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Smartphone-based human activity recognition (HAR) is an important research area due to its wide- Smartphone-Based Human Activity
ranging applications in health, security, gaming, etc. Existing HAR models face challenges such as Recognition;
tedious manual feature extraction/selection techniques, limited model generalisation, high _ '

computational cost, and inability to retain longer-term dependencies. This work aims to overcome ~ Stacking Ensemble;

the issues by proposing a lightweight, homogenous stacked deep ensemble model, termed Lightweight Model;
Homogenous Stacking Temporal Convolutional Network with Nu-Support Vector Classifier  Hierarchical Deep Features.
(HSTCN-NuSVC), for activity classification. In this model, multiple enhanced TCN networks with

diverse architectures are organised parallelly to capture hierarchical spatial-temporal patterns from

raw inertial signals. Each base model (i.e., TCN) incorporates dilations and residual connections to

preserve longer effective histories, allowing the model to retain longer-term dependencies. ] )

Additionally, dilations can diminish the number of trainable parameters, reducing the model ~Article History:
complexity and computational cost. The base models’ predictions are concatenated and fed into a

meta-learner (i.e., Nu-SVC) for final classification. The proposed HSTCN-NuSVC is evaluated ~Received: 13 June 2024
using a publicly available database, i.e., UCI HAR, and a subject-independent protocol is  Reyised: 14 January 2025
implemented. The empirical results demonstrate that HSTCN-NuSVC achieves 97.25% accuracy

with only 0.51 million parameters. The results exhibit the model’s effectiveness in enhancing —Accepted: 18  January 2025
generalisation across individuals with better accuracy and computational efficiency. Published: 01 February 2025

1- Introduction
1-1-Background

In today's rapidly changing world, researchers and scientists are constantly conducting research and introducing new
technological innovations. These advancements have profoundly influenced daily life, making it safer, easier, and more
efficient. One of the most sought-after research areas is Human Activity Recognition (HAR), which plays a pivotal role
in improving the quality of life. HAR involves the use of computers or machines to automatically identify human motions
and actions based on input data collected from various devices, such as cameras, wearable sensors, and smartphones.
Thanks to its autonomous motion recognition capabilities, HAR has found applications in areas like patient
rehabilitation, ambient-assisted living, geriatric care, personal physical activity monitoring, and security systems [1, 2].
For instance, employing the HAR system in a hospital can reduce the manual labour for continuous patient monitoring.

Human Activity Recognition (HAR) systems are categorised into vision-based and non-vision-based approaches,
depending on the type of data used for classifier training. Vision-based HAR models rely on two-dimensional images or
three-dimensional videos, while non-vision-based models use one-dimensional sensor signals. Due to their broad
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applicability in areas such as video surveillance, security, virtual reality technology, and human-robotic interaction,
vision-based HAR is widely adopted [3-5]. It has gained significant attention within the computer vision community.
However, vision-based Human Activity Recognition (HAR) encounters several challenges. For instance, this approach
demands substantial computational resources during both data pre-processing and the training phase, owing to the
complexity of the input samples. Moreover, the performance of these HAR models is highly sensitive to background
interference (such as non-human movements), varying lighting conditions, and occlusions [6]. Moreover, the volunteers
are at risk of privacy violations during data collection since user identification attributes are collected. These make non-
vision-based HAR solutions more favourable. Unlike vision-based HAR, non-vision-based HAR models are relatively
lightweight, resistant to background noises, inconsistent lighting, and occlusions, and preserve user privacy since the
collected data are one-dimensional motion signals [6, 7]. Additionally, the data collection process in non-vision-based
HAR is non-intrusive and relatively more comfortable for the volunteers than in vision-based HAR. This is because the
volunteers only need to carry or wear a smartphone or smartwatch while performing activities without any identity
disclosure.

1-2-Related Work

Designing robust HAR systems that accurately identify human activities and behaviours is pivotal, as these systems
can be integrated into real-life applications such as physical activity tracking, fall detection, sedentary detection, etc. As
mentioned, handcrafted feature-based and deep learning approaches are extensively used in the smartphone-based HAR
domain. In earlier times, HAR solutions were based on handcrafted feature-based methods due to the scarcity of
computational resources. The data analysts studied the nature and characteristics of human motion data and developed
feature engineering techniques to extract meaningful information that differentiates between activities. Generally, the
computed features will undergo ranking and selection processes to eliminate redundancy. Then, an appropriate machine
learning classifier will be chosen for activity classification. Furthermore, the machine learning classifier performance
can be enhanced through parameter optimisation. Handcrafted feature-based models achieved adequate performances,
albeit lacking in generalising capabilities [8-10]. For example, Anguita et al. [11] gathered inertial signals from thirty
volunteers and performed manual statistical feature extraction to compute 563 features. Then, the author selected a
multiclass Support Vector Machine (SVM) to classify the extracted statistical features. Similarly, Batool et al. [7]
calculated statistical features and ran them through the Particle Swarm Optimisation (PSO) algorithm to further select
desired features before SVM classification. Ansari et al. [8] introduced a feature selection technique inspired by the
wrapper and filter methods to enable sequential floating forward search before passing the extracted feature into the
SVM model. This enables the model to discard redundant and irrelevant features.

Another popular handcrafted technique is the K-Nearest Neighbour (KNN) model, which classifies human activities.
Tharwat et al. [6] trained the KNN model with normalised input signals and identified a suitable K value for the classifier
using the PSO algorithm. The authors claimed that the PSO algorithm reduced the error rates compared to the other
optimisation algorithms, such as the Genetic and Ant Bee Colony Optimisation algorithms. Mohsen et al. [12] also
implemented the KNN algorithm to identify activity classes. The authors tested the model with varying K values and
deduced that increasing the K value enhances the classification performance. Besides the KNN model, Kee et al. [13]
developed a Random Forest (RF) classifier and evaluated the model using the subject-independent protocol where the
training and testing sets have different user samples. The authors found that their model performed better than existing
standard machine learning classifiers by achieving 83.3% accuracy.

Researchers have focused more on deep learning solutions, including convolutional models [14, 15], recurrent models
[16, 17], and Temporal Convolutional Networks (TCN) [18, 19], to solve the HAR tasks because these methods can
autonomously capture desirable features from the motion signals without human involvement in recent years. Most deep
learning architectures can be directly trained on raw input signals since these models perform autonomous deep feature
extraction. For example, Han et al. [15] developed a heterogenous CNN using grouped convolutions with varying kernel
sizes to better extract global contextual information representing each activity class. In the work of Liu et al. [20] and
Khan et al. [21], a CNN model consisting of parallelly organised multiple convolutional streams was introduced, each
with an attention mechanism called the Squeeze and Excite module for removing redundant details. The empirical results
demonstrated the efficacy of this model in improving the model’s performance. Likewise, Hamad et al. [14] designed
three-layered one-dimensional dilated causal convolutional layers followed by a multi-head self-attention module. The
convolutional layers capture temporal information, and the self-attention module retains salient information and removes
irrelevant features. Sharen et al. [22] developed a convolutional architecture (WISNet) comprising three blocks,
including Convolved Normalised Pooled (CNPyw), Identity and Basic (IDBy) and Channel and Spatial Attention (CASy)
blocks. CNPw captures relevant features from input signals, IDBy is responsible for extracting residual progressive
features that capture complex sequential data differences, and CASy eliminates irrelevant information based on relative
weights. The authors claim that WISNet outperformed other models by achieving 96.41% on WISDM, 95.66% on UCI
HAR, and 94.01% on KU-HAR.
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As for recurrent models, the most commonly used models are LSTM [17, 22, 23] and Gated Recurrent Unit (GRU)
[18, 24, 25] networks. For instance, Sharen et al. [22] proposed a stacked LSTM architecture that outperformed the other
machine learning models by approximately 6%. Dubey et al. [26] built a hybrid architecture using multiple convolutional
layers and stacked LSTM layers to extract spatiotemporal features from motion signals. This model attained a 93.5 F1
score on UCI HAR with 0.46 million parameters. Bidirectional LSTM is another variant of the LSTM model that could
extract information in both directions during model training. In other words, this model is able to process previous and
subsequent information simultaneously to make predictions. Hence, Hernandez et al. [16] adopted this architecture and
built a three-layer bidirectional LSTM layer to perform activity recognition. Although the bidirectional LSTM model
had 92.67% accuracy on the UCI HAR database, this model struggled to differentiate between two static activities (i.e.,
sitting and standing classes). Besides LSTM networks, Pan et al. [17] introduced a GRU-induced dual attention
mechanism (i.e., channel and temporal attention modules), where these dual attention mechanisms reduce model biases
and gather significant temporal information from the inertial signals. From the empirical results, it is noticed that
implementing dual attention could improve the overall classification performance by approximately 3%. Furthermore,
the authors claimed that their proposed model outperformed the existing methods, including SVM variants, KNN, Light
GBM, and Random Forest (RF).

Since recurrent models are heavy in computations, Lai et al. [27] developed two new architectures, Dilated TCN and
Encoder-Decoder TCN (ED-TCN), to perform human motion classification using video data. The authors reported that
these models achieved better accuracy with relatively low computation. Owing to the benefits of TCN models, Nair et
al. [18] adopted both models into the smartphone-based HAR domain to test the efficacy of the models. The authors
found that TCN architectures outperformed the existing complex recurrent models due to their ability to capture longer
temporal information from the input motion signals. Raja Sekaran et al. [19] introduced a new TCN variant inspired by
Inception architecture called Multiscale Temporal Convolutional Network (MSTCN). MSTCN excels at performing
multiscale feature extraction on the inertial signal, enabling the gathering of richer information. The authors incorporated
L1, L2, and dropout regularisation into the model to increase the model’s sparseness, reducing the overfitting effects.
The experimental results demonstrated that MSTCN achieved 97.42% accuracy on UCI HAR with 3.75 million
parameters.

Along with handcrafted and deep learning methods, scientists are increasingly promoting ensemble learning
techniques when attempting smartphone-based HAR tasks. The preference is primarily due to the ability of ensemble
learning techniques to leverage the strengths of various models, regardless of their type, contributing to superior
classification performance. For example, Bhattacharya et al. [28] proposed Ensem-HAR, an ensemble of multiple deep
learning architectures, using one-dimensional CNN and LSTM models [28]. The authors concatenated the predictions
from the individual models and used them to train a blender for the final prediction. Similarly, Tan et al. [29] integrated
CNN, GRU, and deep neural networks (DNN) to form an ensemble-learning algorithm (ELA) for motion feature
extraction. The ELA model outperformed other compared models, with an accuracy of approximately 96%. Given the
ensemble deep learning models’ benefits and TCNs’ exemplary performance in time series classification, we tackle the
ensemble learning techniques, particularly stacking techniques, to reap the strengths of diverse TCN architectures in this
study. Our objective is to introduce an efficient human activity recognition model that optimises the potential values of
TCN diversity.

1-3- Motivations and Contributions

As previously mentioned, though countless techniques have been developed, there are still several notable limitations
in existing methods. The existing limitations are:

o Handcrafted feature-based methods require hardcore signal pre-processing and time-consuming manual feature
engineering and selection techniques to enhance performance. No universally accepted standards for choosing
optimal underlying patterns, considering that they differ between studies. Moreover, the manually crafted features
rely on existing domain knowledge and may cause the classifier to overlook the implicit patterns of the inertial
signals, negatively affecting the model’s performance [14].

¢ Although deep learning models do not require labour-intensive feature extraction techniques, most of these models
must be trained on large and diverse datasets to acquire optimal classification performance. For instance, a large
and complex deep learning model trained on smaller training data is prone to overfitting, causing poorer
classification accuracy to unseen data.

¢ Classical Convolutional Neural Networks (CNN) attain subpar performance in time series analysis as these models
are inefficient at acquiring temporal features from the input motion signals [26].

e Though recurrent models like Long Short-Term Memory (LSTM) models are popular in time series classification
tasks as they extract time-dependent information from the input samples, which is significant in gait/motion
analysis, they are complex and require high processing time and computational resources for model training [30].

e Even though the TCN architecture, particularly Dilated TCN models, requires lower computation resources for
model training, this model needs to be deeper for optimal recognition performance. This can be accomplished by
incorporating larger, longer filters for deep temporal feature extraction. However, this may lead to overfitting.

Page | 470



Emerging Science Journal | Vol. 9, No. 1

Considering the above limitations, this research proposes a deep ensemble architecture, Homogeneous Stacked
Temporal Convolutional Network with Nu-Support Vector Classifier (HSTCN-NuSVC). Stacking multiple TCN models
with a meta-learner can be beneficial since it grants better model generalisation, leading to superior performance. To be
specific, multiple TCN models with varying architectural parameters are trained, and the predictions from each model
are concatenated and used to train the meta-model, NuSVC. Figure 1 provides an overview of the proposed HSTCN-
NuSVC. Each TCN model in the stack, configured with different hyperparameters, captures a range of temporal
characteristics at various levels of abstraction. This enables the extraction of complementary information from the inertial
data, offering a more comprehensive analysis. Moreover, the ensemble approach, by incorporating multiple models in
the final prediction, reduces the risk of overfitting the training data. Finally, the meta-learner NuSVC harnesses the
strengths of each model, resulting in enhanced predictive performance. The key contributions of this work are outlined
as follows:

e A Homogeneous stacked deep ensemble architecture, coined as HSTCN-NuSVC, is designed to capture

hierarchical deep spatial-temporal features from input inertial signals without tedious signal pre-processing and the
need for designing and selecting features in advance, boosting the model's generalisability.

o Stacking architecturally different TCN models allows the proposed HSTCN-NuSVC to perform multiscale feature

extraction on the motion signals, enabling the extraction of low-to-high-level (hierarchical) deep features
efficiently, as validated in subsequent ablation studies.

¢ In the proposed HSTCN-NuSVC, each base-level model, i.e., the TCN model, has fewer short filters, dilations and

fewer dilated residual blocks to reduce the overall trainable parameters, lowering the model complexity and
computational cost.

¢ Since retaining longer-term dependency is significant in time series classification problems, the proposed model is

integrated with varying dilations and residual connections to prevent the gradients from exploding and vanishing
during training.

o Extensive experimental analysis is conducted using the publicly accessible smartphone-based HAR dataset, UCI

HAR. The experiments obey the user-independent protocol. The training and testing sets are mutually exclusive,
and neither set shares samples from the same subject.

Raw Input Signals
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Figure 1. Proposed HSTCN-NuSVC
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2- Homogeneous Stacked Temporal Convolutional Network with Nu-Support Vector
Classifier (HSTCN-NuSVC)

Ensemble learning has become a go-to technique in classification problems regardless of the input data type. This
technique combines multiple base learners, which may be susceptible to high bias or variance, and trains them to solve
the same classification task. Researchers generally resort to ensemble learning algorithms when their primary focus is
achieving high-performing predictive models. Ensemble learning algorithms can be classified into homogeneous and
heterogeneous ensemble models. Homogeneous ensemble utilises the same learning algorithm for building level-zero/
base models, whereas heterogeneous ensemble employs diverse learning algorithms to construct base learners [30]. The
base models of an ensemble learning algorithm can be either a combination of traditional machine learning models, a
combination of deep learning models, or both.

Bootstrap aggregation (bagging), boosting, and stacking are popular techniques in ensemble learning algorithms. In
bagging, the dataset is sampled with replacement to split into equal-sized subsets, and several base models are trained
independently with these subsets. Finally, the predictions are aggregated. The drawbacks of the bagging technique are
that the ensemble model has a high chance of losing model interpretability due to high bias, and the overall training
procedure can be computationally expensive [8, 9]. Boosting, unlike other techniques, is a sequential process where each
subsequent model aims to correct the errors of the previous ones. This approach places greater emphasis on misclassified
samples by assigning them higher weights, ensuring that future models prioritise these samples during training. However,
a significant drawback of boosting is its sensitivity to outliers. This sensitivity arises because each new model in the
sequence is focused on correcting the mistakes of the earlier models, allowing outliers to disproportionately influence
the training process. Additionally, boosted models tend to be computationally intensive and may suffer from overfitting

[9].

Unlike bagging and boosting algorithms, stacking involves combining predictions from multiple base learners to train
a meta-model for final predictions. This technique reduces the ensemble model's susceptibility to bias and variance,
enhancing generalisability during training and improving predictive performance. By organising base learners in a
parallel structure, the model can capture diverse and unique features from motion signals, extracting more meaningful
information about activity classes. In this study, a homogenous stacking model is developed, using identical deep
learning algorithms as level-zero models for effective human activity recognition. Specifically, variants of TCN
architectures serve as base learners, while a NuSVC classifier is employed as the meta-learner for the final prediction,
as shown in Figure 1.

2-1-Base Models

The proposed ensemble learner uses TCN variants as the base models. As illustrated in Figure 2, the TCN model has
at least one dilated residual block, each with multiple dilation levels according to the dilation rate, d. Two one-
dimensional (1D) dilated convolutional layers are arranged sequentially, and each has one batch normalisation, one
activation, and one dropout layer at every dilation level. A residual connection consisting of a one-by-one convolutional
layer is placed parallel to the 1D dilated convolutions. The outputs from this connection and 1D dilated convolution are
concatenated and fed into the subsequent dilation level. The extracted deep spatial-temporal features are passed to the
global average pooling (GAP) layer before being classified by a softmax classifier fitted with categorical cross-entropy
loss. Each base model captures distinct underlying patterns from the input signals as the architectures and parameter
configurations vary. The base models’ architectures and parameter settings are chosen and optimised through a trial-
and-error process. Specifically, we built and tested almost fifteen architectures by manipulating their hyperparameter
configurations and selected only six high-performing TCN architectures as base models for our proposed model.

Integrating dilation into the proposed HSTCN-NuSVC ensemble is crucial in extracting extended time-dependent
information from each input sample without raising the trainable parameters. In each base architecture (TCN model),
the Dilated Residual Block implements 1D convolutional layers, which will be expanded according to the dilation rate
settings, as illustrated in Figure 2. This practice could significantly reduce computational complexity. Applying dilations
to convolutional kernels allows the model to expand the receptive fields and view a larger area of the input signal at a
given time. To be specific, the convolutional kernel size is extended by adding zero between the convolutional kernel
values, as shown in Figure 3. For instance, a receptive field of a convolutional kernel with a size of 5 and a dilation rate
of 2 possesses the same coverage as the convolutional kernel with a size of 9 without any dilations. However, the former
possesses lower trainable parameters. As the dilation level increases, the convolutional kernel becomes longer,
improving its capability to capture longer temporal features from the input. This expanded field of view endows the
model with the ability to garner richer information for classification. The equations of standard and dilated equations are
as follows:

(x*xk)() = K=o k(@) - x(t — 1) @
(g K)() = Tico k@) - x(t —d - 1) O]
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where (x * k)(t) and (x*d k)(t) are the output signal, k(i) is the convolutional kernel, t represents the position in the
output sequence, i represents the position in the kernel, and d is the dilation rate. Equation 2 will be a standard
convolution if the dilation rate is set to one. Since the proposed HSTCN-NuSVC contains multiple base TCN
architectures, the dilation settings may differ from one model to another. The dilation rates used in our proposed model
are 1, 2, 4 and 8. The dilation rate for each base TCN model is provided in the subsection Model Implementation.

Convolutional
Layer
( Dilated o
X Dilation level 1
Residual Block
o Dropout Residual
Global Average Dilation level 2 Connection
Pooling ! Ixl
Convolutional Convolution

l Dilation level n Layer

K Softmax /

Dropout
N ———

Figure 2. Architecture of base learner (TCN model)

Convolutional
kernel size =9

Convolutional
kernel size = 5

—

Dilation
Rate =2

Figure 3. 1D dilated convolution

As mentioned, three components (i.e., batch normalisation, activation, and dropout) are added after each 1D dilated
convolutional layer to enhance the model's performance during training. Batch normalisation is proposed by loffe &
Szegedy [10] in order to minimise the internal covariate shift in CNN architectures during model training. In the training
phase, the continual variation in the parameters of preceding layers causes the distributions within layers to fluctuate,
slowing the model's convergence. To address this, batch normalisation is implemented, which standardises the input
across small batches and linearly transforms them, ensuring a consistent mean and variance in each batch. In the proposed
HSTCN-NuSVC system, ReL U activation is selected over alternatives such as sigmoid and tanh due to its non-saturating
nature, computational efficiency, and resilience against vanishing gradient issues. Furthermore, overfitting, a common
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issue that can degrade model performance, is effectively mitigated through dropout regularisation. This technique
temporarily deactivates random neuronees within hidden layers, preventing all neurone weights from being updated
simultaneously. By doing so, it helps decorrelate neurone weights during training, promoting network sparsity.

Maintaining long-term dependencies within the network is crucial for time series classification, particularly in the
HAR domain, as it prevents the loss of temporal information. However, as deep learning models grow more complex
and deeper, they are increasingly prone to gradient vanishing and exploding problems. As training progresses, gradients
can either diminish to negligible levels or increase excessively, causing the learning process to slow down or even halt.
To counteract this, the proposed HSTCN-NuSVC employs residual connections, allowing activation functions to be
skipped at each dilation level, thus addressing these challenges, as illustrated in Figure 2, to maintain the gradient stability
during model training, boosting the classification performance. Generally, a residual connection is a pathway to pass
extracted features to the subsequent layers without passing through any activation. Some existing works have
implemented a one-by-one convolutional layer, a batch normalisation layer, or both. In our proposed model, a one-by-
one convolutional layer is integrated into each residual connection between dilation levels in the Dilated Residual Block
to reduce the feature dimensionality.

Lastly, the extracted deep spatial-temporal features from the dilated residual blocks are passed into the GAP layer to
generate confidence maps. GAP prunes the overall trainable parameters in the proposed network, reducing the chances
of model overfitting. Unlike standard fully connected dense layers, GAP does not require parameter optimisation, and
its input does not need to be flattened. The averaged confidence maps are classified using a SoftMax classifier. This
classifier computes the probability for each activity class and outputs a value ranging between zero and one. The total
probability always sums up to one. We can identify the predicted class for a given sample by looking for the highest
probability. SoftMax activation, (), can be written as follows:

o e%i
a(z) = m 3)

where Z is the input vector, eZiis the exponential of the i*" element of Z, N is the total number of activity classes, and
Z?’ﬂ e%i is the sum of the exponentiated values of elements in Z. Categorical cross-entropy loss is equipped with this
classifier to optimise the learning process during training. This loss determines the error between the true and target
values to backpropagate them throughout the network until the minimum value is reached. This work considers different
TCN architectures by manipulating the number of filters, filter sizes, type of padding, dilation rate, and number of dilated
residual blocks. A detailed ablation study will be presented in the Architectural Study section.

2-2- Meta-Learner Model

The meta-learner model is crucial in stacking ensemble learning algorithms, as it utilises the predictions from base
models to reduce bias and enhance the accuracy of the final classification. In this study, the diverse outputs from the
base models (specifically, TCN architectures) are combined to form input data for training the meta-learner. This
generated data functions as input features, while the ground truth values from the original dataset are used as the target
classes for the meta-learner. The meta-learner is trained to optimally integrate the base models’ predictions for a more
accurate outcome. Although the predictions from the TCN base models capture complex data patterns, the relationship
between those predictions and the final classification decision may still exhibit nonlinearity. Therefore, this work
employs the NuSVC classifier, a Support Vector Machine (SVM) variant, as the meta-learner to combine predictions
and effectively model nonlinear relationships using its kernel trick. The equation for NuSVC is as follows:

in (1 24 LyN £ _
min (3 Il + -5 & - p) )

w.,b.$,p
subject to constraints:
yiw-x;+b)=p—-¢§, i=1,..,N
§=20i=1,...,N

n max(0,p —y;(w-x; + b)) SVN

where x; is the input data, y; is the corresponding class label, w is the weight vector, v is the Nu parameter, b is the bias
term, &; is the slack variable, p is the parameter representing the margin distance, and N is the number of activity classes.
Unlike the C-SVC classifier, where the C parameter ranges from zero to infinity, the v parameter only ranges between
zero and one. So, it is easier to manage the complexity of the model as the number of support vectors can be adjusted by
manipulating the Nu parameter. This classifier is good at handling noisy data and low interclass variance data. As a
result, this classifier achieves better classification performance compared with the other traditional machine learning
classifiers. The performance of the NuSVC classifier is evaluated and compared with existing popular machine learning
classifiers, and the results are presented and discussed in the subsection Architectural Study.
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3- Experimental Setup

A description of the adopted smartphone-based HAR dataset in this work is presented in the following subsection.
Moreover, the proposed model's configuration and the performance measure used to evaluate the model's performance
are also explained.

3-1-Dataset Description

The proposed HSTCN-NuSVC model is trained and tested on a popular publicly available smartphone-based HAR
dataset, the UCI HAR dataset, contributed to the UC Irvine Machine Learning Repository by Anguita et al. [11]. The
dataset collected inertial signals from thirty volunteers aged 19 to 48 years. During the data collection, a smartphone
with an embedded accelerometer and gyroscope was placed on a volunteer's waist. Each volunteer was required to
complete six activities: walking, sitting, standing, walking upstairs, walking downstairs, and lying. Triaxial linear
acceleration and triaxial angular velocity were collected from the embedded accelerometer and gyroscope at a constant
rate of 50 Hz.

In this study, we followed a subject-independent evaluation protocol. Samples from one subset of volunteers were
used for training, while samples from a separate group were reserved for testing. The participants in these two sets did
not overlap, meaning no individual’s data appeared in both the training and test sets. This approach is well-suited for
real-time HAR applications, as it allows the model to predict activities for new users with little to no recalibration. To
be specific, there will be variation in inertial signals between users when performing any activity and applying subject
independence prevents the classifiers from overfitting to the training set and generalising better for new samples. The
full dataset is split into two sets: the training set comprises samples from 70% of the volunteers, and the remaining
subjects' samples are used for the test set. The inertial signals are pre-processed to remove any null values or noises.
Then, pre-processed signals are partitioned into equal-sized time segments (128 readings/segment) using the sliding
window technique. Moreover, triaxial body acceleration is also computed using the Butterworth low-pass filter to remove
the gravitational component. Finally, the triaxial linear acceleration, body acceleration, and angular velocity are stacked
to generate the desired input signal shape (128,9). The reason behind implementing the above-mentioned train-test split
and pre-processing settings is to standardise the training and testing protocol, ensuring a fair comparison with existing
HAR models.

3-2-Model Implementation

This study's model development and experiments are carried out on a desktop with Intel® Core™ i9-12900K CPU
with 2.20 GHz, 32 GB RAM, NVIDIA GeForce RTX 3080Ti, and 12 GB memory. Table 1 presents the hyperparameter
configurations for each TCN architecture in the proposed HSTCN-NuSVC model. As mentioned, the optimal values for
specific hyperparameters, such as batch size, number of dilated residual blocks, number of filters, filter sizes, dilation
rates and padding, are identified through a trial-and-error process. The hyperparameter optimisation allows the deep
learning models to reach their full potential. Moreover, the base TCN architectures are trained with dynamic learning
rates by implementing the Reduce Learning Rate on the Plateau function to enhance learning. This function automatically
reduces the learning rate by a preset percentage if the model’s loss remains constant or rises. Besides the base learners,
we also conducted parameter optimisation for the meta-learner (which will be discussed in the Architectural Study
subsection). Table 2 records the finalised parameter settings of the proposed model’s meta-learner. Additionally, we
construct two baseline TCN models based on the original TCN architecture proposed by Lea et al. [31] and Bai et al.
[32] in this study for performance comparison with our proposed HSTCN-NuSVC. This allows us to evaluate the
effectiveness of our proposed model against these benchmarked TCN architectures. The architectural parameters of
baseline TCN 1 [12] and baseline TCN 2 [13] are presented in Table 3.

Table 1. Parameter settings of the base learner models

Parameters TCN1 TCN2 TCN3 TCN4 TCN5 TCNG6
Batch size 32 32 32 32 32 32
Number of dilated residual blocks 1 2 2 1 2 2
Number of filters 32 40 40 64 40 50
Filter size 4 4 3 3 4 4
Dilation rate 124 124 1,248 1,24 1,248 124
Padding causal same same same same same
Dropout rate 0.05 0.05 0.05 0.05 0.05 0.05
Initial learning rate 0.01 0.01 0.01 0.01 0.01 0.01
Number of epochs 100 100 100 100 100 100
Optimizer Adam  Adam  Adam  Adam  Adam Adam

Number of trainable parameters 24934 82366 87446 73862 111806 127456

Page | 475



Emerging Science Journal | Vol. 9, No. 1

Table 2. Parameter configuration of the meta-learner model

Parameters Values
Nu 0.1
Gamma 1

Kernel Linear

Hyperparameter tuning  Grid search cross-validation

Table 3. Parameter settings of Baseline TCNs

Parameters Baseline TCN'1 Baseline TCN 2
Batch size 32 32
Number of TCN blocks 4 3
Number of filters 64 64
Filter size 3 3
Dilation rate 1,2,4,8 1,248
Padding causal causal
Dropout type and rate Spati%I. ggopout Dg)ggut
Activation function Wavenet RelLU
Normalisation Channel Weight
Global Average Pooling No No
Initial learning rate 0.01 0.01
Number of epochs 100 100
Optimizer Adam Adam
Number of trainable parameters 788742 1029598

3-3- Performance Measure

Several evaluation metrics, such as confusion matrix, precision, recall, accuracy and F1 score, are selected to evaluate
the proposed model's performance and to perform performance comparison with other state-of-the-art models. The
confusion matrix provides a comprehensive summary of the model's performance in such a way that the ground truth
and the estimated activity class are presented in this single matrix. In other words, it offers the visualisation of four
possible outcomes (e.g., true positives, true negatives, false positives and false negatives), as illustrated in Figure 4.

Ground Truth

True False

Prediction | True True Positive
(TP)

False True Negative

(TN)

Figure 4. Confusion Matrix

Precision is an evaluation metric that finds all the dataset's relevant instances. The formula for precision is as follows:

, . True Positive
Precision = — — (5)
True Positive+False Positive

Recall is a measure to identify all the relevant instances of a class in the dataset. Recall is formulated as:

True Positive
Recall =

(6)

True Positive+False Negative

Accuracy is a measure of computing the percentage of correct classification across all classes in the dataset. This
metric is calculated as follows:

True Positive+True Negative
Accuracy = — - — - (7
True Positive+True Negative+False Positive+False Negative
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Lastly, F1 score is a measure that combines precision and recall into one evaluation metric. To be specific, this metric
is also known as the harmonic mean of precision and recall. F1 score is computed using the following equation:

Precision*Recall
F1score = 2 *

(®)

Precision+Recall

4- Results and Discussion

The architectural study of the proposed HSTCN-NuSVC, as well as the analysis of the experimental results, is
discussed in the following subsections. Furthermore, the performance of the proposed model is evaluated and compared
with the other state-of-the-art models.

4-1- Architectural Study

The recognition performance of a learning model is highly contingent on its architectural parameter configuration.
Hence, optimising the proposed HSTCN-NuSVC is crucial to enhance classification performance. In this section, an
architectural study is conducted on the proposed model to examine the effect of architectural parameter variations.
Several experiments are carried out by manipulating the number of base models, types of meta-learner models, and
hyperparameters of the NuSVC classifier.

This study involves the development of eight TCN architectures, each with different parameter settings, which are
used as base learners to examine the impact of varying the number of TCN models on the performance of the HSTCN-
NuSVC. The experiment is conducted six times, with the number of base learners incrementally increasing by one in
each iteration. Results are detailed in Table 4. The findings reveal that as the number of TCN models integrated into the
proposed system grows from 3 to 6, the overall classification performance improves. This suggests that using multiple
TCN models with varied architectures enables the system to capture a wider range of features from the input signals at
different scales, enhancing the spatial-temporal information available for classification. However, after adding six or
more TCN models, performance begins to decline. This reduction may be attributed to feature redundancy and potential
overfitting of the training dataset.

Table 4. The effects of the number of base learners on the classification performance

Number of TCN Models  Total Parameters Precision Recall F1score Accuracy (%)

3 194746 0.9596 0.9580  0.9585 95.72
4 268608 0.9498 0.9338  0.9374 93.42
5 380414 0.9711 0.9693  0.9695 96.91
6 507870 0.9748 09728 09731 97.25
7 581732 0.9615 0.9512  0.9540 95.15
8 611538 0.9726 0.9696  0.9699 96.95

Next, an experiment is conducted to identify an appropriate machine learning classifier for the meta-learner model.
Seven different models, namely SVM, Multilayer Perceptron (MLP), KNN, Random Forest (RF), CatBoost, AdaBoost,
and Nu-SVC, are considered in this experiment. Table 5 records the model performances. The CatBoost algorithm shows
the worst performance among the other models. Besides that, it demands a longer time for model convergence. SVM,
MLP, and KNN models perform satisfactorily by achieving F1 scores of 0.9709, 0.9714, and 0.9717, respectively, with
reasonable training times. On the other hand, NuSVC exhibits slightly superior classification performance compared to
the other machine learning models, achieving an F1 score of 0.9731. The superiority of NuSVC as a meta-learner can
be attributed to its robustness to outliers, enabling it to generalise effectively on those unseen test data. Hence, the
NuSVC classifier was selected as the meta-learner for the proposed HSTCN-NuSVC as it exhibited the best classification
accuracy and F1 score among other models.

Table 5. The effects of different types of meta-learner models on the classification performance

Type of Meta-Learner Models  Precision Recall F1score Accuracy (%)

SVM 0.9730 0.9706  0.9709 97.05
MLP 0.9739 09711  0.9714 97.08
CatBoost 0.9576 0.9552  0.9548 95.52
KNN 0.9742 09714  0.9717 97.12
AdaBoost 0.9674 0.9635  0.9640 96.34
RF 0.9730 0.9704  0.9707 97.01
NuSvC 0.9748 09728  0.9731 97.25
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Lastly, hyperparameter tuning is conducted on the NuSVC classifier to optimise the recognition performance. Two
primary hyperparameters, nu value and kernel type, are examined to assess their effect on the overall classification
performance. The results of hyperparameter tuning are recorded in Table 6. From the empirical results, we can observe
that the proposed HSTCN-NuSVC attains an optimal performance when the Nu value is set to 0.1. When the Nu value
is increased from 0.1, the performance begins to drop and reaches a plateau. As for the kernel type of the NuSVC
classifier, the performance differences are more significant. Four kernel options exist: linear, polynomial, sigmoid and
radial basis functions. The empirical results demonstrate that the proposed model is able to achieve the best recognition
performance when the kernel is set to the linear option. In contrast, the radial basis functions kernel shows the lowest
accuracy compared to other kernels.

Table 6. Hyperparameter tuning on NuSVC

Hyperparameters of NuSVC  Hyperparameter Values Precision Recall F1score Accuracy (%)

0.01 0.6921 0.6981  0.6948 68.48
0.1 0.9748 0.9728 0.9731 97.25
N 0.2 0.9740 0.9722 0.9724 97.18
0.3 0.9739 0.9722 0.9724 97.18
Linear 0.9748 0.9728 0.9731 97.25
Polynomial 0.9613 0.9511  0.9540 95.15
Kernel
Sigmoid 0.9691 0.9657  0.9660 96.54
Radial Basis Function 0.9597 0.9474  0.9508 94.81

4-2-Performance Comparison with State-Of-The-Art Models

The proposed HSTCN-NuSVC is evaluated on the test set to assess the model's efficacy on unseen data. Figure 5
illustrates the confusion matrix of the proposed model. The resulting matrix shows that the proposed HSTCN-NuSVC
possesses relatively low misclassifications across all data. The sitting class has slightly more misclassification than the
other activity classes. Fifty-nine samples of the sitting class are misclassified as the standing class. This misclassification
might be due to the low interclass variance between the sitting and standing classes, as illustrated in Figure 6. From the
figure, we can see that certain common patterns between the signals of both classes make it challenging for the model
to discriminate between them.

Confusion Matrix of the proposed HSTCN-NuSVC
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Figure 5. Confusion Matrix of HSTCN-NuSVC model
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Figure 6. Input signal samples of sitting and standing classes

Furthermore, an overall classification performance comparison between the proposed HSTCN-NuSVC and the six
individual base learners is illustrated in Figure 7. The proposed HSTCN-NuSVC dominates the base learner models
across all the evaluation metrics. This indicates that the staking ensemble learning algorithm enables the proposed model
to perform diverse and multiscale feature extraction on input inertial signals, gaining more salient deep features that
distinguish between activities well. Additionally, the NuSVC classifier enhances the performance further by integrating
the base learners' predictions. The classifier leverages and synthesises the diverse analytical decisions of these base
learners to produce a more accurate final prediction decision. The performance of the proposed HSTCN-NuSVC in terms
of accuracy, model parameters, training time, and inference time is recorded in Table 7. Our proposed model attained a
high accuracy of 97.25% with only 0.51 million parameters. The training of the proposed ensemble took about 42
minutes. However, our model has a short inference time of 2.6s to make predictions on 2947 samples.
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Figure 7. Performance comparison between the proposed HSTCN-NuSVC and the individual base learner models

Table 7. Performance of our proposed HSTCN-NuSVC

Criteria Values
Accuracy (%) 97.25
Model parameters (million) 0.51
Training time (min) 42
Inference time (s) 2.6

Table 8 compares classification performance between HSTCN-NuSVC and other state-of-the-art models. These
include handcrafted feature-based, deep learning and ensemble learning models. From the findings, we can observe that
the proposed HSTCN-NuSVC outperforms most of the existing methods regardless of their types. Anguita et al. [11]
published the UCI HAR dataset and performed benchmark analysis using popular machine learning classifiers. The
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authors found that the SVM classifier had the highest accuracy, 96%, compared to the other models. Our proposed model
achieves approximately 1.25% accuracy compared to the benchmark performance without requiring manual feature
engineering/selections. RK-KNN [20] had the second-highest accuracy among handcrafted feature-based methods and
a moderate inference time of 44 ms/sample. Our proposed model surpasses the handcrafted feature-based models in
recognition accuracy and inference time due to its automatic feature learning capability and generalisability on unseen
data. In other words, our proposed model does not require time-consuming manual feature modelling, ranking and
selection, which is vulnerable to bias. This increases the models’ chances of losing implicit temporal patterns from
motion signals, causing the performance to deteriorate.

Table 8. Performance comparison with the state-of-the-art methods

oty Mode parmeer e e

Support Vector Machine (SVM) [11] 96.00* - -
K-Nearest Neighbours (KNN) [31] 90.46* - -
RK-KNN [20] 92.67* - 44
Hierarchical multi-view aggregation network (HVMAN) [24] 94.70* - -
Multilayer Perceptron model (MLP) [33] 95.00* - -
Attention induced multi-head CNN [22] 95.32* 1.51* -
Layer-Wise Training CNN with Smaller Filters [23] 96.90* - 110
Multichannel CNN [24] 95.25* - -
ResNet + SelectConv [34] 97.28* 0.84* -
Deep Residual Bidirectional LSTM [28] 93.60* - -
Bidirectional LSTM [29] 93.79* - -
Stacked LSTM [35] 93.13* - -

InnoHAR [36] 94.50* - 65.09
CNN-LSTM [37] 92.13* - -
Multi-input CNN-GRU [38] 96.20* - -
Dilated TCN [12] 93.80* 0.15* -
Encoder—Decoder TCN [18] 94.60* 0.16* -

MSTCN [19] 97.42* 3.75* 33

Light-MHTCN [39] 96.48* 0.21* 2.2

Baseline TCN 1 90.87 1.73 2.7

Baseline TCN 2 92.98 0.28 24
Cascade Ensemble Learning (CELearning) [40] 96.67* - -
Ensem-HAR [29] 95.05* - -
Ensemble Learning Algorithm (ELA) [28] 96.70* - -
Stacked Generalisation with Wrapper-Based Feature Selection [41] 97.01* - -
Multi-input Hybrid CNN [27] 94.00* - -
ResLSTM [42] 96.34* 0.58* -
Hybrid CNN-SVM [43] 96.13* - -
Hybrid CNN and Stacked LSTM [26] 93.40* 0.46* -
WISNet [21] 95.66* 0.70* -

Proposed HSTCN-NuSVC 97.25 0.51 0.90

* Results extracted from the respective articles

The backbone of attention-induced multi-head CNN [22], CNN with smaller filters [23], Multichannel CNN [24],
ResNet+SelectConv [25], Multi-input Hybrid CNN [27] and WISNet [21] is CNN architecture. ResNet+SelectConv
achieves slightly higher classification performance than the proposed HSTCN-NuSVC model with a marginal difference
of 0.03%. However, our proposed architecture achieves 97.25% accuracy with only 0.51 million parameters, which is
330000 less trainable than ResNet+SelectConv. CNN with smaller filters [23] attains the second-best accuracy among
the CNN models with an accuracy of 96.90%, but this model had the highest inference time of 110 ms/sample. The
proposed HSTCN-NuSVC achieves high recognition accuracy with a very short inference time. Unlike the CNN
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architectures, the base learner models of our proposed model are built based on TCN architecture, which excels at
capturing longer time-dependent features from the input signals, making it a good solution for learning temporal
sequences in human motion.

Although recurrent models are optimal for time series classification, the performance of these models is moderate
compared to our proposed architecture. The classification accuracy for Deep Residual Bidirectional LSTM [28],
Bidirectional LSTM [29], and Stacked LSTM [35] was around 93%, which is ~4% lower than the proposed HSTCN-
NuSVC. Besides that, ResLSTM [44] achieved slightly higher accuracy than other recurrent networks with relatively
low parameters (0.58 million). Nevertheless, the performance of our proposed architecture is better than ResLSTM, as
our model attains slightly higher accuracy of ~1% and 70000 fewer parameters. Several authors developed hybrid models
combining CNN and recurrent architectures, such as InnoHAR [36], CNN-LSTM [37], Multi-input CNN-GRU [38],
Hybrid CNN-SVM [43] and Hybrid CNN and Stacked LSTM [26], to leverage the benefits of both architectures.
However, the performance of the hybrid networks is suboptimal compared to the proposed HSTCN-NuSVC. Since the
main constituent of the proposed architecture is TCN models, the model is able to retain longer-term dependencies by
preserving a longer effective history of the motion signals, contributing to superior prediction performance compared to
the recurrent models.

Besides that, there are several works based on ensemble learning, namely Cascade Ensemble Learning (CELearning)
[40], Ensemble Learning Algorithm (ELA) [28], Ensem-HAR [29], and Stacked Generalisation with a Wrapper-Based
Feature Selection [41]. From Table 8, we notice that Stacked Generalisation with a Wrapper-Based Feature Selection
[43] achieves the second-highest accuracy of 97.01% among the ensemble learning models, following behind our
proposed model. Nonetheless, this ensemble model relies on manual feature extraction techniques, rendering it labour-
intensive. As previously mentioned, the base learners of our proposed architecture are based on TCN models. Hence, we
compared the performance of the proposed HSTCN-NuSVC with other popular TCN variants, including Dilated TCN
[18], Encoder-Decoder TCN [18], MSTCN [19], and Light-MHTCN [39], in the HAR domain. Our proposed model
attains better accuracy than most TCN models, except the MSTCN model [19], since our model integrates multiple TCN
models with varied structural characteristics. This design promotes the model to extract hierarchical features at different
scales, providing exclusive insights into the underlying pattern of the motion signals. MSTCN [19] achieved higher
accuracy than the proposed HSTCN-NuSVC with a minute difference of 0.17%. However, the overall performance of
our proposed architecture is still considered superior to MSTCN, as our model has approximately seven times fewer
model parameters and a shorter inference time than MSTCN. Additionally, we built two baseline TCN models according
to the hyperparameter settings provided in Table 3 to compare them with the proposed HSTCN-NuSVC. These models
are based on the works of Lea et al. [31] and Bai et al. [32]. Although both models had relatively low trainable parameters
and inference time, they performed poorly during testing.

5- Conclusion

A homogenous stacked ensemble deep learning model, HSTCN-NuSVC, is proposed to perform human activity
recognition without requiring manual feature modelling and selection. This model integrates multiple base learners along
with a meta-learner component. The base learner models leverage the Temporal Convolutional Network (TCN)
architecture, which excels in time series classification tasks. Key enhancements include the replacement of spatial
dropout with standard dropout, channel and weight normalisation with batch normalisation, and the use of ReLU
activation in place of WaveNet activation to improve base learner performance. By stacking several TCN models with
varying kernel sizes, filter numbers, and dilation rates, the model effectively performs deep multiscale feature extraction,
capturing essential information about human movement. Additionally, incorporating dilations in each convolutional
layer expands the convolutional kernel’s receptive field, allowing the model to process information across broader
temporal spans, thereby enhancing its capacity to analyse intricate dependencies in human motion data. Importantly, this
approach does not substantially increase the number of learnable parameters, thus avoiding significant computational
overhead. Moreover, the use of short filters, GAP layers, and dilated residual blocks helps to reduce the overall parameter
count, making the model more computationally efficient. To address issues related to vanishing and exploding gradients,
residual connections are employed at each dilation level within the dilated residual blocks. The second phase of the
HSTCN-NuSVC model involves the meta-learner phase. The NuSVC classifier is selected as the meta-learner model as
it exhibits higher performance than other machine learning models. The meta-learner amalgamates the individual
predictions from each base learner in an optimal manner to produce the final predictions. Finally, the proposed HSTCN-
NuSVC is evaluated on the benchmark smartphone-based HAR database, i.e., UCI HAR, using the subject-independent
protocol. The empirical results demonstrate that the proposed model outperforms most existing human activity
recognition models with an accuracy of 97.25%, fewer learnable parameters, and a short inference time. Since this work
only includes one smartphone-based HAR dataset, UCI HAR, consisting of six daily activities, we plan to utilise other
smartphone-based HAR datasets with more diverse activities and volunteers to validate the performance of our proposed
HSTCN-NuSVC and the generalising ability in our future work.
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