many HAR datasets are limited in size, it is possible

to employ manifold mixup regularization and other training techniques to enhance

the network’s accuracy and generalizability in data-deficient settings.

The overall structure of the network is illustrated in Fig. 4-1, with each component

labeled accordingly. In the model, the input data is first segmented using a sliding

window and then normalized. The normalization technique varies for each dataset.

Next, each timestep of the normalized input data is mapped to a constant dimen-

sionality 𝑅𝐸 through a trainable projection or embedding. Learnable class token is

appended to the start of the input data, allowing it to extract relevant information

from all timesteps and channels through the self-attention block. The linearized ver-

sion of softmax self-attention achieves effective results and learns to abstract and

attend to the information, making the prepended learnable vector a valuable feature

for classification.

To incorporate positional information and enhance the model’s performance on

time-dependent tasks, axial positional embedding is utilized, which is learnable and

added through augmentation. This approach factorizes the encoding matrix into two

matrices, reducing the number of parameters and optimizing memory usage.

Throughout the model, normalization layers are applied before each block to en-

sure distribution stability. The main block consists of either the gated convolutional

network or the attention network, both preceded by the normalization layer. In ex-

periments, the gated convolutional network demonstrates better generalization per-

formance compared to softmax self-attention and linear attention. Additionally, skip

connections are used to facilitate gradient flow, partially addressing the vanishing
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gradient problem and promoting faster convergence.

Next, the data is passed through two separate branches of convolutions, as shown

in (6) in Fig.4-1, inspired by similar structures found in the Evolved Transformer.

Various activation functions, such as ReLU and GELU, were evaluated, but the Mish

activation function demonstrated the best performance in transformers, as depicted in

(7) in Fig.4-1. Following the branching structure of EV models, a depthwise separable

convolution is applied to extract spatiotemporal local features, as indicated by (8) in

Fig. 4-1.

After this module, a skip connection is performed, and the data is then passed

through an additional block, denoted as (9) in Fig. 4-1, which significantly enhances

the results by providing a more complex representation of temporal data. This block

can be implemented using attention networks or GCNs to generate the final output

data. In this study, the linear attention network outperformed GCN and softmax

self-attention in the additional block. The linear attention network offers linear com-

plexity with respect to the input length, while the complexity of softmax self-attention

is quadratic.

Moreover, both softmax self-attention and linear attention networks have the same

number of parameters, with GCN utilizing slightly fewer. However, during inference

or training, the softmax self-attention network incurs a higher memory footprint and

computational usage compared to the linear attention network.

The assumption is that the gated convolutional network, serving as the main

block, and the branched convolutions at the beginning of the model help capture local

features and introduce new locally found information to the data. Subsequently, the

linear attention network, as an additional block, extracts global features from the

locally transformed data. Self-attention considers all data simultaneously, which may

explain the superior performance of GCN in the main block and the utilization of

attention in the additional block.

Finally, a learnable token is extracted and processed, as depicted in (10) in Fig.4-

1, at the beginning of the processed input matrix. This token is then fed into the

classification layer, shown as (11) in Fig.4-1. The classification layer includes the
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Figure 4-1: The graphical representation of the proposed model’s structure. Data
preprocessing and each layer are shown and numbered following the model description
given in the methodology
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Mish activation function and, considering concerns for memory usage, the learnable

token is of size one timestep or embedding dimension. The two fully connected layers

of the classification layer scale accordingly to the token’s size, resulting in minimal

additional parameter overhead.

Throughout the study, several models were tested, with a focus on three main vari-

ants: GLU-HAR, GLUSA-HAR, and GLULA-HAR. The "GLU" component repre-

sents the gated linear unit (or GCN), "SA" refers to self-attention, and "LA" denotes

linear attention. The GLU-HAR model incorporates GCN as the additional block,

while GLUSA-HAR utilizes softmax self-attention, and GLULA-HAR employs the

linear attention network. In some tables, the HAR appendage is omitted for brevity.

In summary, the proposed architecture enhances the efficiency and performance

of HAR models by taking into account the unique characteristics of sensor data.

Through the utilization of linearized attention, axial positional embedding, and man-

ifold mixup regularization, this work address challenges related to space complex-

ity, time complexity, positional information, and limited training data, thereby con-

tributing to the advancement of HAR techniques. As discussed later, GLULA-HAR

achieved the highest performance among the three variants, outperforming other mod-

els and demonstrating comparable or superior results compared to state-of-the-art

approaches. Further details on these models and their outcomes can be found in 5

and 5.5.

4.3 Gated Convolutional Network

In line with the aforementioned information, it is worth noting that RNN suffers from

a lack of parallelization in input processing, resulting in slower training and inference

times. On the other hand, CNN networks can perform computations simultaneously,

making them faster than RNN-based solutions. To create more efficient language

models, Dauphin et al. (2017) introduced a gated convolutional network (GCN) that

utilizes parallelizable causal convolutions.

Let’s begin by clarifying what causal convolutions entail. Causal convolutions
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are similar to regular convolutions, but the input is left-padded with zeros by k− 1,

where k represents the kernel size of the causal convolution block. This approach

ensures that the GCN only considers previous and current timesteps, avoiding any

influence from future inputs.

The input X would be fed into two different causal convolutional blocks with filters

W and V respectively, where W,V ∈ R𝑘×C×C and C is the dimension size of sensors’

signal. Then, two separate outputs will be put into the gated block, which uses a

mechanism of gating linear unit [4]. This mechanism puts one of the outputs through

the activation function and then gates the other by element-wise multiplication. See

formula 4.1, where b and c are learnable bias parameters; 𝜑 is an activation function

and 𝑓𝑔𝑐𝑛 is a function interpretation of a simple GCN.

𝑓𝑔𝑐𝑛(X) = (X *W + b)⊗ 𝜑(X *V + c) (4.1)

In concept, the gating mechanism can perform the selection of valuable features

by V that control what information from other output (which was convolved by W)

will be passed to the subsequent layers. By this, GCN learns to move only relevant

information and gain non-linearity. Furthermore, as reported by the original paper [4],

the residual skip was added to the GCN for reducing the vanishing gradient problem,

and GCN was with bottleneck structure within a layer for reduction of computational

cost. For the activation function, 𝜑, the Mish function was used as it showed optimal

results in a variety of tasks [21].

4.4 Self-Attention

The self-attention mechanism can be viewed as a means of computing the significance

or importance of each timestep in a sequence. In this scenario, the self-attention func-

tion establishes relationships between each timestep and all other timesteps within the

input. By assessing the similarities and correlations between timesteps, self-attention

calculates new values for each timestep. These values reconstruct the timesteps and
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incorporate information from other timesteps based on their relevance.

As detailed by Vaswani et al. (2017), the query, key, and value (Q, K, V ) can

be formed by linearly transforming the source sequence using three distinct learned

weight matrices 𝑊 𝑞, 𝑊 𝑘, and 𝑊 𝑣. The query can be envisioned as the information

being sought, while the key represents the data that is pertinent to this information.

The value, on the other hand, is a learned representation of the content within the

input.

In this case, architecture represent the query and the key as separate trans-

formed timesteps, which are subsequently compared. This comparison is accom-

plished through a scaled dot-product, following the approach outlined in [38]. The

output of this comparison represents the similarities between the query and key, or

in other words, the attention scores among different timesteps. Next, the output is

normalized using softmax and multiplied by the value vector, resulting in values that

encode the relative importance of each timestep and incorporate relevant information

from other timesteps.

𝑓
(ℎ𝑖)
𝑎𝑡 (Q,K,V) = V’ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(

Q, 𝐾𝑇

√
𝑑𝑘

)V (4.2)

where
Q, 𝐾𝑇

√
𝑑𝑘

(4.3)

is the compatibility function in the form of a scaled dot-product, 𝑑𝑘 is the dimension

of the key used for scaling the function to improve numerical stability, ℎ𝑖 represents

head i. After computing attention on Q, K, V, an output matrix is constructed, which

can then further be utilized as an attention head. We can compute more heads and

by this, we can make use of multi-head attention. Distinct heads can capture different

unique features by having individual parameters. Then, to get the final result, the

output from different heads is concatenated, and by applying learned linear projection

Wout, the concatenated outputs are transformed into the original dimension.

𝑓output = Wout × 𝑐𝑜𝑛𝑐𝑎𝑡(𝑓
(ℎ1)
𝑎𝑡 , ..., 𝑓

(ℎ𝑖)
𝑎𝑡 , ..., 𝑓

(ℎ𝐼)
𝑎𝑡 ) (4.4)
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4.5 Linear Attention

In the softmax self-attention mechanism, once the query, key, and value (Q, K, V )

are obtained through linear transformations, all three are input into Equation 4.2.

In this research work, the dimensions of Q, K, V are 𝑅𝑁×𝐷, where 𝑁 represents the

sequence length of the input, and 𝐷 denotes its dimensionality. Examining Equation

4.2, we can observe that softmax attention scales quadratically with respect to 𝑁 ,

resulting in a computational complexity of 𝑂(𝑁2𝐷) [13]. This quadratic scaling is

also applicable to memory consumption since the full attention matrix 𝑁 ×𝑁 needs

to be stored for gradient computation.

To alleviate the time and space complexity, it is essential to consider softmax self-

attention as a more generalized form of self-attention, where the similarity function

is an exponentiated dot product between the query and key (Q, K ). By introducing

a unique value vector V’, the generalized self-attention can be expressed as follows:

𝑉
′

𝑖 =

∑︀𝑁
𝑗=1 𝑠𝑖𝑚(𝑄𝑖, 𝐾𝑗)𝑉𝑗∑︀𝑁
𝑗=1 𝑠𝑖𝑚(𝑄𝑖, 𝐾𝑗)

(4.5)

where, in the softmax self-attention case, the similarity function 𝑠𝑖𝑚(𝑄,𝐾) = 𝑒𝑥𝑝(𝑄
𝑇𝐾√
𝑑𝑘

)

as it was stated above. To note, in the self-attention different similarity function can

be used such as polynomial attention [37].

For the equation 4.5 to be an attention function, a constraint must be followed

for a 𝑠𝑖𝑚(·) function: to be a non-negative function [13]. This actually includes all

kernels of type 𝑘𝑒𝑟(𝑞, 𝑘) : 𝑅2×𝐷 → 𝑅+. Then given such a kernel 𝑘𝑒𝑟(𝑞, 𝑘) with a

feature mapping 𝜑, we can define 𝑠𝑖𝑚(·) the function as the corresponding kernel

𝑘𝑒𝑟(𝑞, 𝑘) = 𝜑(𝑞)𝑇𝜑(𝑘). Then the whole rewritten equation 4.5 goes as follows,

𝑉
′

𝑖 =

∑︀𝑁
𝑗=1 𝜑(𝑄𝑖)

𝑇𝜑(𝐾𝑗)𝑉𝑗∑︀𝑁
𝑗=1 𝜑(𝑄𝑖)𝑇𝜑(𝐾𝑗)

(4.6)

then, using the associative property of the matrix product, the equation goes further:

𝑉
′

𝑖 =
𝜑(𝑄𝑖)

𝑇
∑︀𝑁

𝑗=1 𝜑(𝐾𝑗)𝑉
𝑇
𝑗

𝜑(𝑄𝑖)𝑇
∑︀𝑁

𝑗=1 𝜑(𝐾𝑗)
. (4.7)
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Equation 4.7 is called linear attention. It has linear complexity in time and mem-

ory with respect to the sequence length 𝑁 , due to
∑︀𝑁

𝑗=1 𝜑(𝐾𝑗)𝑉
𝑇
𝑗 and

∑︀𝑁
𝑗=1 𝜑(𝐾𝑗)

can be computed once for each query [13].

For linear attention, feature maps of a certain dimensionality 𝐾 are first com-

puted, which in turn give us the complexity 𝑂(𝑁𝐾𝐷) for linear attention in terms

of mathematical operations. However, Katharopoulos used an exponential linear unit

as the feature map [13]. The full equation looks like this: 𝜑(𝑥) = 𝑒𝑙𝑢(𝑥) + 1. In

linear attention, this feature map resulted in a complexity of 𝑂(𝑁𝐷2) in terms of

mathematical operations. It is very efficient if 𝑁 is considerably greater than 𝐷. As

the authors have shown in their work, linear attention achieved results comparable

to regular softmax self-attention while being faster on the task where the length of

the sequence is higher than the dimensionality of the data [13].

4.6 Training Techniques

The development of Manifold Mixup regularization was driven by the need to address

the issue of overconfident predictions made by neural networks trained on hard labels

[39]. Overconfidence can be problematic as it may result in incorrect classifications

when evaluated on slightly different samples, which can include outliers, noise, or

distribution shifts.

To mitigate these effects, manifold mixup regularizers aim to encourage deep learn-

ing models to produce less confident predictions during training by leveraging the

interpolation of hidden features as an additional training signal.
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Algorithm 1 Manifold Mixup regularizer [39]
Input: Deep neural network 𝑓 with set of layers 𝑆 and parameters 𝜃, constant 𝛼,

input minibatches.

1: Random layer 𝑘 from 𝑆 is selected.

2: Minibatches (𝑥, 𝑦) and (𝑥′, 𝑦′) is fed through the layers of the network 𝑓 until

layer 𝑘. The resulting hidden representations are (𝑔𝑘(𝑥), 𝑦) and (𝑔𝑘(𝑥
′), 𝑦′). Mini-

batches could be two distinct or the same reshuffled batch.

3: Input Mixup 𝑀𝑖𝑥𝜆 is performed on intermediate hidden representations ((𝑔𝑘(𝑥),

(𝑔𝑘(𝑥
′)) and one-hot labels (𝑦, 𝑦′). The result is the mixed minibatch: 𝑔𝑘, 𝑦 :=

𝑀𝑖𝑥𝜆(𝑔𝑘(𝑥), 𝑔𝑘(𝑥
′)),𝑀𝑖𝑥𝜆(𝑦, 𝑦

′), where 𝑀𝑖𝑥𝜆(𝑞, 𝑢) = 𝜆 · 𝑞 + (1 − 𝜆) · 𝑢 and 𝜆 ∼

𝐵𝑒𝑡𝑎(𝛼, 𝛼).

4: The forward pass is continued in the model from where the networj was stopped

at the layer 𝑘 until the output using newly acquired mixed minibatch.

5: The output and mixed labels 𝑦 are fed into the loss function, and the calculated

value is used to update all of the parameters 𝜃 in 𝑓 . During updating, backprop-

agation goes through the whole computational graph.

Output: Neural network 𝑓 with updated 𝜃. =0

In order to represent this regularization technique, we first define a deep neural

network as 𝑓(𝑥) = 𝑓𝑘(𝑔𝑘(𝑥)), where 𝑔𝑘 represents a component of the network that

maps the input 𝑥 to the hidden representation at a specific layer 𝑘. The function 𝑓𝑘

encompasses the remaining parts of the model that lead to the output 𝑓(𝑥) based

on the extracted features 𝑔𝑘(𝑥). To incorporate Manifold Mixup as a regularization

approach for training such a network, five steps need to followed.

By employing Manifold Mixup during training, the resulting network exhibits

smoother decision boundaries across various levels of representation, as noted in

Verma et al.’s work [39]. Moreover, the network learns flattened class representa-

tions with reduced variance directions. These effects ultimately enhance the model’s

generalization capabilities, leading to improved performance not only on test data

but also in the face of adversarial attacks [39].
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In this work, Manifold Mixup also considered as a valuable data augmentation

technique, particularly in scenarios where datasets are limited, such as in the case of

HAR datasets. The rationale behind utilizing Manifold Mixup is that it generates new

mixed samples at each step, which differ not only due to changes in mini-batches but

also as a result of shuffling and mixing at various layers. Hence, this regularization

method was applied and evaluated in the work.

Another challenge associated with limited datasets is the issue of overfitting and

divergence. Overfitting arises from training on a small sample space, but it was

partially addressed by incorporating Manifold Mixup. However, to further mitigate

divergence between re-initialized networks, scheduling techniques can be employed.

These techniques promote more stable training and weight updates. In this study,

the one-cycle policy proposed by Smith et al. was utilized [30]. This policy involves

gradually increasing the learning rate to a maximum value and then annealing it

close to zero. The result is that it helps the model navigate steep points of the loss

landscape and settle into flatter minima, enhancing stability during training.

4.6.1 Additional Pre-Training for Skeleton-based HAR

Given the availability of additional skeleton datasets and the nature of this data,

it is relatively easy to transform representations from one dataset to another. The

primary difference lies in the number of joints, but the datasets retain identical spatial

coordinates. This conversion is significantly more challenging with body-worn sensor

data due to the high variability in sensor specifics, wearing locations, and sensitivity.

Therefore, it is feasible to pre-train only skeleton-based activity recognition models

on a larger dataset. Several approaches can be employed to do so with the proposed

network, but the decision was made to test learning hidden representations from a

teacher model.

Although contrastive learning is a possibility, it demands substantial computa-

tional resources and may lead to inconsistent results due to its high sensitivity. This

approach could constitute a separate research project in itself [40]. Distillation learn-

ing [8], based on direct classification probabilities from the teacher model, is also plau-
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sible. However, there may be instances where the output from the teacher model’s

classification head breaks with unseen data, making distillation more difficult. Con-

sequently, distillation on hidden representations was selected as the target.

As previously mentioned, this study employs 2D joint data for training the model.

This decision is based on the opportunity to establish a direct connection with pow-

erful pose estimation models, which yield results in 2D coordinates. Nevertheless, it

is entirely plausible to use a teacher model that employs 3D input, potentially en-

abling the transfer of knowledge about the skeleton in a higher dimension. The mean

absolute error was utilized as a loss function for the distillation.

For the teacher model, the Hyperformer network was employed, as its feature col-

lection closely aligns with the outputs of the proposed architecture before classification

[50]. This teacher model is further described in 3.1, where it achieved state-of-the-art

results in 3D skeleton-based action classification.

Figure 4-2: Distillation learning on hidden representations
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Chapter 5

Experiments and Results

5.1 Setup and Evaluation

The proposed solution was implemented using the PyTorch library and trained and

tested on a cloud-based GPU. The network was randomly initialized, and a batch

size of 64 was utilized. To ensure robustness, each experiment for body-worn sensors’

data was repeated five times with different seeds, and the averaged values from these

experiments were used in the tables for analysis.

For human skeleton data, experiments were conducted only once. This decision

was made since seed randomness did not significantly influence the results of the ex-

periment due to the size of the skeleton dataset and the resulting stability. Moreover,

as the training sessions were lengthy, it would have been computationally costly to

perform five iterations of the experiment.

For evaluating and comparing the models’ performance on IMUs data, the weighted

F1-score as the measurement metric was employed. The weighted F1-score takes into

account the label imbalance of HAR datasets and is independent of the class distri-

bution [35]. The difference with the macro F1-score is that weighted F1-score assigns

a weight to each class, which corresponds to the class’s sample proportion in the total

dataset:

𝐹𝑤 =
𝐶∑︁
𝑐=1

𝑁𝑐

𝑁𝑡𝑜𝑡𝑎𝑙

2 * 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐 *𝑅𝑒𝑐𝑎𝑙𝑙𝑐
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐 +𝑅𝑒𝑐𝑎𝑙𝑙𝑐

(5.1)
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To evaluate skeleton-based activity recognition, the accuracy (acc) score was em-

ployed, as has been done in various studies [50]. This approach was appropriate given

that the dataset used was perfectly balanced.

Accuracy =
𝑁𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑁𝑇𝑜𝑡𝑎𝑙

(5.2)

5.2 Datasets

To evaluate the proposed model on body-worn sensors’ data, its variations, and dif-

ferent training techniques, experiments utilized five IMUs’ HAR datasets. They are

first in the list. For evaluation of activity classification on skeleton-based data, The

NTU-RGB+D dataset was used.

The first dataset used for benchmarking is PAMAP2 [25]. PAMAP2 consists of

sensor data from three IMUs placed on the chest, the dominant leg’s ankle, and

the wrist of the dominant arm. Each IMU includes an accelerometer, gyroscope,

magnetometer, and temperature sensor. Heart rate measurements were also recorded

separately. The sensors had a sampling frequency of 100 Hz, except for the heart

rate which was sampled at 9 Hz. PAMAP2 was collected from nine participants and

contains twelve different activities, with an additional six activities that were not

used. Following the principle of leaving-one-subject-out (LOSO) as done in previous

works [36], the data from participant number 106 is benchmark test set, while the

rest of the dataset was used for training.

The second dataset is SKODA [32], which focuses on describing activities of work-

ers in a car manufacturing environment. The dataset includes several accelerometers

worn by a worker, with a sampling frequency of 98 Hz. Data was recorded from a

single subject for all cases. The dataset comprises ten different activities performed

during the manufacturing process, along with a null division representing no activity.

In total, there are eleven classes. For training, 90% of each class was used, while the

remaining 10% was reserved for testing.

The third dataset is OPPORTUNITY [26], which contains data from body-worn
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and ambient sensors, with each timestep annotated with a specific activity. Activities

are annotated at three levels: high-level, mid-level, or gestures, and low-level or

modes of locomotion. For the experiment, focus was only on the mid-level activities,

while other activities were labeled as null. This resulted in a total of 18 different

activities, with a significant class imbalance where around 75% of the dataset consists

of the null class. The dataset includes one drill session and five daily activity (ADL)

sessions performed by the subjects. The sensors were sampled at a frequency of 30

Hz. Following previous research, ADL4 and ADL5 from subjects 2 and 3 are for

testing, while the rest of the dataset was used for training and validation.

The fourth dataset is USC-HAD [49], which provides sensor data from body-worn

gyroscopes and accelerometers. Each sensor provides 3-axis readings, resulting in a

total of six dimensions for each instance of data. The sampling rate is set at 100 Hz.

The dataset consists of an equal number of male and female participants, with each

subject performing 12 different activities. USC-HAD is a challenging dataset due to

the diversity of activities, sensor placement, and low dimensionality, which limits the

available activity information. However, the dataset size is larger compared to the

other three datasets, and it is also balanced unlike OPPORTUNITY, which is heavily

skewed towards the null class. Following the LOSO principle, two subjects (13 and

14) were separated for testing.

The last dataset for analyzing body-worn sensors’ data is DAPHNET [1], which

was collected to evaluate the ability of different machine learning methods to learn

and recognize gait freeze events. This dataset has the potential for developing an

assistant for Parkinson’s disease patients. The data includes readings from three

wearable acceleration sensors placed on the hips and legs, resulting in a total of nine

channels per sample. Each sample is annotated as either a freeze or not. DAPHNET

shares similar challenges with USC-HAD in terms of sensor placement and low di-

mensionality, which limits the available information for activity prediction. However,

the dataset is imbalanced towards the no-freeze class and has only two classes to rec-

ognize. The sensors were sampled at a frequency of 64 Hz. Following previous works,

subject 2 is a the benchmark test set [36].
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The only dataset that was used to analyze skeleton-based data is NTU RGB+D

dataset [29]. Despite using only one skeleton dataset, it first of all has different config-

urations, variability, and balance in terms of samples per action and it is substantial

in terms of size. Thus, this dataset alone can give comprehensive insights into how

a unified model would perform on skeleton data. NTU RGB+D dataset was gath-

ered using three Kinect V2 cameras with different imaging viewpoints in a controlled

environment. The dataset consists of 56880 videos of 60 different human activities

performed by 40 subjects, with each video having 30 frames per second. The au-

thors were able to extract skeleton data in a joint position format using the data

from Kinects. Therefore, the dataset provides 3D skeletons, their 2D projections,

and labels. Each skeleton is composed of 25 joints in 2D or 3D format. Following the

principle of LOSO, cross-subject evaluation was performed, where 40 subjects were

split into equal training and testing groups.

Figure 5-1: Joint Placement in the NTU dataset

A summary of each dataset, including key information and an outline, can be

found in Table 5.1.

5.3 Data Preproccesing

All the presented datasets contain NaN values, which occurred during the recording

process. These NaN values indicate instances where sensors were not functioning

properly due to various reasons such as loss of connection, internal errors, or inability

to maintain the sampling frequency.
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Table 5.1: Information about presented datasets’ structure
Dataset Number of

Activities
Number of
Subject(s)

Testing
Subject(s)

PAMAP2 12 9 106
SKODA 11 1 10% of

each class
OPPORT. 18 4 2,3(Run 4,5)
USC-HAD 12 14 13, 14
DAPHNET 2 10 2

NTU RGB+D 60 40 half of all

NaN values can have a significant impact on the computations of the model and

can potentially corrupt the results. Therefore, as a preprocessing step, the data

were linearly interpolated to replace the NaN values with estimated values based on

neighboring samples.

Furthermore, it was observed empirically that normalized data tends to exhibit

more stable behavior during training and can accelerate the convergence of the model.

To achieve this, all the datasets except NTU RGB+D (due to being centered already)

were subjected to Z-score normalization, which standardizes the data distribution.

Next, the data were segmented using a sliding window technique with a 50%

overlap. The window size for PAMAP2, DAPHNET, and OPPORTUNITY was set

to the standard value of 5 seconds in real-time, as used in previous works [36]. For

the SKODA dataset, the window size was set to 2.5 seconds. In the case of USC-

HAD, the window size was set to 1 second, which is the standard time span utilized

in related studies [20], [10]. NTU RGB+D has a window size of 64 frames. Because

the dataset was already divided, only the central window part of the video sample is

taken without sliding.

After segmentation, each resulting sequence was fed into the network for classifi-

cation, where the model performed predictions on each segment.
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5.4 Hyperparameters and Training

Firstly, various attention networks were tested as the main block in the model, but

they did not yield any improvement in performance. Moreover, they consumed more

memory and time compared to Graph Convolutional Networks (GCNs).

To evaluate the performance of different network configurations in the additional

block layer, three types of models were constructed as described in 4. The first model,

called GLU-HAR, utilized GCNs as both the main block and the additional layer.

The second model, GLUSA-HAR, used a GCN as the main block and a self-attention

block as the additional layer. The GLULA-HAR model shared the same structure as

GLUSA-HAR but employed a linear attention network as the additional layer.

Two other models, namely GLUDynamic-HAR and GLUlightweight-HAR, were

not included in the resulting tables and were not evaluated with other parameters.

These models followed a similar structure to GLUSA-HAR, but differed in the addi-

tional layer, utilizing dynamic layers and lightweight convolutional networks, respec-

tively [43]. However, the results obtained from these models were significantly inferior

to the scores achieved by GLUSA-HAR, and thus they were not further tested.

In the model, the input data is embedded into a new dimensionality from the

original number of channels. After resizing, it is important to ensure that the atten-

tion layer utilizes different heads to capture distinct features. To achieve this, the

embedding dimension 𝐸 was set to be a power of two. Specifically, we can compute

it: 𝐸 = 2⌈log2(𝐶)⌉, where 𝐶 represents the number of channels. The count of model

parameters differs proportionally to 𝐸 for each dataset.

In the case of USC-HAD, where the channel set is limited, the model size is smaller.

To enhance its learning capabilities, the embedding dimension was doubled. Despite

this modification, the number of parameters for USC-HAD remained comparatively

low. Moreover, in the case of NTU RGB+D, doubling was also needed in order to get

close dimensionality with the Hyperformer model [50]. The requirement exists to be

able to evaluate distillation learning, where Hyperformer would have a teacher role.

More details can be found in 5.5.2.
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A comparison between the Adam and AdaBelief optimizers was conducted in 5.5.1.

Both optimizers performed well, but AdaBelief showed better performance. AdaBelief

is a combination of Adam and stochastic gradient descent (SGD), providing flexibility

to adapt to different problem scenarios. Additionally, AdaBelief takes into account

the gradient and the curvature of the loss function. Based on the test results and

the aforementioned reasons, all experiments utilized the AdaBelief optimizer during

training.

As mentioned earlier, HAR datasets can be imbalanced, as in the case of OP-

PORTUNITY, and have a limited sample size, which is crucial for self-attention-

based models. However, the opposite holds for USC-HAD, where there is an equal

number of examples per class and a large number of samples. Therefore, Manifold

Mixup and input balancing techniques were employed for PAMAP2, SKODA, DAPH-

NET, and OPPORTUNITY. While manifold mixup can bring benefits to the NTU

RGB+D dataset, it was also discarded as in USC-HAD. There are two reasons: the

dataset is perfectly balanced; a lot of changes to the algorithm should be done for

it to work properly with distillation pre-training performed on the NTU RGB+D

extended dataset.

In GLUSA-HAR and GLULA-HAR, two attention heads were utilized for PAMAP2,

SKODA, OPPORTUNITY; four for NTU RGB+D. However, for USC-HAD and

DAPHNET, which have a small number of channels and consequently a small em-

bedding size, only one attention head was used. Nevertheless, using two attention

heads for these datasets would not noticeably degrade performance. Increasing the

embedding size to make the model wider in all dataset cases, as mentioned before,

did not lead to any significant changes.

5.5 Results on Evaluation of proposed methods

Initially, training techniques were assessed on the proposed models, GLULA and

GLUSA. Subsequently, three variations of the model were trained using the suggested

training methods and compared across HAR datasets. Additionally, the impact of
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the network structure on inference time was examined.

5.5.1 Evaluation of Training Methods

Before evaluating the proposed model and its variations with the suggested training

techniques, it is important to test the performance of each training method individ-

ually.

For this purpose, the PAMAP2 was selected for representing IMU datasets as it

provides a good balance among the different body-worn sensors’ datasets. PAMAP2

is moderately imbalanced, but not as severely as OPPORTUNITY, and it has a suffi-

cient sample size for training, although smaller than USC-HAD. This makes PAMAP2

a suitable benchmark for comparing the performance of the model under different

training conditions and assessing how well the suggested methods meet the proposed

expectations.

Another benchmark set is the NTU RGB+D skeleton dataset due to its perfect

balance in terms of samples per class distribution and also because this set is of a

different origin. However, there would be also a difference in evaluation: distillation

training is tested only on NTU RGB+D and mixup do not work with it without

significant modification.

Both GLULA and GLUSA models were used for testing the training techniques,

while GLU-HAR was not considered due to its overall poor performance, as shown

in 5.5.2. After the first two combinations, GLUSA was no longer used afterward on

NTU RGB+D due to its notable lag behind GLULA. Another point to mention is

that there is no STD calculation for NTU RGB+D due to only one run.

The distillation was performed using the extension of the NTU RGB+D dataset

called NTU RGB+D 120 [17] and the Hyperformer model in the role of a teacher

[50]. Then, the model was fine-tuned on NTU RGB+D classification.

As depicted in Table 5.2, manifold mixup (MM) significantly improved the perfor-

mance of GLUSA. With GLULA, although the F1-weighted score remained nearly the

same, the macro-score increased from 80.65 to 85.13. This indicates that MM helped

the model better capture class differences, while the weighted score showed minimal
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Table 5.2: F1-weighted scores with STD on PAMAP2, Accuracy score (ACC) on
NTU RGB+D using training methods on GLULA and GLUSA models

Methods Models F1w STD ACC

Adam GLULA-HAR 86.69 3.18 77.8
GLUSA-HAR 87.15 3.91 77.3

Adam + MM GLULA-HAR 86.04 3.48 78.1
GLUSA-HAR 88.54 2.52 77.5

Adam + MM +
Scheduling

GLULA-HAR 88.08 2.89 79.1
GLUSA-HAR 88.12 2.38 -

AdaBelief + MM
+ Scheduling

GLULA-HAR 90.09 1.14 79.8
GLUSA-HAR 89.89 2.16 -

AdaBelief +
Distill. + Sch.

GLULA-HAR - - 82.9

change. It is worth noting that mixups can be seen not only as a regularization tech-

nique but also as an augmentation method. Such an approach can be particularly

beneficial in scenarios with limited data or imbalanced class distributions. Therefore,

it can be effectively employed to address the specific requirements of HAR tasks, as

demonstrated in the results.

Furthermore, as observed in Table 5.2, scheduling techniques contributed to more

stable training and reduced divergence across multiple observations (five in our case).

This is evident from the lower standard deviation (STD) observed across the results

of the experiments. With more stable training, the average score of GLULA improved

to 88%, as it no longer had a lower offset than before.

When evaluating the results of using the AdaBelief optimizer, it is evident that

the accuracy scores for both GLULA and GLUSA models improved significantly. The

training process of the models benefited from AdaBelief’s capability to consider both

the curvature of the loss function and its gradient. Additionally, another advantage of

incorporating the AdaBelief optimizer is its tuning capacity, which allows for further

optimization. In the other datasets, the inclusion of AdaBelief resulted in nearly

identical results for both GLUSA and GLULA models.

Based on the results, the accuracy score on the NTU RGB+D dataset for different

training methods showed an increasing trend on GLULA. GLUSA was discarded at
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the start due to notably lower performance.

Introducing manifold mixup to Adam slightly improves the accuracy, with GLULA-

HAR being at 78.1%. Adding Scheduling to the mix further increases the accuracy

for GLULA-HAR to 79.1%. Both scheduling and manifold mixups made training a

lot more stable and fewer outliers affected the training process. A change of optimizer

to AdaBelief with MM and Scheduling improves the accuracy score significantly for

GLULA-HAR to 79.8%. But the biggest change was made by distillation training, it

boosted the performance up to 82.9 %. My assumption is that GLULA was able to

extract useful information from the 3D model for further classification.

5.5.2 Evaluation of Proposed Models on Body-Worn Sensors’

Datasets

First, it can be observed from Table 5.3 that GLULA and GLUSA models have the

same parameter count for each dataset. This similarity arises due to both linear

attention and self-attention layers having an equal number of learning parameters.

However, they differ in terms of time and space complexities during inference. Linear

attention approximates the computations of softmax self-attention, resulting in linear

complexity with respect to the input length but without reducing the parameter

count. On the other hand, GLU-HAR has a slightly larger parameter count.

Overall, despite the similar structure, the networks’ sizes are nearly identical, but

they exhibit significant differences in their complexities. GLULA-HAR is faster than

GLUSA-HAR, as reflected in the speed comparison shown in Table 5.4. However,

the most crucial factor is performance, as indicated by the 𝐹1 − 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 scores.

As seen in Table 5.3, GLULA-HAR outperforms GLUSA-HAR by a small margin on

the PAMAP2 dataset. Conversely, GLU-HAR performs substantially worse than the

other two models, with a score of 64.05%.

Table 5.3 demonstrates that GLUSA-HAR and GLULA-HAR have almost the

same score on the SKODA dataset. The results exhibit a slight fluctuation of 0.13%,

with GLUSA-HAR having a slight advantage. Once again, GLU-HAR achieves the
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lowest score. In both the PAMAP2 and SKODA datasets, the embedding size is the

same due to the number of channels, resulting in approximately 50K parameters. The

only minor difference arises from the classification and embedding layers.

For the OPPORTUNITY dataset, the segments have the same number of timesteps

as PAMAP2, but the number of sensor dimensions is tripled, and the embedding size

is doubled. Consequently, the models are larger in size. Similar to SKODA, GLUSA-

HAR, and GLULA-HAR show minor differences in performance, with GLULA-HAR

leading by 0.43% with a score of 95.93

The USC-HAD dataset is the most complex, with the lowest number of chan-

nels and a small-scale embedding dimension. Even after doubling the embedding

dimension, the number remains small, around 4.0K. In this case, GLU-HAR once

again performs the worst. GLULA-HAR outperforms the softmax self-attention-

based model by 5.12%, achieving a 𝐹1 − 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 score of 59.38%. Attempts to

improve the model’s performance on USC-HAD by adding more learnable tokens or

increasing the embedding dimension resulted in a size increase but degraded network

performance due to overfitting. Therefore, the number of parameters for USC-HAD

is optimal, and the embedding cannot extract more valuable information even with a

low count.

In the DAPHNET dataset, the embedding dimension is the same as in USC-HAD,

which is 16. This leads to an almost identical number of parameters between the

DAPHNET and USC-HAD cases, around 4.0K. However, what makes the DAPHNET

task easier compared to USC-HAD is that there are only two activity classes: gait

freeze and not. Similar to USC-HAD, GLU-HAR performs the worst, while GLULA-

HAR outperforms the self-attention-based model by a significant margin, with a score

of 94.11% for the linear-attention-based model compared to 92.38% for GLUSA-HAR

on the benchmark test set.

Although softmax self-attention is a powerful mechanism, it may lead to overfitting

in constrained environments. In contrast, linear attention, despite being an approx-

imation, often provides a more general solution. This is evident in the significantly

higher weighted F1 scores achieved by GLULA-HAR in the USC-HAD and DAPH-
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Table 5.3: Results obtained on different Body-Worn Sensors’ datasets using the pro-
posed GLULA and its variations

Dataset Models F1w Num. of Param.

PAMAP2
GLULA-HAR 90.09 50.2 K
GLUSA-HAR 89.89 50.2 K
GLU-HAR 64.05 54.4 K

SKODA
GLULA-HAR 97.63 51.4 K
GLUSA-HAR 97.76 51.4 K
GLU-HAR 88.77 55.6 K

OPPORT.
GLULA-HAR 95.93 196 K
GLUSA-HAR 95.50 196 K
GLU-HAR 87.50 213 K

USC-HAD
GLULA-HAR 59.38 4.0 K
GLUSA-HAR 54.26 4.0 K
GLU-HAR 38.31 4.3 K

DAPHNET
GLULA-HAR 94.11 3.8 K
GLUSA-HAR 92.38 3.8 K
GLU-HAR 80.69 4.1 K

Table 5.4: Speed comparison using the average forward pass time of the model with
its variations on different datasets

Model PAMAP2 SKODA OPPORT. USC-HAD DAPH.

GLU 34.3 17.7 18.6 6.82 20.38
GLULA 35.2 18.1 18.8 6.84 20.43
GLUSA 42.8 19.5 19.4 7.53 22.1

NET datasets, and comparable results to the GLUSA model on other benchmarks.

Therefore, in the context of HAR, linear attention proves to be more effective.

Additionally, in theory, GLULA-HAR should be faster during both forward and

backward propagation compared to GLUSA-HAR. To verify this, the speed exami-

nation of the models is done, as presented in Table 5.4.

We conducted a comparison of the inference times for each network on different

datasets, using a cloud-based system. It’s important to note that the time values

provided may vary across different machines. The measurements are given in mil-

liseconds, with lower values indicating better performance.
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As shown in Table 5.4, GLULA-HAR consistently outperforms GLUSA-HAR in

terms of speed across all datasets. This advantage is more pronounced when the

ratio between input dimensionality and input sequence length is lower. Notably, this

effect is particularly evident in the PAMAP2, DAPHNET, and USC-HAD datasets,

where the ratio is the lowest. Although GLU-HAR was the fastest among the mod-

els, its poor performance and higher number of parameters outweigh this advantage.

Therefore, this variation of the model is considered the least favorable.

While the inference times of the models were relatively close in the cloud-based

GPU setup if we were to reduce the allocated memory and bandwidth or increase the

batch size, the speed difference between GLULA-HAR and GLUSA-HAR would be-

come more pronounced. This indicates that in computationally limited environments,

such as embedded systems, GLULA-HAR would be even faster than GLUSA-HAR.

Considering both the speed results and the performance scores from Table 5.3,

we can conclude that the GLULA-HAR model is the preferred choice among the

different variations of the proposed solution. Furthermore, it offers the advantage of

linear complexity compared to the quadratic complexity of GLUSA-HAR.

5.6 Comparative analysis of the proposed model on

Skeleton Data

As observed in section 5.5.2, the GLULA model exhibited superior speed compared

to other variations. This was a foreseeable outcome, credited to the linear attention

inherent in its architectural design. Therefore, the model was not retested on the

NTU RGB+D dataset, as it follows similar dimensionality to IMU-based datasets.

Section 5.5.1 also illustrated the advantages of learning distillation on teachers’

hidden variables. Even when the teacher was a 3D skeleton-based model [50], it

was beneficial. The assumption is that with a larger pre-training dataset and a

more powerful teacher, this advantage could be further amplified. However, due to

computational limitations, this proposition was not tested.
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Table 5.5: Results obtained on NTU RGB+D dataset using the proposed GLULA
and Hyperformer

Data Models Accuracy % Num. of Param. Av. Time s.

NTU-RGB GLULA-HAR 82.9 2.1 M 8.6e-3
Hyperformer [50] 90.1 2.7 M 1.02

To show the validity of the results we can compare the GLULA model with a

recent transformer model, the Hypergraph Transformer [50], which has demonstrated

close or SOTA results on the NTU RGB+D dataset. It was also used as a teacher in

the distillation training. Despite its focus on 3D joint information, the comparison

was feasible since the data sources for both 2D and 3D data are the same.

As Table 5.5 illustrates, the Hypergraph Transformer model outperforms GLULA

by a considerable margin in terms of accuracy. However, the GLULA model, which

used a 2D representation, held an edge in terms of processing time and model sim-

plicity, having 28% fewer parameters. For a batch size of 64, where each element

contained skeleton data frames, GLULA processed one batch in 8.6e-3 seconds on av-

erage, which is significantly faster than the Hypergraph Transformer’s 1.02 seconds.

To continue a more comprehensive comparison, a health-related subset of the NTU

RGB dataset was selected. This subset contains nine classes: sneeze/cough, stagger-

ing, falling down, headache, chest pain, back pain, neck pain, nausea/vomiting, and

self-fanning. There were two options for GLULA to work with this subset: directly

predict and calculate test accuracy or fine-tune the training set and then perform the

testing. Given that the models could predict actions not present in the dataset, the

F1-weighted metric was added to the evaluation.

As shown in Table 5.6, although GLULA-HAR still trails the Hypergraph Trans-

former on the NTU HEALTH subset, the model narrow downed the gap, especially

in terms of the F1-weighted score. Additional fine-tuning further decreased the dif-

ference, indicating the potential of the GLULA model in achieving competitive per-

formance.

Overall, it is evident that there is potential for further learning and bridging the
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Table 5.6: Results obtained on NTU RGB+D health subset using the proposed
GLULA and Hyperformer

Data Models Accuracy % F1w %

NTU-
HEALTH

GLULA-HAR 81.6 86.3
Hyperformer [50] 90.3 92.5

GLULA-HAR + tuning 89.3 89.4

gap between specialized skeleton-based models and unified solutions. These solutions

can take either IMU measurements or a skeleton as input and can be effectively

trained. Additionally, GLULA, due to its reliance on raw data and optimization via

linear attention, demonstrated a significant speed-up compared to transformer-based

solutions for skeletal data, which also perform graph manipulation before using it as

input for the model.

Furthermore, the benefits of learning distillation on the teachers’ hidden variables,

which have been empirically established, are emphasized. Despite certain compu-

tational limitations, preliminary investigations indicate the potential for improved

performance with a larger pre-training dataset and a more potent teacher model.

5.7 Comparative analysis of the proposed model on

Body-Worn Sensors’ Datasets

In 5.7.1, we provide a brief description of the networks employed in other HAR pa-

pers. These networks are then compared with the proposed model in 5.7.2, utilizing

benchmark test sets.

5.7.1 Compared Algorithms

We conducted a comparison between the proposed models, GLULA-HAR and GLUSA-

HAR, and several other existing methods:

Lego-CNN [35]: A lightweight convolutional neural network that employs memory-

efficient lego-filters.
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Self-Att [20]: A self-attention-based model that utilizes SA blocks along with

sensor Modality Attention and global Temporal Attention. The evaluation of this

model differs from others as it uses the 𝐹1−𝑚𝑎𝑐𝑟𝑜 score instead of 𝐹1− 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑.

We followed the structure of the model and estimated the number of parameters.

However, we couldn’t reproduce the results on the PAMAP2 dataset due to a minor

code oversight, where the label class was included as input during inference instead

of being predicted. Therefore, we relied on the results presented in the papers [20]

and [36].

DeepConvLSTM [23] (also known as DCL): A classical approach for HAR tasks

that combines convolutional layers with recurrent units. The exact number of param-

eters may vary depending on different implementations. This model can be trained

effectively with limited data, unlike self-attention-based models and transformers.

Hence, we referred to the results presented in [19] and [36].

Attsense [19]: A multimodal model that incorporates attention-fusion subnets.

It combines convolutional layers, Gated Recurrent Units, and attention mechanisms.

This model extends the DeepConvLSTM and DeepSense models, and the number of

parameters is similar to DeepConvLSTM. However, due to its reliance on recurrent

mechanisms, it is less computationally efficient in terms of inference and training

speeds.

R-CNN [22]: A convolutional neural network that has demonstrated high perfor-

mance on various datasets. Although the original work did not cover all the datasets

we used, we employed the official implementation and extracted the number of pa-

rameters.

HSA [36]: This model addresses the challenge of recognizing unseen activities

through a hierarchical self-attention-based approach. It combines data from different

sensor placements over time and incorporates a decoder that uses feature represen-

tations from the self-attention encoder for detecting unseen activities in open-set

recognition. However, the encoder-decoder structure of hierarchical self-attention

adds complexity. Similar to the Self-Att model, there was a misstep in the PAMAP2

dataset implementation where labels were included as part of the input during in-
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Table 5.7: Size and scores (F1-weighted/F1-macro) comparison of the proposed model
with listed methods on benchmark Body-Worn Sensors’ datasets

PAMAP2 SKODA OPPORT. USC-HAD DAPH. Num. of Params

GLULA 90.1/90.3 97.6/96.3 95.9/78.0 59.4/50.9 94.1/79.7 50/51/196/4/4 K
GLUSA 89.9/88.0 97.8/96.6 95.5/72.2 54.3/46.5 92.4/72.8 same as above
Lego-CNN[35] 91.4/ - 85.5/ - - 2.86M/-/610k/-/-
Self-Att[20] /95.0 /93.0 /61.0 /50.0 82.0/ ~590K
DCL[23] 74.8/ 91.2/ 67.0/ 38.0/ 84.0/ ~331K
Attsense[19] 89.3/ 93.1/ - - - ~331K
HSA[36] 99.0/ 95.0/ 68.0/ 55.0/ 85.0/ 0.51/2.1/0.91/2.3/0.59 M
iSPLI[27] 89.0/ - 88.0/ - 94.0/ 1.34M/-/1.35M/-/1.33M
R-CNN[22] 93.7/ - 92.1/ - - 26M/-/30M/-/-

ference. We relied on the results from the paper [36], but this oversight should be

addressed in future works.

iSPLI [27]: A deep learning model inspired by the Inception-ResNet structure

introduced by Google. It emphasizes high predictive accuracy while utilizing fewer

device resources. The authors tested the architecture on four datasets using transfer

learning and believe that their work will establish a benchmark.

Although the proposed model can also be compared to classical machine learning

solutions, it has been observed in [19] that machine learning models underperform

compared to deep learning models across all benchmark datasets.

In conclusion, we have compared the models, GLULA-HAR and GLUSA-HAR,

to various existing methods, considering their different architectures, performance

metrics, and complexities.

5.7.2 The Analysis of Experimental Results on Body-Worn

Sensors’ data

In Table 5.7, the "Num. of Params" column provides four values representing the

model sizes for the PAMAP2, SKODA, OPPORTUNITY, and USC-HAD datasets,

respectively. If only one value is specified, it indicates that the network size remains

relatively consistent with marginal changes across different datasets. The performance

of the models is measured using the 𝐹1 − 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 score, except for the Self-Att

network [20], which utilizes the 𝐹1 − 𝑚𝑎𝑐𝑟𝑜 score. We also calculated the macro
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score for the proposed solution. However, for the DAPHNET dataset, we relied on

the 𝐹1−𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 result presented in [36], given that both works are from the same

author, ensuring the reliability of the score numbers. In the table, to account for the

score type differences, two scores are presented in the format of 𝐹1−𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑/𝐹1−

𝑚𝑎𝑐𝑟𝑜.

As shown, the proposed model, GLULA-HAR, achieves the highest scores in

four benchmark datasets: USC-HAD, OPPORTUNITY, DAPHNET, and SKODA.

GLUSA-HAR slightly outperforms the 𝐹1𝑤 score for the SKODA dataset but falls

behind in all other measurements.

On the PAMAP2 dataset, both models underperformed compared to R-CNN [22],

HSA [36], and Self-Att [20]. The Self-Att network had eleven times more parameters

than solutions, while HSA had ten times more parameters. GLULA-HAR had a

slightly lower score than Lego-CNN but used 50 times fewer parameters than Lego-

CNN [35]. When comparing GLULA with Attsense [19], a linear-attention-based

solution, GLULA had over six times fewer parameters and a higher 𝐹1− 𝑤 score by

almost 1%.

Since the SKODA dataset is less complex than others, all presented algorithms

achieved an F1 score of no less than 91%. The proposed model obtained the highest

results among recent works while maintaining a substantially lower number of pa-

rameters. For example, HSA had 40 times more parameters, while Attsense had six

times more.

For the OPPORTUNITY dataset, the difference in sizes was less significant, but

the performance improvement was notable. There were evident contrasts in parameter

count and performance between GLULA and the classical DeepConvLSTM [23] as well

as recent state-of-the-art models. Furthermore, Attsense, an expansion of DeepSense,

which itself was based on DeepConvLSTM, exhibited a similar model size reduction

compared to the proposed model.

In the USC-HAD dataset, the GLULA outperformed the previous state-of-the-art

models while containing significantly fewer parameters than the HSA and Self-Att

networks, which showed similar performance. GLULA, with only 4,000 parameters,
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was much smaller compared to HSA, which had 2.3 million parameters.

The GLULA model for the DAPHNET dataset had an embedding dimension

of 16, resulting in a model size almost equal to that of the USC-HAD case. The

iSPLI network achieved an identical 𝐹1−𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 performance score of 94.0%. The

proposed model performed slightly better by 0.1% while containing 300 times fewer

parameters. The second closest model in terms of performance was HSA with an

F1-score of 85%.

Overall, GLULA-HAR consistently achieves similar or higher scores than the soft-

max self-attention-based proposed model in all benchmark datasets. It also offers

higher performance speed and lower complexity. Among all known models, GLULA-

HAR achieves the highest 𝐹1−𝑠𝑐𝑜𝑟𝑒 results in the USC-HAD, SKODA, DAPHNET,

and OPPORTUNITY datasets, surpassing state-of-the-art models. Additionally, the

proposed solution exhibits significantly fewer parameters than the presented networks.
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Chapter 6

Conclusion

In conclusion, this article addressed two critical challenges in Human Activity Recog-

nition. Firstly, a unified solution that can work raw with several types of temporal

data, in this case, body-worn inertial sensors’ output and human joints’ position coor-

dinates in the form of skeleton-based data. Secondly, the size/performance trade-off

in Human Activity Recognition (HAR) for mobile and embedded systems, is valuable

in the production of monitoring systems that can follow human activity in real-time

and control other systems based on that data. By correlating two data types together

due to innate similarities, we can reconstruct both data in the same way and preserve

raw data. Then, build a unified solution on top of that.

This work introduced GLULA, a novel approach for HAR that combines linear

attention, GCN, and wide convolutions while adapting structures such as branching.

By using linear attention instead of regular softmax self-attention, our model achieved

faster speed and reduced time and memory complexity. The incorporation of non-

recurrence and parallelization further enhanced the flexibility and efficiency of our

network.

To reduce the model’s parameter count, the use of feedforward (FF) layers was

avoided and instead captured local dependencies more efficiently using GCN with

branching. Our solution also employed various training techniques, including manifold

mixup, one-cycle scheduling, and the AdaBelief optimizer, to enhance stability and

handle limited data.
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By extensive experiments on both skeleton-based data and body-worn inertial

sensors’ data and making minimal changes to the original data, it was shown that

GLULA can be a unified solution for these data types.

In this work, substantial experiments were conducted on five benchmark datasets

(USC-HAD, PAMAP2, SKODA, DAPHNET, and OPPORTUNITY) to evaluate the

performance, speed, and variations of our model. The original GLULA network,

along with the suggested training techniques, demonstrated comparable or superior

results compared to other variants. The linear attention-based method outperformed

regular softmax-based approaches in HAR tasks while exhibiting lower time and space

complexity.

Our experiments also revealed that the proposed network outperformed state-

of-the-art models on the SKODA, USC-HAD, DAPHNET, and OPPORTUNITY

datasets while maintaining the lowest parameter count by a noticeable margin. This

success can be attributed to the architectural structure of GLULA, which effectively

captures local and global spatiotemporal features.

To show the validity of the method on skeleton-based data, extensive analysis

was performed of the model by comparing it to a recent state-of-the-art transformer-

based solution for skeletal data. While not getting new SOTA results on the NTU

RGB+D dataset, GLULA demonstrated comparable performance depending on the

scenario. Furthermore, with a larger pre-training dataset and a more potent teacher

model in learning distillation, there is a potential to narrow the gap even further.

Additionally, GLULA, due to its reliance on raw data and optimization via linear at-

tention, demonstrated a significant speed-up (up to 1000x on larger sets) compared to

transformer-based solutions for skeletal data, which also perform graph manipulation

before using it as input for the model.

For future research, I suggest exploring the use of data generated by GANs and

employing different augmentation techniques to further enhance the performance

of HAR models. Additionally, considering the inspiration drawn from the Evolved

Transformer and evolutionary-based neural architecture (AutoML) research, apply-

ing similar AutoML techniques to HAR tasks could lead to more robust solutions.
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Another potential avenue would be to continue with knowledge distillation in this

field or move to video-based activity recognition, where large language models and

CLIP can be utilized [42].
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