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Abstract

Arti�cial Intelligence (AI) fundamentally relies on data to generate useful outputs. The ac-
curacy of an AI system is not only determined by the e�ectiveness of the model, but also both
the quantity and quality of the data it is trained on. Therefore, a relatively simple way to
maximise AI performance is to use more data. However, as we continue to push the boundaries
of AI, the demand for larger and more diverse datasets has only intensi�ed, highlighting the
importance of high quality data acquisition and management in the development of advanced
AI technologies. This causes a growing concern about the environmental impact associated with
these methods. The escalating energy requirements for training and operating sophisticated AI
models contribute to a larger carbon footprint, prompting discussions on sustainable practices
within the �eld of arti�cial intelligence. Addressing these concerns necessitates a balance between
pursuing technological advancements and implementing strategies to mitigate their environmen-
tal repercussions. This thesis explores dynamic data reduction methods as a means of exploring
data quality and usefulness. For example, by reducing the amount of training data used, less
computation is needed, reducing the environmental cost of the algorithm.

Random dynamic data reduction is explored �rst by reducing the amount of data used for
training at di�erent stages of training, for image classi�cation tasks. Three dynamic data reduc-
tion methods are introduced to observe di�erent strategies of data reduction: data step, data
increment, and data cut. These strategies present varying amounts of training data application
which means that fewer image evaluations are performed to train the model than if the model
is trained on the full dataset. Meanwhile, the strategies ensure that the full dataset is used, to
ensure maximum data coverage. Results show that the data step method is best performing, and
for datasets MNIST and smallNORB, model accuracy may be increased by 0.04% and 0.593%
respectively, while 12% and 6% fewer evaluations image are performed.

Random data reduction is so far limited by uncertainty of the quality of data that is removed
for a portion of the training. This may be alleviated by introducing a method to determine speci�c
data to remove. By �rst applying dimensionality reduction algorithms, data may be ordered and
then removed based on distance from each classes' centroid. This allows for more intelligent data
selection. Data step reduction is performed on larger image datasets, namely Imagenette and
the Micro-PCB dataset, yielding inferior accuracy for the Imagenette dataset with an accuracy
decrease of 0.114%, and superior accuracy for the Micro-PCB dataset by 0.013%.

The data step method has shown promising results as a dynamic data reduction strategy. An
alternative method using a sliding window of data is explored, which ensures unique data each
epoch throughout training, instead of a step-up in data use. This method is combined with the
previously used non-random data reduction, on image data of di�ering sizes. Results show that
model accuracy is worse for MNIST, CIFAR-10, Imagenette and the Micro-PCB datasets by up
to 0.16%, but accuracy increases for the smallNORB dataset by 0.654%. However, statistical
signi�cance against benchmark experimentation informs us that after reducing data, results show
no statistically signi�cant di�erence from the benchmark, even though training data has been
reduced. Still, despite the underwhelming performance, insight is given into which data is more
useful at the beginning or end stages of training by comparing the direction of the sliding data
window. Results show that for unstructured datasets MNIST, CIFAR-10 and Imagenette, the
forward data �ow direction yields superior accuracies, while for the highly structured smallNORB
and Micro-PCB datasets the opposite is true. This supports the theory that some data is more
useful in the �ne-tuning stages of training, depending on how structured the data is.

Having explored dynamic data reduction in image data, data reduction in imbalanced, time-
series occupancy datasets is investigated. Occupancy detection from non-invasive sensor readings
is useful for building interior management, while maintaining personal privacy. However, real-
world data is often imbalanced, often giving bias to training. By using data reduction techniques
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inspired by those used for image data, results show that data reduction on the larger class only
can maintain and even improve AUC-ROC scores 0.483% with as much as 39% of the dataset
removed. Dataset fusion is also explored as a means to improve the generalisability of the
classi�er. Results of experimentation show a decrease in AUC-ROC of as much as 48% with
the full dataset, and 33% with the reduced dataset. This shows that by attempting to increase
the available data, overall performance is decreased as the model struggles to specialise. Also,
data reduction on a fused dataset can minimise the detrimental e�ects of too much data. Class
density is also calculated to be a metric that measures class balance and data su�ciency, which
is vital for determining whether a dataset may be reduced to improve classi�cation performance
prior to any model training.

The above investigations show that the exclusion of some data may improve model perfor-
mance, as well as reduce training cost. The novel data reduction strategies that are introduced
also give insight into which data is more important to training at the earlier and later stages.
These �ndings prompt us to consider not just the quantity of data, but the quality and relevance
of data during both collection, where focus can be aimed at collecting most useful data, and
training, where most relevant data may be applied at the most bene�cial stage of training.
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Chapter 1

Introduction

Arti�cial Intelligence (AI) has become one of the de�ning technologies of modern society, with its
adoption continuing to accelerate across a wide range of industries and applications. Advances in
machine learning have enabled AI systems to perform increasingly complex tasks with remarkable
accuracy. As demand for AI capabilities grows, so too does the computational infrastructure
required to develop and deploy these models.

State-of-the-art AI models often require substantial computational resources for both training
and inference. The development of these models typically relies on large-scale data centres
equipped with specialised hardware. Consequently, training and operating these models incurs
signi�cant �nancial and environmental costs, driven by high energy consumption and the need
for extensive computational infrastructure.

While cloud-based AI provides access to powerful computational resources, there is also a need
for alternative, locally deployed AI on personal computers, embedded systems, and edge devices.
Running AI models locally can reduce latency, improve user privacy, decrease dependence on
network connectivity, and lower ongoing operational costs. However, these bene�ts come at the
expense of signi�cantly reduced computational power compared to cloud environments. Given
these hardware constraints, optimisation techniques play a critical role in enabling AI models to
operate e�ciently on resource-limited devices. One avenue for optimisation involves reducing the
amount of training data used during model development. Smaller training datasets can substan-
tially decrease training time, reducing storage requirements and lowering computational costs,
but indiscriminately removing training data may reduce the diversity and representativeness of
the dataset, potentially leading to poorer model generalisation and degraded performance on
unseen data. There is, therefore, a fundamental trade-o� between computational e�ciency and
model accuracy. The question this thesis aims to answer is can this optimal trade-o� be found
with intelligent data selection and application?

This thesis is a series of experimental works on image classi�cation and occupancy detection
tasks with three main goals. The �rst goal is to investigate the dynamic application of data,
where training data is provided not all at once, but in gradually increasing amounts, with the aim
of maintaining or improving model accuracy. The second goal is to identify which data reduction
strategy introduced in these works is best for the tasks of image classi�cation and occupancy
detection. The third goal is to �nd a metric for identifying the suitability of data reduction for
a dataset, prior to any training, to minimise training cost.

1.1 Background

Machine Learning has undeniably become a prominent topic across academia, entertainment, and
industrial growth [1]. New Arti�cial Intelligence (AI) models are being developed and optimised
at an incredible rate, to improve the performance and capacity of AI tasks. While the design of
an AI model is crucial, the foundation of any successful AI system lies in the quality of the data
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that powers it. The adage "garbage in, garbage out" aptly describes the critical role of data
in machine learning; if the input data is of poor quality or irrelevant to the task, the resulting
outputs will be equally �awed [2]. Therefore, ensuring that data is both relevant and of high
quality is paramount to achieving accurate and reliable AI outcomes, highlighting the need for
rigorous data collection, curation, and preprocessing.

It has been shown that increasing the data available to a model improves average accuracy [3].
Because of this, when creating new models for di�erent tasks, researchers and data scientists alike
will supply the model with large amounts of data to train the model, without considering if it is
truly necessary. This direction is moving rapidly to a state that is environmentally unsustainable
and technically unachievable for those outside of big tech companies [4].

Data collection can be a long and arduous process, due to the sheer volume that is required
which can reach several hundred terabytes [5]. Data must be cleaned and prepared for use in
AI, which is particularly challenging when the data contains sensitive information, such as with
medical or personal data. Identifying the speci�c data required for AI models would signi�cantly
enhance e�ciency, ensuring that e�orts are not wasted on collecting data that does not contribute
to the model's performance. Data analysis plays a crucial role in this context, as it can help
identify correlations and patterns within the existing data, thereby guiding us toward the data
that will most e�ectively improve model performance. By leveraging advanced data analysis
techniques, the data collection process may be streamlined to focus our resources on acquiring
the most relevant and impactful data. This approach not only saves time and e�ort but also
enhances the overall quality and accuracy of AI models.

If it is indeed possible to identify data that is particularly bene�cial to training, it logically
follows that some data may be less useful or even detrimental to the learning process. Such data
may hinder model performance and should be removed from training. However, the relationship
between data utility and training e�cacy is not necessarily binary. Some data may be more
valuable during the early stages of training, when model weights are undergoing rapid transfor-
mation, while other data may prove more e�ective during later stages, when the model is re�ning
and �ne-tuning its internal representations.

1.2 Research Aim, Objectives, and Scope

The aim of this thesis is to investigate dynamic data reduction by introducing novel, dynamic
methods of data application during training, with the goal of enhancing performance and ef-
�ciency in foundational AI models. In order to meet this aim, the objectives of this research
are:

- to research current methods of optimal data use and data reduction

- to develop and interrogate methods of dynamic data reduction, through which the e�ects
of varying data use may be observed

- to determine if some data is more bene�cial to network training, and which dynamic data
reduction strategy is best performing

- to identify metrics to measure suitability for data reduction prior to network training.

While the methods described in this thesis may be applied to any domain, the scope of this
research will focus on AI for image classi�cation in chapters 3, 4 and 5. Image classi�cation is
a popular AI task with uses in medical, manufacturing and object recognition. It is also the
gateway to many other AI disciplines such as object detection and tracking. Time-series data is
also explored with the task of occupancy detection in chapter 6. Occupancy detection is used
widen the scope of the hypothesis of this research, allowing the observation of the e�ects of data
reduction techniques in an alternative data domain.
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1.3 Contributions to Science

The contributions of this thesis can be summarised as below:

1. Dynamic data reduction is introduced and explored as a means to identify data usefulness
at di�erent stages of training. Data is reduced in various quantities and through multiple
unique reduction strategies, to observe the e�ect of varying intensities of reduction. These
methods use random data exclusion and do not identify which data to remove from training
outright, but how much data may be used to train with for the early training stages for
a more optimised and e�cient training process with shorter runtimes and a lower energy
cost. This work is published in a peer reviewed Springer conference paper, by the thesis
author, in [6], and discussed in chapter 3.

2. Dynamic data reduction methods are further developed with the introduction of a distance
metric to order training data, instead of using random data reduction. Using dimensionality
reduction, the dimensionality of 2D image datasets are reduced into 3 dimensions, which
allows us to calculate a centroid distance for each datapoint in Euclidian space. This is
used to categorise the data before training, and through dynamic data reduction the data
is most useful at di�erent stages of training are identi�ed, while reducing runtime once
again. This work is published in a peer reviewed IEEE conference paper, by the thesis
author, in [7], and discussed in chapter 4.

3. Dynamic data inclusion methods are �ne tuned with the introduction of the sliding data
window. This method allows the training data to shift from central-most to lateral-most,
based on the previously explored centroid distance metric. This method gives each training
loop a slightly di�erent training dataset, allowing the AI model to train on `easy' data
initially, and move to `harder' data for �ne-tuning. The experimental results show that in a
majority of cases, data closest to the centroid is easier to learn, while data further is harder,
which correlates with the current state-of-art in image classi�cation. It is also possible to
improve experimental results over the benchmark through dynamic data reduction on some
datasets. This work is published in a peer reviewed Springer conference paper, by the thesis
author, in [8], and discussed in chapter 5.

4. Data reduction is explored in the time-series domain with occupancy detection tasks to
identify the compatibility of the reduction methods on a di�erent data domain. Experi-
ments include class density as a metric to observe the applicability of data reduction before
any AI models need be performed. This work is published in a peer reviewed MDPI journal
paper, by the thesis author, in [9], and discussed in chapter 6.

1.4 Thesis outline and structure

This chapter describes the structure of this thesis. Then, the current landscape of data use
for AI, and state-of-art solutions are identi�ed in the literature review. The following chapters
discuss the experimental work. Figure 1.1 shows the �ow of this thesis.
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Figure 1.1: Thesis structure, providing a visualisation of the scope and progression between
thesis the chapters.

Following this introductory chapter is the literature review, where the topics covered by this
thesis will be given context in this chapter by discussing currently used solutions. After this,
chapters 3, 4, 5 and 6 show the introduced methodologies and experiments to answer the thesis
questions. Conclusions are drawn and given in chapter 7.
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Chapter 2

Literature Review

2.1 Fundamental Paradigms of Data Processing

Data processing may be de�ned as the conversion of raw data into usable information through
data collection preparation, analysis and storage. Data processing allows for the derivation
of actionable insights and more informed decision making, if the data is processed e�ectively.
With the current abundance social media, interconnected infrastructures and physical sensors,
data collection has become much easier [10]; however, raw data that has not been cleaned or
curated is much less useful for drawing accurate conclusions [11]. Data curation is important for
preparing the data for use in data modelling. In 2024, a survey on data analytics for modern
enterprises showed that robust data cleansing gave a 70% improvement in accuracy, highlighting
the importance of robust data processing in not only research environments, but real-world
implementations [12]. Unwanted noise can in�uence the model to give false conclusions, and
must be reduced as much as possible, depending on the task and data.

Unique data processing can give improved performance, such as the �eld-driven processing
paradigm proposed by Wang et al. [13], showing that no one general processing method works
for all tasks. Therefore, it is important to consider that data processing is an ever growing �eld
with new requirements and solutions being made just as much as new AI models.

Model-centric AI focuses on the development of more complex AI models, deeper networks
and new technologies [14]. While model-centric AI has brought about incredible progress in
recent years, the increase in computational complexity in order to create generalisable systems
means that these models are less e�ective at highly speci�c tasks [14]. Also, but large, generalised
models are unsustainably expensive to train due to the increased amount of processing inherently
required for their size [4]. A di�erent approach from model-centric AI is data-centric AI, where
data is probed and optimised to improve AI performance. This thesis discusses how data is
commonly used in AI, and how AI training may be manipulated and improved not only by
model-centric methods but through data-centric techniques. Through such methods, a user may
select any appropriate model for a task and, by optimising data usage, model performance can
be maximised at minimal environmental cost, in accordance with the paradigm of `Green AI'.

2.1.1 Statistical Models & Machine Learning Foundations

A statistical model may be de�ned as a set of probability distributions on a sample space to rep-
resent relationships within data[15]. A formally de�ned statistical model may only characterise
a single set of data; the same model will not describe another dataset. However, algorithms such
as the Decision Tree and Linear Regression exist which statistically model data by adapting to
the given data [16]. Such algorithms bridge the gap between statistical modelling and machine
learning.

There are three categories of machine learning, depending on the available data: supervised
learning, unsupervised learning and reinforcement learning [17]. Supervised learning uses data
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that is annotated with labels, and outputs to the algorithm may only be one of these labels.
Unsupervised learning uses unlabelled data, and develops knowledge of the data by discovering
inherent relationships and patterns within the data. Reinforcement learning gathers data from
its surroundings and learns from feedback in the form of rewards or penalties [18]. Which of
these three machine learning methods to use depends on the application and the available data,
and each have their advantages and disadvantages. For example, with abundantly labelled data,
supervised learning is most popular due to its accuracy [19]. Example algorithms include lin-
ear regression [20], Support Vector Machines (SVM) [21], Random Forest (RF) [22] and Naive
Bayes [23]. Unsupervised learning is useful in data mining and anomaly detection, where raw
data is often unclassi�ed. The algorithm is able to organise data without human interaction
[24]. Example algorithms include K-Means [25], Autoencoders [26] and Dimensionality Reduc-
tion such as Principle Component Analysis [27]. Reinforcement learning is used extensively in
Large Language Models (LLM) and robotics, where the algorithm interacts with its surrounding
environment and learns over time [28]. When the algorithm, referred to as the `agent', makes a
decision based on its environment, referred to as the `state', a good decision earns a reward and
a bad decision su�ers a penalty. The algorithm aims to achieve the highest reward it can, which
requires careful programming of the rewards and penalties to enable the algorithm to learn to
give the desired outputs [28].

Some popular algorithms exist which intersect the boundary between statistical model and
machine learning algorithm. For example, the decision tree algorithm, which has been the topic
of research for over 60 years [29]. Another example is the RF model, which combines multiple
decision trees to improve accuracy. RF models use statistical sampling techniques such as data
bootstrapping and bagging to draw samples randomly and aggregate results, as well as machine
learning techniques such as majority voting [30]. Random forest models are commonly used for
tasks such that use time-series data, such as for occupancy detection.

Occupancy detection using AI holds signi�cant potential for optimising Heating, Ventilation
and Air Conditioning (HVAC) systems to achieve greater energy e�ciency and cost savings [31,
32]. While methods such as camera-based systems can be employed to detect occupancy, these
techniques are often seen as intrusive by users, as they may infringe on privacy and personal
comfort [33, 34]. To address these concerns, non-intrusive sensing methods are preferred. These
alternatives rely on environmental indicators like temperature, humidity, and CO2 levels within a
space to infer human presence. Such non-intrusive techniques o�er a viable solution for occupancy
detection, achieving notable success while preserving user privacy [33, 35].

2.1.2 Deep Learning & Neural Architectures

Machine learning, while powerful and widely applicable, is limited by its ability to process raw
data and required careful programming to achieve acceptable results. Deep learning uses multiple
layers of representation learning, which each allow for representations to be discovered in raw
data [36]. The raw input is transformed into more abstract levels, allowing for complex functions
to be learned.

Recurrent Neural Networks (RNN) are a type of deep learning neural network that show
impressive results in Natural Language Processing (NLP) [37]. RNNs are designed to handle
sequential data such as sensor outputs and natural language [38]. While the concept of RNNs
dates back to the 1970s, they are still widely used, famously as Long Short-TermMemory (LSTM)
networks, which have a greater memory capacity and allow for longer input sequences [39].

Generative Adversarial Networks (GAN) have also grown in popularity for their use in gen-
erating new content including image and video generation [37]. GANs use two neural networks
that compete against each other to generate high quality output; the generator generates the
content, and the discriminator aims to determine if an output was generated by the generator
or one of the real input data samples. By constantly competing against itself, a GAN is capable
of generating very convincing outputs.
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Convolutional Neural Network (CNN) have revolutionised the automation of numerous tasks
by enabling machines to achieve, and in some cases surpass, human-level performance, partic-
ularly in domains such as image classi�cation, object detection, and pattern recognition. Orig-
inating from early work in the 1980s, most notably with LeNet [40], CNNs gained widespread
recognition following the landmark success of AlexNet in 2012. Since then, as computer hardware
has become more openly available, CNNs have become foundational to modern computer vision,
driving progress in applications such as medical imaging [41], autonomous vehicles [42], and facial
recognition [43]. Functionally, CNNs are trained over multiple iterations to allow their model
weights to gradually converge to the required values. Usually, each training loop, (or `epoch'),
provides the model with the same data, so that the data is steadily learned. The quality of the
data used is just as important as the design of the model and, careful attention must be given
to the data collected and admitted to the training process.

2.1.3 Computational Complexity

There are many solutions to the same problem, each with their own pros and cons. To give
an impression of which solution might be most suitable, the computational complexity of each
algorithm can be calculated. Computational complexity is the measurement of how computation
time and space requirements are a�ected by the size of the input data, to gauge the practical
di�culty of solving problems [44]. For example, two algorithms, such as sorting algorithms, that
achieve the same result through di�erent processes, may have a di�erent number of steps to
achieve their results. One algorithm may be more e�cient for smaller input data while the other
is preferable for larger data. A measurement of computational complexity allows for a standard
comparison between methods to enable the best selection.

In the context of AI, some problems require extremely fast processing to achieve real-time
responses, such as with computer vision and chatbots. For such systems, algorithms that give
the quickest response are necessary, which usually increases the cost in computation and energy
usage. As the inference domains expand and input data increases, a once e�cient model may
become ine�ective, calling for careful consideration that the method being used is still the most
e�cient for the entire model lifecycle [45].

2.1.4 Summary

AI has allowed for great progress in recent years, allowing raw data to be turned into meaningful
action. Fundamentally, the data used to train AI is essential to good results. However, as AI
progresses, it is becoming more expensive, demanding more data and computational resources.
This thesis explores alternative methods of data application as a way of alleviating some of the
need for training with such large quantities of data. To explore such alternatives, experimentation
with Convolutional Neural Network (CNN) for image classi�cation and Random Forest (RF) for
occupancy detection are demonstrated in the proceeding chapters of this thesis.
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2.2 Data Manipulation and Transfer Learning

Any method to speed up or otherwise improve training gives bene�ts to model performance and
e�ciency. Transfer learning is the task of transferring knowledge across domains, if both the
source and destination domains contain some similarities [46, 47]. For example, a successful cat
and dog classi�er will likely perform better in attempting to classify tigers and wolves than a
classi�er for trucks and cars. It may also be used to transfer knowledge within the same domain,
to reinforce the model when new data becomes available [48]. Foremost, transfer learning is
a technique used to reduce the amount of time needed to train a model [48]. For example, a
popular use for Transfer Learning is to assist the classi�cation of new data; instead of training a
model from the very beginning when new data is received, a model can use previously attained
weights to speed training up, cutting out the initial training steps [49]. Transfer learning is
particularly useful in situations where sensitive data is required for training, but not available
for distribution. In such cases, a pre-trained model can be distributed and expanded on with new
data while the original data remains protected. However, an issue that arises when training on
new data without including the old data is catastrophic forgetting [50], where the model changes
to accommodate the new data, but in doing so becomes unable to classify the old samples. To
remedy catastrophic forgetting, some or all of the old samples must be included in the training
of the new samples. Alternatively, training a new model on a data subset and then moving onto
the full dataset is a type of transfer learning.

2.2.1 Knowledge Transfer & Distillation

Knowledge transfer is a non-AI speci�c term for passing on knowledge from one entity to another.
Knowledge transfer is important for training new entities, which not only applies to humans,
but is also important for updating processes to use the newest tools. For example, a new
version of an AI model is available but must have the same knowledge as the previous system,
knowledge transfer is key. Transfer learning is a common example of knowledge transfer used
in AI. Knowledge transfer is the principle of giving knowledge from one model to another, in a
similar way to transfer learning.

Knowledge Distillation [51] is a form of knowledge transfer, but speci�cally from a larger,
more cumbersome AI model to a smaller, faster, less resource demanding model. These models
are described as the teacher model (the larger model) and the student model (the smaller model).
Instead of simply training the student model on the data as normal, the student model is provided
the probability distribution of the teacher model, allowing the student model to have more
awareness of the teacher's con�dence scores.

2.2.2 Data and dataset Fusion

AI models are most often trained on data speci�c to the domain they are to operate in. However,
data from the real world may be combined to make it more heterogeneous and informative,
increasing the reliability of the classi�cation and quality of the extracted information [52]. There
are two processes of combining training data: data fusion and dataset fusion. Data fusion
refers to the combination of multiple features into a single dataset for used in regression or
classi�cation [53]. In the context of occupancy detection, data fusion is often referred to as
sensor fusion, as multiple sensor readings are concatenated into one complete dataset. Dataset
fusion allows AI models to perform more reliably in new domains by introducing data from
multiple sources. By combining datasets, information from other domains becomes available,
giving improved performance when tested in new domains. Dataset fusion is a popular method
in image classi�cation tasks, as new images are easily resized to match the original data [54].
However, time-series datasets are seldom in the same format as each other, due to the domain-
speci�c information they capture. Formatting disparity is possible even for datasets that aim
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to capture the same information; for example, in the task of occupancy detection, occupancy
datasets can capture di�erent types of data such as temperature and humidity, image and sound,
altitude and location. When attempting to fuse multiple occupancy datasets, there can be issues
such as mismatching data formats or missing data, which makes training di�cult. Data pre-
processing must be performed in order to homogenise datasets prior to fusion. There has been less
attention given to fusing completed occupancy datasets together to improve model robustness.

2.2.3 Summary

Knowledge transfer allows models to start training not from scratch, but with some context to
the task. Domain context allows more rapid training, reducing training cost. This thesis explores
knowledge transfer in a novel way by training a model with a reduced dataset to begin with,
and then introducing more data after some time. Dataset fusion is explored with occupancy
detection datasets to gain understanding of how that a�ects performance, and if dataset fusion
is useful for the Random Forest (RF) algorithm's ability to generalise across di�erent locations.
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2.3 Data Di�culty and Learning Dynamics

Several research directions have aimed to categorise data as more or less di�cult for an AI model
to learn. Understanding and categorising data di�culty is useful as more di�cult data has been
shown to be more vital to correct classi�cation. `Easy to learn' data takes fewer training loops for
the model to learn how to categorise it, and therefore over the entire training process it does not
e�ect the model much beyond the �rst few training epochs. On the other hand, `hard to learn'
causes greater changes in a model's weights, as more changes are needed to correctly classify
these data samples, and are therefore, more important to train with. The less important `easy'
data is less integral to training, and may be removed to reduce training cost [55].

2.3.1 Easy vs. Hard-to-Learn Samples

There have been multiple ways to categorise data as `easy' or `hard' to learn. One de�nition is to
describe easy samples as ones that are correctly classi�ed at early stages of training, while harder
samples require more training loops [56]. Research by Toneva et al. [57] introduces a `forgetting
score' for each datapoint. Each time a single datapoint goes from being correctly classi�ed to
incorrectly classi�ed, its forgetting score increases. Datapoints with a higher forgetting score
are harder to learn, as the model is less certain about its classi�cation boundaries. Therefore,
it is more important to training, as it is more critical to de�ning these class boundaries. Less
forgettable datapoints are ones that are repeatedly classi�ed correctly, and do not contribute
to correct convergence as much as more di�cult data. Less forgettable data is therefore a
prime candidate for removal, through which time and computational resources can be minimised,
increasing overall e�ciency.

Data pruning [58] is a technique that reduces an entire dataset by giving each datapoint a
`parameter in�uence', and then removing datapoints with the lowest in�uence. Through data
pruning, not only is data utility optimised but also the computational load of training the model.
A similar alternative is to perform preliminary training for a few iterations on a complete dataset
to �rst identify the most impactful features. After these features are identi�ed, only they are
used to train for the full duration [59].

Understanding the most useful data in a dataset is important, but it is also important to
understand which data are most useful at di�erent stages of training. Usually, training AI models
involves several iterations of computation on the full dataset. However, this thesis explores
methods of dynamic data reduction. Upon identifying which data are `easy' to learn and which
are `hard', by means of parameter in�uence or the forgetting score, training may be performed
with only the easier data for more rapid training, and �ne-tuned with harder data once the model
parameters have been improved. Alternatively, by systematically removing data and observing
the e�ects on model performance, most useful data may be identi�ed.

2.3.2 Dimensionality Reduction and Mapping Sample Importance

For image classi�cation tasks, the primary goal is to di�erentiate images between classes. One
might attempt to plot each data point in a dataset, so that the borders that separates the classes
might be observed. However, the number of dimensions that an image represents cause near
uniformity of distance from the classes' centroid, which is a problem known as the `curse of
dimensionality' [60]. Consider the handwritten digit dataset, MNIST; each image is 28 pixels
square with a single colour channel, equating to 784 dimensions. Data dimensionality becomes
even more of a challenge as the size of data increases, where the number of dimensions ranges in
the several hundred thousand.

To counter the e�ects of high dataset dimensionality, more data points may be used for
neural network training. However, collecting more data is di�cult for some domains where
data is sparse, su�ers from class imbalance, or otherwise lacks variation. For example, medical
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image datasets are both sparse and su�er from class imbalance [61], and Printed Circuit Board
(PCB) datasets have few images per class with little di�erence between them, due to their highly
consistent design.

Dimensionality reduction is a popular technique which transforms data into a lower-dimensional
space. Dimensionality reduction aids in data visualisation and addresses challenges associated
with the curse of dimensionality, which can impede data grouping and analysis [62]. Princi-
ple Component Analysis (PCA) [27], for example, identi�es and analyses principle components
within a dataset, which may then be used as feature sets for training, replacing raw data [63].
By using only these essential components, models experience a reduction in complexity and op-
erational costs without sacri�cing key data insights or performance. Dimensionality reduction
is popular in reducing image data [64], but when reducing time-series data it is important to
consider the temporal nature of the data, and that feature order must be preserved. PCA has
proven to be useful as a preprocessing step before applying machine learning, but assumes lin-
earity in the data. Kernel PCA (KPCA) applies a kernel to the data, allowing it to handle
non-linearity, but it has a high computational overhead [65]. An alternative algorithm is Uni-
form Manifold Approximation Projection (UMAP), a dimensionality reduction algorithm that
has been used widely for pre-processing in machine learning tasks [66]. It is applicable to many
types of data and has been greatly successful in tasks including image classi�cation [67], medical
science [68], and electronics [69, 70]. t-distributed Stochastic Neighbour Embedding (t-SNE) is
another popular dimensionality reduction to aid with visualising high-dimensional data [71]. By
using UMAP or t-SNE to reduce the dimensionality of a dataset, the distance between each data
point may be much more easily quanti�ed, which allows further processing tasks such as data
reduction. For example, UMAP allows datapoints to be viewed in as little as 2 or 3 dimensions,
which allows data to be represented in Euclidian space, which in turn allows the data to be dis-
played with conventional graphing techniques. By applying the UMAP algorithm to a dataset,
the centroid of each class (where all its datapoints revolve) can be calculated, and data may then
be removed based on its distance from its centroid [72]. Surprisingly, by removing data closest
to its class's centroid, accuracy is increased, despite fewer training evaluations being performed
[72]. On top of bonus accuracy, by training with less data the runtime of the training is reduced,
which correlates to less spent on electricity, reducing the carbon footprint of the training process.

There exist alternative distance metrics used in deep learning, such as Signal-to-Noise Ratio
(SNR), which are not derived from dimensionality reduction [73]. SNR has been used as a
distance metric to aid the classi�cation process in a similar way to the Euclidian distance derived
from dimensionality reduction, with the principle idea is that data can be ordered and then
reduced to improve training e�ciency.

2.3.3 Curriculum Learning

Curriculum learning is the process of training an AI model on easier data samples at earlier stages
of training, and increasing the data sample di�culty over time, which shortens training time and
may improve model performance [74]. Curriculum learning was �rst formally introduced by
Elman et al. [75] in 1993. It was �rst used in the �eld of Machine Learning by Bengio et al. in
2009 [76]. Since then, it has been an often explored method of providing data to an AI model to
aid the learning process in multiple domains, including image classi�cation [77], computer vision
[78], and large language models [79], generally improving model performance.

As AI model training takes multiple loops, a curriculum learning model can select which data
to use based on the current training loop, or by current training progress. Figure 2.1 shows an
example of how the curriculum learning process might unfold.

Curriculum learning is the process of providing previously curated and sorted data to an
AI model. The quality of the data curation directly a�ects the performance of the curriculum
learning, and therefore requires great attention for optimal results. Data curation may be per-
formed using human annotators [80], or automated by machine; curriculum learning systems
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Figure 2.1: An example of the Curriculum Learning process. Data selection chooses which data
subset to use, based on either the current training loop or current model performance.

may include their own data di�culty estimators, which judge which data is easy or hard before
the training process [74]. The performance of such a system depends strongly on the success of
the estimator, as if the estimator poorly categorises the data samples, the AI model may intro-
duce di�cult data at earlier stages and easier data later. Alternatively, if the estimator favours
samples of particular classes, it will introduce class bias which can hinder performance. In such
cases, training time is e�ectively wasted on these earlier stages, highlighting the importance of
high quality data di�culty measurement.

2.3.4 Summary

Some datapoints are easier to learn than others, and some datapoints take longer to learn.
Previous works attempt to identify data di�culty prior to training, to give focus to the training
process. Identifying and focusing on more di�cult data samples, and focusing less on easy to
learn samples, can enable a model to perform better in the more di�cult test cases while still
performing will in easier ones. However, there is a gap in this are of research whereby a dynamic
application of data may be applied after data is ordered by di�culty. This thesis explores this
gap with dynamic data application.
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2.4 Deployment Architectures: Cloud vs. Edge

AI solutions can generally be deployed using one of two approaches: within a cloud-based archi-
tecture or directly on-board a device through edge deployment. Each approach o�ers advantages
and disadvantages depending on the application requirements, operational constraints, and avail-
able infrastructure [81].

Cloud-based AI deployments remain highly popular due to their scalability, �exibility and
relative ease of maintenance [82]. Cloud infrastructures provide access to substantial compu-
tational resources, enabling the deployment of larger and more complex AI models that may
otherwise be impractical to execute locally. However, as cloud computing grows in popularity,
they face an increase in cyber security threats [83, 84].

In contrast, edge deployments require computational processing to occur on or near the data
source. Edge deployment is necessary for applications where low latency, real-time decision is a
priority [85, 86]. Also, by processing data directly on the device, edge AI systems can reduce
reliance on continuous internet access, while also minimising the transmission of potentially
sensitive information to external servers where data may be intercepted [86].

2.4.1 Cloud-Native Foundational Models

The application of AI into cloud environments allows rapid deployment and adaptation to trends
and technological advancements [87]. Cloud platforms allow systems to scale dynamically in
response to increased demand, making them particularly suitable for applications requiring high
availability or the processing of large volumes of data [88].

A traditional AI solution is often monolithic in structure, operating as a large, single appli-
cation. While such applications can be run on the cloud, a truly cloud-native solution must be
developed with a unique set of principles which di�erentiate them from traditional AI applica-
tions which encourage scalability, performance and e�ciency [89]. A monolithic application scales
vertically, requiring greater resources such as memory and computational power to scale a single
instance of a program; cloud computing scales horizontally, allowing more, smaller instances to
be run, allowing the computational load to be spread out [90]. Containerisation isolates these
cloud instances, allowing dynamic resource allocation, contrary to traditional systems [91]. Au-
tomation practices such as Continuous Integration / Continuous Deployment (CI/CD) pipelines
reduce the need for manual processes, improving operational e�ciency and reducing human error
[92].

Outside of cloud-native design principles, techniques such as federated learning are well suited
to deployment in the cloud. Federated learning is a distributed machine learning method to train
a model across multiple decentralised devices, without also decentralising the data [93]. A server
does not control the training, but receives information from the decentralised devices to update
the model's parameters. Examples of its use include predictive text, advertising, and with
Internet of Things (IoT) devices.

2.4.2 Edge AI & Resource-Constrained Learning

Edge computing allows data to be processed close to the data source with little to no data
transmission, contrary to a centralised location as is common with cloud computing [94]. An
edge computing device has a relatively small size and low power usage making them ideal for
deployment in a multitude of environments, and excel at providing real-time inference on data
received from its sensors [86]. However, machine learning, and to a greater extent deep learning,
are computationally expensive, which makes edge AI challenging due to the comparatively limited
computational and memory resources available on edge devices [95]. As such, smaller and more
computationally e�cient AI models are generally preferred, such as MobileNet for computer
vision tasks [96] and the random forest algorithm for processing environmental data.
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Spiking Neural Networks (SNN) are gaining interest as an alternative to the familiar arti�cial
neural network model. Unlike traditional arti�cial neural networks, spiking neural networks
transmit information in asynchronous discrete spikes. Activation of a neuron sends a signal
to the next, with a signal strength proportional to the weight of the neuron; when the signal
reaches a high enough value, it triggers the next neuron [97]. A an asynchronous With the
advancements in AI which introduce additional complexities that are gradually outpacing the
capabilities of edge computing, the low power, low latency nature of spiking neural networks
makes them particularly attractive in edge AI [98].

Cloud AI and edge AI are often considered separate techniques, when in reality they can
be used to create a single highly e�cient solution. For example, a system that uses distributed
computing across multiple edge devices, which each collects unique sensor data, is both a cloud
and edge solution [92]. Such a system uses the best of both architectures, utilising e�cient
practices from cloud-native processing to compliment the low resource edge devices.

2.4.3 Measuring Power Consumption

Power consumption can be measured by treating a computer or datacentre as a black box and
measuring the power draw of the entire system. Power Usage E�ectiveness (PUE) is a popular
metric for quantifying the e�ciency of an entire datacentre by comparing the total power use
of a facility against the power consumption used for computation. While it is useful to measure
the e�ciency of power usage in an entire system, it is essential that the e�ciency of the indi-
vidual component be measured [99]. For an AI application, as with any application, the power
consumption may be calculated as a sum of its components. For AI speci�cally, the energy used
to train the model, energy used at inference over its lifetime, data storage and transmission are
all key components of the application, each with their own associated costs. It can be di�cult
to identify the power consumption of AI as there can be several overhead costs in conjunction
with running an AI model. Some power measurements might consider only the GPU power
draw, which accounts for most of the AI's processing, while others include CPU power draw and
other application overhead [100]. Another issue in making power estimates is that assumptions
about the hardware in use and model parameters may skew calculated power consumption values;
while these estimations can be avoided by directly measuring the power draw of the hardware,
which is a valid approach for development and small-batch testing, direct measurement becomes
impractical when deployed in a larger system such as on the cloud [100].

The energy use for edge AI is generally less than that of cloud-native AI, as edge devices are
inherently low power [86]. Muhoza et al. compare the same inference of a deep convolutional
neural network performed on a cloud server and on an edge device, showing that energy is reduced
by 21% simply by not having to transmit the data to the cloud server [101]. Therefore, data
transmission is an important power consumption metric to consider.

2.4.4 Summary

How an AI system is to be deployed has challenges that a�ect how the system should be devel-
oped. For edge AI, a fast-acting model that runs on low-power, low-compute devices is required.
Edge AI generally runs cheaper than cloud AI, which corresponds to a lower economical and
environmental cost, but at a reduced capacity than a high-power cloud AI model. However,
reduced resources on edge means compromised performance. This thesis explores using less data
to observe the e�ect on performance, and if by using data reduction, resources may be freed
up for allocation elsewhere. Speci�cally, in chapter 6, classi�cation on the edge is explored for
the task of occupancy detection, to observe how data reduction might improve performance on
compute-limited edge devices.
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2.5 Data Usage Dynamics

It is well established that a Deep Learning model will have increased performance if provided
with more training data [3]. Data collection may be performed by manually gathering data,
a process commonly achieved either as an individual or part of a group or company, by using
freely available data licenced as open-source, or via methods such as crowdfunding [4, 102]. In
whatever way data collection is done, it is a both a time consuming and resource expensive
process due to the sheer quantity of data required [103]. Another concern when collecting data
is analysing data quality, or data cleanliness [104]. Data analysis includes identifying errors in
collected data, ensuring appropriate class balance, or removing bias. Examples of errors might
be incorrect labelling, or, in the case of image data, blurry images or insu�cient lighting. For
best performance in deployment, AI models need to be indi�erent to conditions such as these to
maximise generalisability.

2.5.1 Increasing and Decreasing Data Use

As an alternative to data collection, data augmentation may be used to increase the amount
of data available to a model [105]. Instead of collecting more data samples, currently existing
data samples may be modi�ed to give new, unique datapoints for training. Data augmentation
is often preferable over manual data collection, because annotated data is relatively scarce and
can be di�cult to obtain, as well as requiring expert knowledge in order to label and validate
the data [102, 106]. Simple data augmentation techniques for image datasets include creating
copies of existing images and cropping, panning, rotating and blurring them, which improves
generalisability and stops over�tting by removing focus from speci�c features. Such techniques
achieve noticeable improvements in a model despite their simplicity. Table 2.1 shows the State
of the Art models for image classi�cation across six datasets. Each model uses some form of data
augmentation to arti�cially increase the amount and variety of data available for training, which
gives the model the improved accuracy that puts the model at the top of their leaderboards.

Table 2.1: State of the Art Image Classi�cation models with the data augmentation methods
used (as of March 2022). Augmentation increases the available data, giving improved

performance.

Dataset
No. training

images
Model

Top
Accuracy

Extra data/
Augmentation used

MNIST 60,000
Homogeneous
ensemble with

Simple CNN [107]
99.91%

Random rotation/
translation

CIFAR-10 50,000 ViT-H/14 [108] 99.50%
Random horizontal
�ip, square crop

CIFAR-100 50,000
E�Net-L2
(SAM)[109]

96.08%
Horizontal �ip, padding,

random crop,
AutoAugment [110]

SmallNorb 24,300
E�cient-

CapsNet[111]
98.77%

Downsampling,
random 32x32 crop,
random brightness

FlowerNet-102 1,020
CCT-14/
7x2 [112]

99.72%
RandAugment [105],
AutoAugment [110]

iNaturalist 2018 675,170 MetaFormer [113] 88.70%
RandAugment [105],
AutoAugment [110]

Data augmentation may be performed in real-time, known as online augmentation, which

Chapter 2 Dominic Sanderson 29



Dynamic Data Reduction for Foundational AI Models

creates unique data each epoch. Alternatively, there is o�ine augmentation, where the data is
augmented only once, before any training [114]. Augmentation is commonly used to combat
issues such as over�tting and shortage of data [115], but for datasets with well-balanced data it
can also used to achieve higher levels of generalisability [116].

While there are well established bene�ts of increasing training data, there are also uses
for data reduction techniques. Such practises are less common, as basic linear random data
exclusion causes an exponential decrease in system performance; not only is the average accuracy
decreased, but the standard deviation of accuracy increases, showing that the training outputs
are inconsistent and unstable [117]. Data reduction is uncommon practice in image classi�cation
tasks, as very often more data leads to better classi�cation. However, in cases where some data
is undesired, it is bene�cial to remove it; for example, data trimming is the process of removing
extreme values, without compromising the dataset[118]. Some uses of data reduction techniques
give an increase to a neural network model's performance. For example, in domains where labelled
data is sparse, for example medical imaging, the data often su�ers from class imbalance. Class
imbalance can lead to bias, where the model favours a class's samples due to its larger sample
size. To counter class imbalance arti�cial samples can be added to the smaller (minority) class, or
removing samples from the larger (majority) class. These processes are called oversampling and
undersampling, respectively [119]. Undersampling techniques may be employed to reduce the
amount of data of the majority class, alleviating the e�ects of class imbalance [120]. Less success
has been gained with random exclusion, but methods such as Cluster Centroids [121] and Tomek
Links [122] select the most appropriate data to remove; they are often used with oversampling
techniques to give an increase in model performance [123]. Undersampling is a technique used
primarily to resolve class imbalance and is therefore unsuitable for uniformly balanced datasets,
and can be considered a data reduction technique as it reduces the size of the dataset.

For balanced datasets, methods exist for identifying the `usefulness' of data, which allows less
useful data to be removed from training. There is a desire to be able to identify data usefulness
prior to any training, before any large amounts of computation is performed. The work in [124]
aims to identify redundant data in a dataset, which may be removed from training before running
any AI models at all. By calculating the `class density', each class is given a score which may
be used to quantify how much data in that class may be removed before training. If used in
conjunction with class balancing techniques such as undersampling, datasets may be re�ned to
contain only the most relevant data to the training task at hand.

While there is a proven bene�t to increasing data use on model performance, there is a cost;
the more training samples are included, the more training time is required. Using extra data
a�ects runtime and the computational cost of the model, which directly correlates to electricity
use and CO2 emissions. Also, with more data being used and collected, storage needs are
increased, as well as data transfer costs. This thesis aims to investigate using as much data as
available to improve model performance, but also to reduce the amount of datapoint evaluations
to reduce the cost, to �nd the middle ground between performance and cost.

2.5.2 Dynamic Data Use

Dynamic data usage is the process of using di�erent data throughout training. While the con-
vention is that an AI model is trained with the same data over multiple iterations to allow the
model's weights and biases to converge to a stable state, recent research has found that modifying
the training data on-the-�y can lead to performance bene�ts.

Data pruning [58] is a popular method to automatically remove disruptive data over the
course of training. Data pruning is particularly important in semi-supervised and unsupervised
learning, where some data may be mislabelled or particularly hard to learn, and would otherwise
disrupt training with poor performance [125]. Data pruning can also aid training by lessening
the computation required when there is a lot of data to process, such as in data mining with K-
Nearest Neighbour (KNN) algorithms [126]. These methods identify which data may be removed
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at runtime, live, as the program receives it.
By using less data, both the training time and computational resources may be reduced.

However, data reduction often comes at the cost of classi�cation accuracy; by excluding some
data, the model may lose features vital for classi�cation. To bene�t from reduced computational
resources and avoid the loss in essential features, dynamic data use may be used by selecting a
fraction of the data to use for a portion of the training, and increase or decrease the amount of
training data as training progresses. Dynamic data use ensures all data points of a dataset are
utilised, but some data points of less importance are given less focus during training. The question
is, therefore, how the importance of a single data point relative to its peers is determined. This
thesis provides multiple methods to create statically de�ned data subsets, which may be trained
on dynamically as training progresses. The methods shown aim to give a better understanding
of the e�ects of data removed at di�erent stages of training.

2.5.3 Summary

It is very common to increase the amount of training data to improve model performance, either
by data collection or augmentation of existing data. Collecting more data is the more di�cult
option in many data domains, and data augmentation is relatively simple to integrate into model
training. Especially with raw data collection, sometimes new data samples are misleading to an
AI model, and can not only hinder the model's performance but also increase training cost.
Removing these data samples through data reduction can remedy this issue, giving a boost to
model performance. The experimentation in this thesis uses data reduction to remove data from
a portion of the training to increase training e�ciency, and uses the full dataset to ensure full
data coverage. This methodology is referred to as dynamic data application.
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2.6 CO2 Emissions and Energy E�ciency in AI

With climate change being an important topic and AI currently taking an estimated 1.5% of
the world's power, it is important to understand the environmental cost of AI. The emission of
greenhouse gases due to human activities has caused a global increase in temperature of 1.5°C
[127].

The Carbon Intensity (CI) of electricity describes how much CO2 is emitted in relation to the
electricity generated. Encouraging the use of electricity sources with low carbon intensity, such
as hydro-power, geothermal, wind and solar, reduces the long-term environmental impact [128].
Also, not only is the CO2 emissions important to consider, there are other metrics to consider
in the modern application of AI that must not be ignored. For example, data centres and cloud
servers consume fresh water as coolant, as well as for energy generation [129]; the Google data
centre in The Dalles consumed 29% of the city's total water consumption in 2021 [130]. Also,
despite the training of a model being the more energy-intensive operation, over 80% of the energy
consumption comes at the inference stage, as a model is repeatedly called upon during inference
at the user's request [131].

2.6.1 Green AI

Green AI [132] is a paradigm of incorporating sustainable practices and techniques to AI model
design, training, and deployment so as to reduce the associated carbon footprint and environ-
mental cost [133]. Its importance becomes apparent with the rapid expansion of AI which has
brought about the substantial growth in the models and data necessary for its operation, which
poses sustainability challenges for users [134]. Also, the environmental e�ects of AI have become
an increasing concern, as training new models costs more in electricity and associated CO2, as
well coolant and refrigeration costs [133]. As costs increase, there is a strong desire to be able
to train AI more cheaply, with both more e�cient AI models and training data.

Generally, an increase in data can enhance model performance; however, recent research has
focused on identifying the most useful data to streamline collection e�orts and model training
[135]. A targeted approach by identifying most useful data can reduce the resources required for
training without sacri�cing accuracy or performance.

2.6.2 Carbon Accounting in AI Work�ows

The power consumed by an AI application may be measured and converted into CO2 emissions,
which is a popular metric for understanding environmental cost and critical for the mitigation of
the e�ects of climate change [136]. Not only is it useful to reduce the CO2 cost for environmental
bene�t, but by reducing CO2 usage electricity cost is also reduced, which translates to a lower
economic cost.

Alternative methods to measuring only the CO2 emissions include Environmental, Social
and Governance (ESG), which also takes into account corporate earnings and the social value
of a product, and is regarded as closely tied to green AI principles [137]. As AI continues
to evolve, so has the need for accurate ESG reporting [138]. Traditional methods of carbon
accounting rely on manual data collection from fragmented data sources, which often su�ers
from inconsistency and human error [139], causing inaccurate assessments. To resolve the issues
of manual carbon accounting, sustainability e�orts have bene�ted from AI-driven approaches to
carbon accounting, showing promise in machine learning and natural language processing. Suri
et al. report that AI-powered accounting solutions yield 32% fewer mistakes, while reducing data
processing time by 70% [140]; however, AI-driven approaches are hindered by concerns over data
privacy, implementation cost and algorithmic transparency [141].

Chapter 2 Dominic Sanderson 32



Dynamic Data Reduction for Foundational AI Models

2.6.3 Energy-to-Accuracy Trade-o�s

Finding the balance between speed, e�ciency and accuracy is a constant challenge; high-speed
and e�ciency is critical for real-time applications, and high accuracy is necessary for tasks such as
medical diagnoses and fraud detection [142]. More broadly speaking, more e�cient systems have
a lower running cost, which is bene�cial to all who use them. Therefore, if possible, a cheaper
system with a reasonable margin of error is preferable over an expensive and slow system.

Mate et al. compare eight CNN models in terms of accuracy and energy e�ciency [143],
showing that di�erent models have di�erent running costs for the same task. Results indicate
that the highest performing model, ResNet-50, achieves the highest accuracy but at the highest
carbon cost. They also demonstrate that when the same model is run on di�erent hardware,
using a Raspberry Pi 4 and Nvidia Jetson Nano, the training time and carbon costs are lower
for the Jetson Nano, showing the importance of using e�cient hardware.

Ariyanti et al. investigate the e�ects of modifying model hyperparameters during model
training on accuracy and energy e�ciency. They show that, in the context of image classi�cation
with the MNIST dataset, using early stopping to detect when training has peaked to stop training
early, can give an energy usage reduction of up to 55%, although with a slight reduction in model
accuracy. By reducing the dataset by 60%, energy usage is reduced, also with a reduction in
accuracy. Finally, by simply using a larger batch size, energy consumption is reduced with no
noticeable loss in accuracy, concluding that there are multiple methods to reduce energy usage
with varying e�ects on model performance [144].

2.6.4 Benchmarking Sustainability Metrics

Datacentres are a large contributor to the global carbon footprint. Gandhi et al. raise awareness
to the carbon footprint issue and propose metrics to measure the end to end sustainability
footprint of datacentres, arguing that common metrics such as Power Usage E�ectiveness (PUE)
give an incomplete picture, as it does not consider factors such as the energy source, which may
be entirely green [145]. Carbon and water usage are proven to be too coarse to be mapped to an
individual inference call, and Carbon Dioxide Equivalent (CO2e) is proposed as an alternative.
These e�orts are expanded on by Eilam et al., who introduce Embodied Product Cost for the
sustainability measurements of the software used by datacentres, which so far had been neglected
[146].

Most sustainability e�orts are focused on NLP and LLM tasks, due to their current relative
popularity. Sustainability measurements are still very much important for edge AI and computer
vision tasks. Mate et al. use Carbon Cost Per Inference (gCO2eq), computed from the power
draw and regional carbon intensity, to compare the e�ciency of multiple CNN models for image
classi�cation tasks [143].

While more accurate metrics are necessary to understand the sustainability of AI and data-
centres, many authors call for benchmarking procedures. Naug et al. introduce SustainDC as a
software suite to benchmark datacentres' sustainability, for the task of multi-agent reinforcement
learning [147]. Jegham et al. introduce a benchmarking framework to quantify the inference of
an LLM, deployed in a datacentre. The methods described decouple the LLM from the rest of
the cloud infrastructure, measuring the energy drawn from actively assigned GPUs [148]. Each
benchmarking procedure o�ers di�erent methodologies and metrics, which contradicts the point
of benchmarking tools. While e�orts to create benchmarks are gaining traction, there are still
di�ering opinions of which metrics are best, which, as AI continues to expand, needs to be
determined with increasing urgency.

Lifecycle Assessment (LCA) is a powerful tool for identifying the environmental impact of an
application [149]. LCA assesses a product's environmental impact from all stages, starting from
the collection of the raw materials used for manufacture, the manufacturing itself, upkeep of the
product including electricity and data supply, and �nally for disposal [150]. Since its conception
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in the 1960s and growth of interest in the 1990s, it has been widely used in conjunction with
concerns with the growth of carbon emissions. However, despite its established usefulness, LCA
has not been adapted for modern AI until 2025 by Plociennik et al. [151], who highlight that
traditional LCA methods are not inherently suited for AI, and require further adaptation.

2.6.5 Summary

Green AI is as important as ever in the current AI landscape. Reducing the carbon footprint on
an AI process is important as AI continues to expand for sustainability reasons. As such, this
thesis aims to �nd an ideal trade-o� between energy use and model accuracy through relevant
data reduction techniques.

In industry environments, there are many metrics that have been developed to understand
the sustainability of a process. Despite this, there is still no universal metric that developers can
use to understand the environmental impact of AI. For simple processes, recording the runtime
and calculating the electricity and CO2 cost is valid, but does not expand well with scale. For the
sake of brevity, as the experimentation in this thesis focuses on training relatively small models,
CO2 is used as the metric to understand environmental impact.
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2.7 Training Stop Methods and Early Stopping Strategies

It is di�cult to predict in advance when model training will be completed. Training can be
performed for a �xed amount of time, which means that even though a model is su�ciently
trained, training will still carry on until the prescribed number of training epochs has passed.
Alternatively, if too few training epochs are allowed, training can be cut short, causing perfor-
mance loss [144]. Early stopping is a technique which detects when a model is su�ciently trained
and halts training, saving time and computation resources. It is also a well established regular-
isation method, which can stop potential over�tting of a model [152]. A simple early stopping
method, called the `knee' method, involves detecting at each training loop whether a metric,
such as training loss, has stagnated. Assuming a model is able �t a dataset, the loss gradually
decreases as the data is learned, eventually plateauing once the global minimum is reached. At
the plateau point, the early stopping metric is no longer improving, and training is halted. Also,
it is possible for the training loss to continue to reduce, while test loss increases, which is a sign
of over�tting; by detecting a stagnated loss metric, training can be halted to minimise the e�ects
of over�tting.

Early stopping principles are not limited to model training, and may be applied during model
inference. AI-screening tools have been used to read article abstracts, and determine whether
the information is relevant to the speci�c task at hand and discard a paper early if deemed
irrelevant [153]. Wang et al. use AI-enhanced early stopping to optimise e�ciency in A/B
testing frameworks by incorporating dynamic threshold adjustment, which can be used stop
testing early and save computational power [154].

2.7.1 Early Stopping for Automated Hyperparameter Tuning

To ensure an AI model performs the best it can, there are several components referred to as
hyperparameters that may be modi�ed and tuned for optimal performance, including learning
rate, batch size, and the loss function [155]. Identifying the best combination of so many param-
eters can be a time and energy consuming task, which can be shortened with early stopping to
remove unnecessary processing.

AutoML is a hyperparameter tuning technique that involves setting ranges for various hyper-
parameters and comparing the performance of each combination to identify the best performing
model. Training multiple combinations of hyperparameters can take a long time to run, espe-
cially if each combination is given the same number of training epochs to train. Long training
times may be alleviated by the early stopping of con�gurations that show little promise at earlier
stages, saving time and energy [156].

2.7.2 Dynamic Stop Criteria

Traditional early stopping methods measure the training loss and halt training after a loss value
does not improve. If the loss does not improve for a �xed, consecutive number of training epochs,
de�ned by the `patience' value, training is stopped. A static patience value is popular due to its
simplicity, but it can be restricting for data that is slow to learn, causing premature stopping.

Dynamic stop criteria, such as a dynamic patience value, can more optimally adapt to the
data. Franchini et al. show methodology to dynamically adjust the patience value, which
speeds up the process identifying of optimal learning rate and batch size [157]. Podgorelec et
al. introduce a dynamic stopping criteria for hyperparameter tuning. A model is trained with
di�erent hyperparameter settings, to identify the optimal training settings. Instead of traditional
early stopping for each hyperparameter combination, the Area Under Normalised Loss (AUNL)
is calculated and used to compare each model with the best performing so far, dynamically [158].
By comparing each hyperparameter combination with the best performing there is no need for
a static cut-o�, giving each model as much time as it needs to train.
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2.7.3 Resource-Aware Termination

Early stopping saves computation and energy, contributing to Green AI principles. Being inher-
ently low-compute, edge devices bene�t from early stopping, to minimise cost where possible,
even to the point of understanding that a task requires more computation than available and
o�oading it to more powerful hardware [159]. Federated learning, which compiles a model from
training performed on multiple edge devices, can bene�t from resource-aware termination by
identifying which edge devices contribute the least to a model and halting them. Niu et al.
demonstrate how early stopping, in combination with novel methods to select the most signi�-
cant edge clients, improves e�ciency and data safety [160].

Resource awareness is also useful for larger AI models such as Large Language Models (LLM),
which do not typically run on edge devices. Understanding the optimal Test-Time Compute
(TTC) can allow smaller models to rival the performance of larger models; Amer et al. provide a
novel approach to improve LLM performance by performing a check partway through training to
identify an optimal Test-Time Compute (TTC) con�guration, instead of at the end of training.
In doing so, training may be stopped early, reducing the required training compute and improving
model performance [161].

2.7.4 Summary

The experimentation performed for this thesis shows the e�ects of dynamic data reduction on
model training. Early stopping was not used for these experiments, to grant consistency be-
tween experiments. However, as the preliminary testing has been performed and dynamic data
reduction has shown promise, there is now the opportunity to explore early stopping with dy-
namic data reduction, to improve training e�ciency by giving more intelligent dynamic data
application.
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2.8 Summary and Research Gap

While it is tempting to use the best algorithms and the largest datasets to gain the best per-
formance, it is important to account for the cost of these algorithms, including not only the
environmental cost, but hardware requirements and practicality of deployment. Green AI is a
paradigm that aims to give awareness to environmental cost of AI, and improving sustainabil-
ity and AI performance through methods other than more data and more powerful computers.
Not only is using more data less sustainable, but too much data can also cause issues such as
over�tting, while also increasing training cost. One method to reduce training cost is through
the use of a partially trained foundational model which can give a headstart to training, by
using knowledge transfer principles. Combining knowledge transfer with an understanding of
data complexity can give further boosts; training a model on easier, quick to learn data and
transferring this knowledge on to train on harder data is an approach explored in this thesis.

In order to minimise the training and running costs of these AI models, this thesis demon-
strates a novel method to apply data to a model in a dynamic, reduced manner. This requires the
model to perform fewer data evaluations, but use the full dataset available so as to not discard
valid data.

This thesis begins by exploring methods of dynamic data reduction in chapter 3, where
dynamic data reduction is introduced in an attempt to minimise computation while still making
use of the full dataset. Methods are expanded in chapter 4 with the introduction of data
ordering and informed data selection. Dynamic data reduction is further explored in 5, where
the novel sliding data window method is introduced. Finally, dynamic data reduction is explored
with time-series data in chapter 6, and a metric to identify suitability of dataset reduction is
explored.
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Chapter 3

Maintaining Performance with Less

Data: Understanding Useful Data

When creating a deep learning solution, there are two main factors that determine its success:
the model used, and the data used to train with. For the task of image classi�cation, the
model, often a convolutional neural network, may be programmed, optimised, and experimented
with to reach an acceptable performance, but the data used to train it is fundamentally the
determining factor [162]. If inappropriate data is used to train and test a model, the model will
perform poorly when deployed in real-world situations and can be regarded as a bottleneck to
the system's performance [102]. Therefore, consideration must be given to ensure not only an
appropriate quantity of data is available, but also data of suitable quality [102].

Traditionally, a deep learning task has three stages: Data Collection [102], Data Process-
ing [163], [164], and the training of the Network Model. These steps are most often performed
sequentially, but are sometimes somewhat interlinked; for example, the Data Collection may
be real-time image or text capture, or the model may use Online Augmentation, where data is
augmented di�erently each training loop. Figure 3.1 shows the data �ow of an Image Classi-
�cation model with Online Augmentation. After each training loop, the model returns to the
Augmentation stage.

Figure 3.1: Common neural network model structure with
Online Augmentation for an image dataset, where

λ = initial dataset, λa = augmented dataset.
fa() = augmentation function.

This chapter introduces and investigates three sets of experiments where, each epoch, data
is selected for training during the data selection stage. The result is a model that uses a reduced
dataset, and does not use all data for each epoch. These strategies are Data Step, Data
Increment and Data Cut. Figure 3.2 shows the model structure created for this chapter, with
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a data selection stage. This allows the model to select and reduce data dynamically, at each loop
of training. This in turn enables the various data reduction techniques described in this chapter.

Figure 3.2: Proposed model structure with Dynamic Data Selection
and Online Augmentation for an image dataset, where

λ = initial dataset, λr = reduced dataset,
λa = augmented dataset.
fr() = reduction function,

fa() = augmentation function

3.1 Methodology

3.1.1 Datasets

Multiple variations of experiments were performed to observe the e�ect of varying amounts of
data reduction on model performance. As such, datasets with small image sizes are ideal, as
they required less time to train allowing rapid experimentation. Using popular and open source
datasets allows easy comparison with other image classi�cation models, which makes it possible
to compare with the current state of the art.

Three datasets were used for experimentation: the handwritten digits dataset MNIST [165],
CIFAR-10 [166], and the model toy dataset smallNORB [167]. Table 3.1 shows the properties of
each dataset. MNIST has the most datapoints and smallest image size. CIFAR-10 has slightly
fewer images than MNIST, and the images are slightly larger and in colour, as shown by having
three colour channels. This requires a small change in the model input pipeline which is standard
for using di�erent datasets. The smallNORB dataset has the fewest image datapoints and one
colour channel, but the largest image size, which requires a slightly di�erent data input pipeline
similarly to CIFAR-10.

Table 3.1: Dataset properties for the datasets used in this chapter.

Dataset
# Training
images

# Test
images

Image size
(pixels)

# Colour
channels

MNIST 60,000 10,000 28x28 1
CIFAR-10 50,000 10,000 32x32 3
smallNORB 24,300 24,300 96x96 1
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3.1.2 Hardware

Multiple hardware were used to perform training, to make the most of resources available. Train-
ing for a dataset was carried out on a single machine, to ensure metrics were consistent across
that single dataset. The average CO2 emission for each GPU is also given, derived from the
average power use by the GPU during training and statistics from the Department for Energy
Security and Net Zero [168]. Table 3.2 shows the hardware used for experimentation in this
chapter, for each dataset.

Table 3.2: Hardware used for the experimentation of each dataset.

Dataset CPU GPU RAM
CO2 emission

per hour

MNIST
AMD Ryzen 9
3950X 16-Core

nVidia GeForce
RTX 2070 32GB

64GB 31.47g

CIFAR-10 Intel i7 10700 RTX 4000 64GB 35.61g

smallNORB
AMD Ryzen 9
3950X 16-Core

nVidia GeForce
RTX 2070 32GB

64GB 31.47g

3.1.3 Performance Metrics

These experiments are to observe the e�ect of reducing data used each epoch of training. To
quantify the observed data reductions, the results of the experiments show the total number of
evaluations performed; each evaluation is a single image used for training. The runtime of each
experiment is also recorded. The successfulness of the model is quanti�ed with the maximum
and average accuracy achieved over �ve runs. Accuracy is used for comparability with previous
state of the art work. The runtime and accuracy for each experiment is directly compared with
the baseline for each dataset, to show the increase or decrease in performance in accuracy and
runtime. As the model is otherwise unchanged when run with data reduction techniques, the
CO2 reduction of each experiment is directly correlated to the runtime. Therefore, CO2 reduction
is proportional to the runtime reduction.

3.1.4 Network Architecture

The model used for testing is a Convolutional Neural Network (CNN) with a Simple Monolithic
Architecture. It uses 9 Convolutional Layers, and a Primary and Secondary Capsule layer.
The Capsule layer uses Homogeneous Vector Capsules (HVC), which replace the fully connected
layer. Figure 3.3 shows the structure of the CNN used. The model is based on [116], which
shows relatively high performance despite its few network layers. Tests were run for 300 epochs
with a batch size of 120. Optimisation was performed using the Adam optimiser with an initial
learning rate of 0.999, with an exponential decay rate of 0.005 per epoch. These values provide
consistent initial settings across all experiments for all datasets.

Figure 3.3: CNN model architecture used in this chapter:
a 9 layer CNN with max pooling between every 3 convolutional layers, and ending with 2 HVC

layers in place of dense layers.
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The datapoints to exclude for each of the strategies were selected at random. The experiments
were performed to gather an understanding of the e�ect of the novel dynamic data reduction
strategies with the simplest method of data exclusion, namely random data exclusion.

3.2 Experimental Results

Dynamic data inclusion is explored and its performance is measured through experimentation.
Data is reduced in various quantities and with multiple strategies to observe the e�ects of each
data inclusion strategy on the neural network performance.

3.2.1 Benchmark

Table 3.3 shows the benchmark runtime and accuracy for MNIST, CIFAR-10 and smallNORB.
These results will be used to compare the data reduction experiments, to show the reduction in
runtime and e�ect on performance. Each experiment was run �ve times to calculate the average
accuracy, each for 300 epochs, to ensure convergence and give consistency between datasets,
considering that some datasets require more time to fully train. The number of total evaluations
is the number of training images evaluated multiplied by the number of training epochs.

Table 3.3: Benchmark results for MNIST, CIFAR-10 and smallNORB datasets

Dataset
Dataset
size

#Total Image
Evaluations

Runtime
(hours)

CO2

emission
(kg)

Test Accuracy

Best Average
Standard
deviation

MNIST 50,000 18,000,000 02:01 0.134 99.719% 99.701% 0.011%
CIFAR-10 49,920 14,976,000 02:54 0.268 88.825% 88.689% 0.096%
smallNORB 24,240 7,272,000 01:27 0.097 93.152% 92.984% 0.135%

3.2.2 Data Step

The simplest strategy of dynamically selecting data is to `step up' the data usage at a given
point during training. A fraction of the dataset is used for a given number of training loops,
after which, the full, initial dataset is used for training. This splits the training process into two
sections; Section one (S1), which uses less data, and Section two (S2), which uses the full, initial
dataset. Below are de�nitions for the two sections:

� The number of epochs run in section 1: SE
1

� The amount of data used in section 1: SD
1

� The number of epochs run in section 2: SE
2

� The amount of data used in section 2: SD
2

With these de�nitions a formula for the total number of evaluations performed can be derived:

no total evaluations = SD
1 ∗ SE

1 + SD
2 ∗ SE

2

The model will only train with a fraction of the data for the initial part of training, S1, and
there will be a `step up' in data usage when transitioning to the second part of training, S2.
Figure 3.4, Figure 3.5 and Figure 3.6 show how the data split is applied between these sections.
The hypothesis is that, due to less data being processed in section S1, there will be a reduction
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in runtime. After the step, the full dataset is used, ensuring that all features are made available
at some point in training, although not at every epoch. Using all the data reduces over�tting,
which is common when too little data is used. Experimentation for the data step strategy is split
into three groups, with three experiments each.

Group 1: Starting with 25% of the dataset

Experiment group 1 consists of three experiments E1, E2 and E3, which start with 25% of the
original dataset. Each experiment is made of two sections; the �rst section, S1, uses the reduced
dataset, and the second section, S2, uses the full dataset. Each of the three experiments has
the same percentage of data in the �rst section, SD

1 . The di�erence in each experiment is the
point at which S1 switches to S2, determined by SE

1 , shown in Table 3.4. The values of SD vary
between datasets as each dataset has a di�erent amount of training images, but the percentage
of the dataset used is the same for each dataset.

Table 3.4: Group 1 initial data and epoch distribution.
SD
1 SD

2 : Data percentage in S1 & S2 of training.
SE
1 , S

E
2 : Percentage of training epochs in S1 & S2 of training.

Experiment SD
1 SD

2 SE
1 SE

2

E1 25% 100% 25% 75%
E2 25% 100% 50% 50%
E3 25% 100% 75% 25%
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Figure 3.4 shows graphs of the data use, for the MNIST dataset with 60,000 training images.
The total area under the line represents the total number of evaluations.

Figure 3.4: Data Step Experiments starting with 25% data.
(a) Step at 25% epochs through training, (b) Step at 50% epochs through training,

(c) Step at 75% epochs through training.

Table 3.5 shows results of the experimentation. Values in bold show the largest decrease
in runtime for each dataset, and the greatest accuracy. The �rst series of experiments sees the
largest decrease in evaluations performed compared to each benchmark, due to the largest amount
of data exclusion performed. In particular, experiment E3 has the largest decrease out of all the
data step experiments. As such, experiment E3 di�ers the most from the benchmark. Table
3.5 also shows the percentage di�erences between the experimental results and their benchmark.
Results of the �rst series of experiments have shown that when fewer evaluations are performed,
runtime is reduced which is as expected.

As for the model accuracy, with the MNIST dataset, there has been a slight increase in average
and best accuracy: E1, E2 and E3 show an average accuracy increase of 0.01%, 0.024% and
0.008% respectively. For the CIFAR-10 dataset, there is a much more noticeable decrease in
accuracies. E1, E2 and E3 show average accuracy decrease of 0.507%, 1.141% and 2.346%
respectively. For the smallNORB dataset, there is also a decrease in accuracy: E1, E2 and E3
show average accuracy decrease of 0.043%, 0.425% and 0.962% respectively.

As previous research has found, reducing data from the CIFAR-10 and smallNORB datasets
gives poorer accuracy than the benchmark. However, the MNIST dataset shows a slight increase
in performance over the benchmark. What is interesting still is that for both MNIST and
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Table 3.5: Data Step group 1 experimental results.
Values in bold indicate best results.

Test type
# Image

Evaluations
Runtime
(hours)

Test
Accuracy

Percentage
Di�erence

Best Average
Standard
deviation

Runtime
Best

Accuracy
Average
Accuracy

MNIST

Benchmark 18,000,000 02:01 99.719% 99.701% 1.10E-04
E1 14,678,880 01:43 99.739% 99.711% 2.79E-04 -15.148% 0.020% 0.010%
E2 11,312,880 01:22 99.749% 99.725% 1.82E-04 -32.627% 0.030% 0.024%
E3 7,946,880 00:58 99.749% 99.709% 2.35E-04 -51.742% 0.030% 0.008%

CIFAR-10

Benchmark 14,976,000 02:54 88.825% 88.689% 9.59E-04
E1 12,214,320 02:25 88.675% 88.239% 2.78E-03 -16.467% -0.170% -0.507%
E2 9,415,320 01:54 87.801% 87.677% 1.49E-03 -34.293% -1.153% -1.141%
E3 6,616,320 01:22 86.878% 86.608% 2.55E-03 -52.555% -2.193% -2.346%

smallNORB

Benchmark 7,272,000 01:27 93.152% 92.984% 1.35E-03
E1 5,931,120 01:15 93.172% 92.944% 2.22E-03 -13.922% 0.022% -0.043%
E2 4,572,120 01:04 93.003% 92.588% 3.70E-03 -26.674% -0.159% -0.425%
E3 3,213,120 00:51 92.628% 92.089% 4.59E-03 -41.191% -0.562% -0.962%

smallNORB datasets, the standard deviation of their accuracies is greater than their benchmarks,
but for CIFAR-10 the standard deviation is lower. There seems to be no pattern between datasets
as each dataset shows unique characteristics.

Group 2: Starting with 50% of the dataset

The next three experiments under the data step strategy follow the same form as in group one,
but the initial data SD

1 is 50% of the full dataset. Table 3.6 shows the amounts of data used,
and Figure 3.5 shows graphs that demonstrate the data use with the MNIST dataset. This set
of experiments is to observe the e�ect of a lesser amount of data reduction than the previous
experiments. Experimental results are shown in Table 3.7.

Table 3.6: Group 2 initial data and epoch distribution.
SD
1 SD

2 : Data percentage in S1 & S2 of training.
SE
1 , S

E
2 : Percentage of training epochs in S1 & S2 of training.

Experiment SD
1 SD

2 SE
1 SE

2

E4 50% 100% 25% 75%
E5 50% 100% 50% 50%
E6 50% 100% 75% 25%
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Figure 3.5: Data Step Experiments starting with 50% data.
(a) Step at 25% epochs through training, (b) Step at 50% epochs through training,

(c) Step at 75% epochs through training.
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Table 3.7: Data Step group 2 experimentation results.
Values in bold indicate best results.

Test type
# Image

Evaluations
Runtime
(hours)

Test
Accuracy

Percentage
Di�erence

Best Average
Standard
deviation

Runtime
Best

Accuracy
Average
Accuracy

MNIST

Benchmark 18,000,000 02:01 99.719% 99.701% 1.10E-04
E4 15,788,880 01:53 99.759% 99.715% 2.52E-04 -6.638% 0.040% 0.014%
E5 13,547,880 01:39 99.719% 99.699% 1.59E-04 -18.038% 0.000% -0.002%
E6 11,306,880 01:24 99.729% 99.695% 2.98E-04 -30.597% 0.010% -0.006%

CIFAR-10

Benchmark 14,976,000 02:54 88.825% 88.689% 9.59E-04
E4 13,137,840 02:35 88.464% 88.283% 1.78E-03 -10.458% -0.407% -0.457%
E5 11,274,840 02:14 88.434% 87.998% 3.01E-03 -22.581% -0.441% -0.779%
E6 9,411,840 01:55 88.243% 87.711% 3.00E-03 -33.831% -0.656% -1.103%

smallNORB

Benchmark 7,272,000 01:27 93.152% 92.984% 1.35E-03
E4 6,384,000 01:20 93.564% 92.978% 4.45E-03 -8.475% 0.443% -0.006%
E5 5,484,000 01:11 93.263% 92.500% 6.19E-03 -18.317% 0.120% -0.520%
E6 4,584,000 01:04 93.544% 92.905% 4.39E-03 -26.675% 0.421% -0.084%

The results of the second phase of experiments mirrors those of the previous phase of exper-
iments. With fewer evaluations performed, runtime is reduced; though as more evaluations are
performed compared to the previous phase, the runtime is decreased less. The model accuracies
show the following patterns: With the MNIST dataset, there is a slight increase in average and
best accuracy for all but one experiments: E4 shows an average accuracy increase of 0.014%,
while E5 and E6 show average accuracy decrease of 0.002% and 0.006% respectively. For
the CIFAR-10 dataset, there is still a decrease in accuracies across all experiments, but not as
steep a decline as in the previous experiments. E4, E5 and E6 show average accuracy decrease
of 0.457%, 0.779% and 1.103% respectively. For the smallNORB dataset, there is also an
accuracy decrease, but less extreme than in the previous phase. E4, E5 and E6 show average
accuracy decrease of 0.006%, 0.520% and 0.084% respectively. The average accuracy of
experiment E5 is also much higher than the others, and also has a higher standard deviation,
which shows that the metrics are less stable.

The expectation is that as these experiments use more data than the previous set, the accu-
racies should be improved as more data is used. However, experiments E5 and E6 for MNIST
and E5 for smallNORB show worse accuracies, showing that dynamic data reduction with this
data step strategy hinders the accuracy of the model, for these particular datasets.

Group 3: Starting with 75% of the dataset

The last group of three experiments were performed, also with two sections each. Epochs in
SE
1 use SD

1 , and epochs in SE
1 use the full dataset SD

2 . In the same manner as the previous
two groups of experiments, each of the experiments switch between these sections at a di�erent
epoch, shown in Table 3.8. Figure 3.6 shows graphs that demonstrate the data used. The aim
of these experiments is to observe the e�ect of a smaller data reduction than in previous tests.
Table 3.9 shows the results of the experimentation.
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Table 3.8: Group 2 initial data and epoch distribution.
SD
1 SD

2 : Data percentage in S1 & S2 of training.
SE
1 , S

E
2 : Percentage of training epochs in S1 & S2 of training.

Experiment SD
1 SD

2 SE
1 SE

2

E7 75% 100% 25% 75%
E8 75% 100% 50% 50%
E9 75% 100% 75% 25%

Figure 3.6: Data Step Experiments starting with 75% data.
(a) Step at 25% epochs through training, (b) Step at 50% epochs through training,

(c) Step at 75% epochs through training.
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Table 3.9: Data Step group 3 experimentation results.
Values in bold indicate best results.

Test type
# Image

Evaluations
Runtime
(hours)

Test
Accuracy

Percentage
Di�erence

Best Average
Standard
deviation

Runtime
Best

Accuracy
Average
Accuracy

MNIST

Benchmark 18,000,000 02:01 99.719% 99.701% 1.10E-04
E7 16,898,880 01:55 99.729% 99.719% 1.00E-04 -5.412% 0.010% 0.018%
E8 15,782,880 01:54 99.729% 99.717% 1.31E-04 -5.713% 0.010% 0.016%
E9 14,666,880 01:47 99.729% 99.713% 1.52E-04 -11.948% 0.010% 0.012%

CIFAR-10

Benchmark 14,976,000 02:54 88.825% 88.689% 9.59E-04
E7 14,061,360 02:47 88.675% 88.625% 5.59E-04 -4.027% -0.170% -0.072%
E8 13,134,360 02:36 88.655% 88.402% 2.98E-03 -9.888% -0.192% -0.324%
E9 12,207,360 02:25 88.353% 88.239% 1.14E-03 -16.565% -0.531% -0.507%

smallNORB

Benchmark 7,272,000 01:27 93.152% 92.984% 1.35E-03
E7 6,828,000 01:23 93.705% 93.059% 5.45E-03 -5.036% 0.593% 0.081%
E8 6,378,000 01:19 93.581% 92.926% 5.19E-03 -9.528% 0.461% -0.062%
E9 5,928,000 01:16 93.300% 92.751% 3.85E-03 -13.423% 0.159% -0.250%

The �nal set of testing uses the least data reduction, and the decrease in both runtime and
average accuracy is the smallest. The following patterns are observed for each dataset: With
the MNIST dataset there is an increase in accuracy for all experiments: E7, E8 and E9 show an
average accuracy increase of 0.018%, 0.016% and 0.012% respectively. Experiment E7 shows
a decrease in standard deviation of accuracies, compared to the benchmark. With the CIFAR-10
dataset, the results follow the same patterns as with the results of the last groups of experiments -
the accuracy decrease directly correlates to the reduction in data used, although this correlation is
non-linear. E7, E8 and E9 show an average accuracy decrease of 0.072%, 0.324% and 0.507%
respectively. With the smallNORB dataset, E7 shows an average accuracy increase of 0.081%,
and E8 and E9 show an average accuracy decrease of 0.062% and 0.250% respectively. There
is an increase in performance with experiment E7; this is the only experiment on the smallNORB
dataset to have an increase in performance. The average accuracies of experiments E8 and E9 are
decreased, which shows how much of an e�ect such a slight di�erence in number of evaluations
performed has on the model.
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3.2.3 Data Increment

Like the methods described in the data step section, the data increment strategy uses a fraction
of the data at the start of training. At a previously de�ned interval, more of the data is added
incrementally, causing multiple smaller steps in data usage throughout the training. As such,
the number of `sections' present is equal to the number of increments.

Adding the data using the data increment strategy will decrease the time spent training for
the earlier epochs, while ensuring that all training data is eventually used. Figure 3.7 shows
example data usage graphs with varying increment intervals. Table 3.10 shows the results of the
experimentation.

Figure 3.7: Data Increment experiments, with
(a) 33% data increments. (b) 10% data increments.
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Table 3.10: Data Increment experimentation results.
Values in bold indicate best results.

Test type
# Image

Evaluations
Runtime
(hours)

Test
Accuracy

Percentage
Di�erence

Best Average
Standard
deviation

Runtime
Best

Accuracy
Average
Accuracy

MNIST

Benchmark 18,000,000 02:01 99.719% 99.701% 1.10E-04
33% 11,992,080 01:23 99.739% 99.703% 2.89E-04 -31.790% 0.020% 0.000%
25% 11,241,120 01:20 99.719% 99.699% 1.42E-04 -34.210% 0.000% 0.000%
10% 9,903,720 01:09 99.709% 99.687% 2.50E-04 -42.630% -0.010% -0.010%
5% 9,456,720 01:07 99.729% 99.701% 1.93E-04 -44.820% 0.010% 0.000%
1% 9,099,120 01:08 99.709% 99.677% 2.18E-04 -44.090% -0.010% -0.020%

0.33% 9,041,880 01:04 99.719% 99.695% 1.96E-04 -47.310% 0.000% -0.010%
CIFAR-10

Benchmark 14,976,000 02:54 88.825% 88.689% 9.59E-04
33% 9,981,360 02:00 88.153% 87.723% 2.69E-03 -30.920% -0.760% -1.090%
25% 9,361,560 01:52 87.771% 87.582% 2.18E-03 -35.130% -1.190% -1.250%
10% 8,253,000 01:42 87.550% 87.317% 1.52E-03 -41.380% -1.440% -1.550%
5% 7,877,520 01:36 87.490% 87.275% 1.92E-03 -44.530% -1.500% -1.590%
1% 7,581,360 01:33 87.299% 87.106% 1.25E-03 -46.370% -1.720% -1.780%

0.33% 7,531,560 01:33 87.560% 87.225% 2.06E-03 -46.560% -1.420% -1.650%
smallNORB

Benchmark 7,272,000 01:27 93.152% 92.984% 1.35E-03
33% 4,840,200 01:07 92.954% 92.482% 3.61E-03 -23.040% -0.210% -0.540%
25% 4,536,240 01:03 92.628% 92.463% 2.21E-03 -28.180% -0.560% -0.560%
10% 3,999,840 01:02 92.768% 92.373% 3.51E-03 -28.850% -0.410% -0.660%
5% 3,821,040 00:59 92.735% 92.291% 3.45E-03 -32.180% -0.450% -0.740%
1% 3,676,560 00:57 92.562% 92.115% 4.91E-03 -34.520% -0.630% -0.930%

0.33% 3,651,600 00:56 92.525% 92.248% 2.39E-03 -35.700% -0.670% -0.790%

Using the data increment strategy causes much less data to be used throughout training than
the data step strategy. The most extreme case of data reduction is with steps of 0.33%, where
roughly half of the benchmark number of evaluations are performed, making the data increment
strategy a more extreme data reduction strategy than the data step strategy. For each dataset,
the observations are as follows: For the MNIST dataset, average accuracy is within a margin of
0.002% of the baseline with experiments with 33% and 25% increments. For both of these cases,
runtime is shortened by at least 30%. For the CIFAR-10 dataset, all average accuracies are worse
by at least 1%. Like MNIST, runtime is shortened by a minimum of 30%. For the smallNORB
dataset, as the dataset has much fewer training images, both the runtime and accuracy reduction
are not as large as with other datasets. For all experiments, average accuracy is reduced by less
than 1%, while runtime is reduced by between 20% to 40%.

Based on these results, the data increment strategy seems to have a more detrimental e�ect
on network performance. It is also worth noting that the standard deviation of average accuracies
are worse than the benchmark across all experiments, meaning the networks are less reliable for
getting consistent results.
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3.2.4 Data Cut

The data cut strategy splits a dataset into multiple cuts of equal size. Each cut is then used for
an equal number of training epochs. The more cuts a dataset is cut into, the less data is present
in each cut. As such, the more splits there are, the fewer evaluations will be performed. Figure
3.8 shows how a dataset may be divided into 6 cuts, for training over 300 epochs.

The data cut approach is most similar to Transfer Learning techniques, in which a network
that has already been trained on some data is introduced to a new set of training data. The
new input data contains the same classes as it had already been trained with, so the network
does not need to adapt to new classes. However, while previous strategies in this chapter utilise
the full dataset, the data cut strategy does not include the data used in previous cuts, but
continues training on only new data. Normally, when introducing new data via transfer learning,
a fresh network is deployed, and given the weights and biases of previously trained networks.
The data cut strategy aims to give the network di�erent data at di�erent times, while preserving
the state of the network throughout a single training cycle. Table 3.11 shows the results of the
experimentation.

Figure 3.8: A dataset split into 6 sections (cuts).
A single cut is used for training every 50 epochs out of 300.
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Table 3.11: Data Cut experimentation results.
Values in bold indicate best results.

Test type
# Image

Evaluations
Runtime
(hours)

Test Accuracy Percentage di�erence

Best Average
Standard
deviation

Runtime
Best

Accuracy
Average
Accuracy

MNIST

Benchmark 18,000,000 02:01 99.719% 99.701% 1.10E-04
2 Splits 9,000,000 01:07 99.719% 99.699% 1.23E-04 -44.272% 0.000% -0.002%
3 Splits 5,976,000 00:44 99.679% 99.655% 1.68E-04 -63.331% -0.040% -0.046%
6 Splits 2,988,000 00:25 99.659% 99.596% 4.10E-04 -78.800% -0.060% -0.105%
9 Splits 1,980,000 00:19 99.598% 99.526% 6.82E-04 -84.016% -0.121% -0.175%
12 Splits 1,476,000 00:16 99.508% 99.337% 1.41E-03 -86.604% -0.211% -0.365%
15 Splits 1,188,000 00:14 99.367% 99.102% 2.85E-03 -88.074% -0.352% -0.600%
18 Splits 972,000 00:13 99.297% 98.855% 3.86E-03 -89.124% -0.423% -0.848%
21 Splits 828,000 00:12 99.237% 97.476% 1.83E-02 -89.909% -0.483% -2.232%
24 Splits 720,000 00:11 96.365% 95.645% 7.33E-03 -90.501% -3.363% -4.068%

CIFAR-10

Benchmark 14,976,000 02:54 88.825% 88.689% 9.59E-04
2 Splits 7,488,000 01:33 86.777% 86.528% 1.54E-03 -46.518% -2.306% -2.436%
3 Splits 4,968,000 01:04 85.492% 85.143% 3.20E-03 -62.692% -3.753% -3.998%
6 Splits 2,484,000 00:37 82.269% 81.984% 3.27E-03 -78.491% -7.381% -7.560%
9 Splits 1,656,000 00:28 80.110% 79.673% 2.65E-03 -83.690% -9.811% -10.166%
12 Splits 1,224,000 00:23 77.791% 77.072% 6.68E-03 -86.431% -12.422% -13.098%
15 Splits 972,000 00:20 75.552% 72.888% 2.02E-02 -88.013% -14.943% -17.816%
18 Splits 828,000 00:19 72.440% 69.066% 2.70E-02 -88.971% -18.447% -22.125%
21 Splits 684,000 00:17 67.731% 66.030% 1.94E-02 -89.880% -23.748% -25.548%
24 Splits 612,000 00:16 64.518% 60.600% 4.62E-02 -90.370% -27.365% -31.671%

smallNORB

Benchmark 7,272,000 01:27 93.152% 92.984% 1.35E-03
2 Splits 3,636,000 00:59 93.106% 92.744% 3.37E-03 -32.490% -0.049% -0.257%
3 Splits 2,412,000 00:51 92.880% 92.616% 2.36E-03 -41.598% -0.292% -0.396%
6 Splits 1,188,000 00:42 92.946% 92.104% 5.30E-03 -52.148% -0.221% -0.946%
9 Splits 792,000 00:38 91.840% 91.408% 3.93E-03 -55.659% -1.408% -1.694%
12 Splits 576,000 00:36 90.924% 90.012% 7.59E-03 -58.625% -2.392% -3.195%
15 Splits 468,000 00:36 89.975% 87.791% 2.33E-02 -58.774% -3.410% -5.584%
18 Splits 396,000 00:36 88.461% 87.139% 1.05E-02 -58.445% -5.035% -6.286%
21 Splits 324,000 00:36 86.865% 80.511% 8.85E-02 -58.097% -6.749% -13.414%
24 Splits 288,000 00:37 86.894% 80.776% 7.48E-02 -57.390% -6.718% -13.128%

Of the three experimental strategies described in this chapter, the data cut strategy cuts the
number of evaluations performed down the most. It becomes apparent quickly that the more
splits are used, the lower the achieved accuracy is. Results on the MNIST dataset show that
by cutting the dataset into two splits, the runtime is cut almost in half while maintaining the
benchmark accuracy. With 24 splits, there is a large drop in performance, showing that too few
evaluations are performed, and the model doesn't have enough iterations to allow the weights
and biases to converge, causing more classi�cations to fail. Figure 3.9 shows the percentage
di�erence in runtime and accuracy of the CIFAR-10 dataset, compared to its benchmark. The
results of the CIFAR-10 dataset show the biggest percentage di�erences. The graph shows that
by introducing more data cuts, the runtime decreases non-linearly, while the accuracy decreases
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Figure 3.9: Runtime reduction and accuracy loss with Data Cut strategy,
on the CIFAR-10 dataset. With more cuts, there is greater runtime reduction, but also

greater accuracy loss.

more steadily. Therefore, the most appropriate number of data cuts must be chosen to bene�t
the most from the data cut reduction technique.

3.3 Discussion

The runtime of the experiment correlates directly with the total number of evaluations performed.
Runtime reduction is expected, as the fewer evaluations are performed, the fewer calculations are
performed by the neural network. Each dynamic data reduction strategy has a di�erent e�ect
on the model's performance, discussed for each strategy below.

3.3.1 Data Step strategy

For the data step strategy, the most notable results are those of the MNIST dataset, and E7,
E8 and E9 of smallNORB, as they show an increase in accuracy despite the fewer evaluations
performed.

For the MNIST dataset, experiments E2, E4 and E7 are the best performing in terms of
model accuracy. Experiment E2 has the largest amount of reduction at 37.15% fewer image
evaluations, E7 has the least reduction at 6.12%, and E4 is in the middle at 12.29%. One might
expect that the more data is reduced, the worse the model accuracy would be; however, the best
accuracy achieved is with experiment E4 at 99.759%, an increase in 0.04%. Experiment E4
has the largest standard deviation of the three experiments at 2.52E-04, which shows it has the
lowest stability. It also has the worst average accuracy of the three at 99.715%. Curiously, the
experiment with the best average accuracy is E2 at 99.725%, which, as previously mentioned,
also has the greatest data reduction. These results show that the combination of SE

1 , S
D
1 , S

E
2 and

SD
2 of experiment E2 o�ers the best combination of model performance and runtime reduction

for the MNIST dataset.
For the CIFAR-10 dataset, experiments E1, E4 and E7 are the best performing. Each of

these are the experiments with the least data reduction, at 18.44%, 12.27% and 6.11% respec-
tively. Unlike with MNIST, none of these experiments perform better than the benchmark for
CIFAR-10 in either best accuracy or average accuracy. Therefore, it is justi�able that these data
reduction strategies are inappropriate for the CIFAR-10 dataset for the purpose of increasing
model accuracy. However, the strategies may still be useful if a runtime reduction is desired at
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a small cost to model accuracy. Experiments E3, E6 and E9 show the most extreme amounts
of data reduction with reductions of 55.82%, 37.15% and 18.49% respectively. For these three
experiments accuracy losses are, respectively, 1.947%, 0.582% and 0.472%, and give runtime
reductions of 52.555%, 33.831% and 16.565%. Depending on the application, if an accuracy loss
as great as almost 2% is acceptable, runtime may be reduced by over a half.

For the smallNORB dataset, much like with the CIFAR-10 dataset, the best performing
experiments in terms of model accuracy are experiments E1, E4 and E7. Unlike with the CIFAR-
10 dataset however, each of these three experiments yield higher accuracies than the benchmark
of 93.152%, with E1 achieving 93.172%, E4 giving 93.564% and E7 giving 93.705% accuracy.
There is a proportional relationship between the accuracies and the amount of image evaluations
performed; the less data is reduced, the greater the maximum accuracy achieved, indicating a
delicate balance between removing enough data without removing too much.

3.3.2 Data Increment strategy

Table 3.12: Comparison of number of image evaluations between experiment E2 of the Data
Step strategy and Data Increments of 25%.

Number of
image evaluations

Dataset
Data Step

experiment E2
Data Increments

of 25%

MNIST 11,312,880 11,241,120
CIFAR-10 9,415,320 9,361,560
smallNORB 4,572,120 4,536,240

As with the data step strategy, the data increment strategy shows that reducing the number
of evaluations performed decreases the runtime. However, despite both strategies performing the
same fundamental task of data reduction, they produce di�erent results for roughly the same
number of evaluations performed. For example, comparing experiments E2 of the data step
strategy and data increments of 25%, accuracies can be observed with roughly the same number
of evaluations performed. Table 3.12 shows the number of image evaluations of the experiments
compared between data step and data increment strategies.

However, despite the marginal di�erence in number of evaluations performed, the di�erence
in accuracy between these two experiments show that for experiment E2 for MNIST dataset gives
an accuracy increase of 0.024%, while data increments of 25% gives an accuracy di�erence
of 0%. Experiment E2 for CIFAR-10 dataset gives an accuracy decrease of 1.141%, while
data increments of 25% gives an accuracy decrease of 1.250%. Experiment E2 for smallNORB
dataset gives an accuracy decrease of 0.425%, while data increments of 25% gives an accuracy
decrease of 0.560%.

For all cases above, the data increment strategy shows inferior accuracy. While it is true that
the data increment strategy has slightly fewer evaluations performed, the di�erence in data (less
than 1% for all datasets) amounts to less than three epochs of training. Three epochs is negligible
as the top accuracy of a model settles at much earlier epochs. The results of the experimentation
show that decreasing the number of evaluations with the data increment strategy has a more
detrimental e�ect on the accuracy of the model.

3.3.3 Data Cut strategy

Finally, the data cut strategy shows the largest reduction in evaluations performed. In the same
way the data step and data increment strategies were compared in section 3.3.2, the data incre-
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Table 3.13: Comparison of number of image evaluations between the Data Increments strategy
with increments of 0.33% and the Data Cut strategy with 2 splits.

Number of
image evaluations

Dataset
Data Increments

of 0.33%
Data Cut

with 2 splits

MNIST 9,041,880 9,000,000
CIFAR-10 7,531,560 7,488,000
smallNORB 3,651,600 3,636,000

ment experimental results can be compared with data cut results that have a similar number of
image evaluations performed. Table 3.13 shows the number of image evaluations of the exper-
iments compared between data increment with increments of 0.33% and the data cut strategy
with 2 splits.

Comparing the accuracies between these two experiments, these observations are made: The
data increment strategy for MNIST gives an accuracy decrease of 0.01%, while data cut with
2 splits gives an accuracy decrease of 0.02%. Data increment for CIFAR-10 gives an accuracy
decrease of 1.65%, while data cut with 2 splits gives an accuracy decrease of 2.436%. Data
increment for smallNORB gives an accuracy decrease of 0.79%, while data cut with 2 splits
gives an accuracy decrease of 0.257%.

Accuracy for all observed data cut experiments are worse than those of the data increment
strategy. To conclude, as the data increment strategy is inferior to the data step strategy, the
data cut strategy is least e�ective at maintaining accuracy. However, if the need is to reduce the
runtime by as much as possible without hindering accuracy too greatly, a data cut of 9 splits is
the best compromise between runtime and accuracy.

3.3.4 Comparing with static data reduction

Experimentation in this chapter has shown that the data cut strategy is the best performing
dynamic data reduction strategy. This work was based on that by Byerly et al.[72], who use static
data reduction to discover which data is most (and least) useful to training, using the MNIST and
CIFAR-10 datasets. Comparisons between these two methods highlight the di�erences between
static and dynamic data reduction methods, and data reduction as a whole.

Table 3.14 compares the average accuracies of experiments performed in this chapter and
those by Byerly et al., comparing the best performing dynamic data reduction with the static
data reduction with the closest amount of data removed at random. The di�erence in average
accuracy between the benchmark accuracy is given, and used to determine the superior data
reduction strategy. The best results are in bold. Due to the di�erence in data reduction methods,
the amount of data reduced between these experimental results do not match, and so the best
performing results of dynamic data reduction experimentation are compared with the static data
reduction results with the closest amount of reduction.
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Table 3.14: Comparison of model accuracies between static and dynamic data reduction
methods, for the MNIST and CIFAR-10 datasets.

Reduction
strategy

Amount of
reduction

Average
accuracy

Benchmark
Improvement

from benchmark
MNIST

Static 25% 99.526% 99.716% -0.190%
Static 50% 99.236% 99.716% -0.480%

Dynamic 37.2% 99.725% 99.701% 0.024%

CIFAR-10

Static 5% 89.086% 89.146% -0.060%
Static 10% 88.838% 89.146% -0.308%

Dynamic 6.12% 88.625% 88.689% -0.064%

For MNIST, data step experiment E2 is best performing, with a data reduction of 37.5%. The
closest amounts of data reduction performed with static data reduction are 25% and 50%. When
comparing the di�erence in average accuracies against the benchmark accuracies, dynamic data
reduction yields improved results over static data reduction, despite more datapoints having been
removed. Also, the benchmark results for static data reduction are slightly higher than those
obtained in this chapter, likely due to hyperparameter di�erences in the models used. However,
the average accuracy after dynamic data reduction surpasses the higher benchmark accuracy,
further demonstrating the bene�ts of dynamic data reduction.

For CIFAR-10, data step experiment E7 was the best performing, with a data reduction of
6.12%. The closest amounts of static data reduction are 5% and 10%. Unlike with MNIST, the
di�erence in average accuracy and the benchmark accuracy for CIFAR-10 does not surpass static
data reduction outright, but is very close to the accuracy with a static data reduction of 5%.

For the MNIST dataset, dynamic data reduction is the superior strategy. However, it is
worth noting the amount of data being removed in both static and dynamic data reduction
approaches. MNIST has many datapoints, and as such a large amount of data can be removed
and performance is improved, it is possible that the dataset has a lot of redundant data, and
possibly some data that hinders performance. For the CIFAR-10 dataset, much less data can be
removed before performance drops more noticeably. This suggests there is less redundant data,
and data reduction, whether static or dynamic, is less suitable for this dataset.

3.4 Conclusion

As deep learning solutions become more popular, their computational complexity increases, giv-
ing cause for more intricate algorithms and models which have longer runtimes and require more
training data, which causes a greater cost in time, hardware, and environmental resources. This
chapter has proposed a novel strategy for training a convolutional neural network for image clas-
si�cation to reduce input data dynamically, in order to reduce the costs of training the model.
Dynamic data use is achieved by using less data at the earlier stages of training, which are where
the model parameters undergo the most change, and then introduce the rest of the dataset at
later stages, allowing the model to be �ne-tuned on all the available data.

The results of these experiments have shown that, contrary to the norm, reducing the data
used for training has in some cases improved the performance of the model. It proves that not
all data may be necessary for training, and in fact some data may hinder it. By using data
reduction techniques, the amount of work performed and, therefore, the environmental impact of
AI techniques may be reduced. Also, with dynamic data reduction, accuracy may be maintained
while reducing runtime by up to 50%, and reducing carbon emission proportionally, and gives a
way forward for the better implementation of useful data.
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However, the approaches used are somewhat brutish, excluding data randomly without con-
sideration of the value of the datapoints removed. Other works cited have shown algorithmic
approaches to select which data to remove to enhance performance, used with static data reduc-
tion. The next gap to address is to apply the dynamic data reduction strategies developed in
this chapter to data non-randomly, which is addressed in chapter 4. Another consideration to be
addressed is to investigate why there is a performance increase for some datasets but not others.
Chapter 4 investigates dynamic data reduction for larger image datasets.
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Chapter 4

Dimensionality Reduction to

Dynamically Reduce Data

In chapter 3, dynamic data reduction was introduced as a new method that removes some data
for the initial portion of training to improve training e�ciency, and provides the full dataset
for the �nal portion of training to ensure maximum data coverage. To achieve this, data was
selected at random to be removed from training for a portion of training, which gave promising
results for the MNIST dataset, and achieved similar results to the model trained with static data
reduction on the more di�cult CIFAR-10 dataset. However, random data reduction gives no
consideration to the quality of the remaining data used for the earlier stages of training, and it
does not guarantee an even distribution of data is used throughout training. Also, previous work
has shown that non-random data reduction yields superior results with static data reduction
[72]. The aim of this chapter is to introduce and apply intelligent data selection for the data step
strategy described in chapter 3. This chapter also introduces datasets of larger image sizes, to
show the e�ects of the data reduction methods introduced in chapter 3 on more complex data.

4.1 Methodology

4.1.1 Datasets

Two datasets, Imagenette and the Micro-PCB dataset, were used for training. They were chosen
in order to evaluate the e�ectiveness of data reduction techniques on more complex data than
those used in chapter 3, as well as due to their unique characteristics, described below.

The �rst dataset, Imagenette, which consists 9,469 training images, and 3,925 test images.
Images were scaled to 299x299x3 to increase training and testing speed. The dataset is split into
10 classes with between 858 and 993 images per class. High accuracy is more di�cult to achieve
with the Imagenette dataset, compared to MNIST, CIFAR-10 and smallNORB. By using more
di�cult to learn data, the di�erences between the benchmark experiments and those performed
here will be highlighted.

The second dataset, the Micro-PCB dataset, which consists of 6500 training images, 1625 test
images. Images are downscaled to 299x299x3 for training and testing. The data is split across
13 classes with even class distribution. Each Printed Circuit Board (PCB) image has been
photographed from 25 di�erent perspectives, and 5 unique rotations. More orientations gives
images in each class much more variation, as images of PCBs from a single perspective would
o�er very little variation. The Micro-PCB dataset was selected due to its highly structured
nature, which may make identifying which data is more useful a more intuitive process.
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4.1.2 Hardware

Experimentation on both datasets was performed on the same hardware, for consistency. The
CO2 usage was computed from the average power use by the GPU during training and statistics
from the Department for Energy Security and Net Zero [168].

� CPU: Intel i7 10700

� GPU: RTX A4000

� RAM: 64GB

� CO2 emission per hour: 35.61g

4.1.3 Performance Metrics

The experiments were performed to observe the e�ect of reducing data used each epoch of
training. Accuracy is used for comparability with previous state of the art work. To quantify
the amount of data reduction used, the experimentation results provide the total number of
evaluations performed, where an evaluation is a single image used for training. The runtime of
each experiment is also recorded, to show how the data reduction method used a�ects not only
the accuracy of the network, but the runtime. The runtime and accuracy for each experiment
is directly compared with the baseline for each dataset, to show the increase or decrease in
performance in accuracy and runtime.

The p-values of each experiment are also calculated to show the statistical signi�cance of each
resulting accuracy. The closer the p-value is to 0, the greater the statistical signi�cance. The
p-values were calculated based on Analysis Of Variance (ANOVA), using the accuracy results of
the baseline experiment (where the full dataset is used, with no reduction) and each experiment
with data reduction, individually.

As the model is otherwise unchanged when run with data reduction techniques, the CO2

reduction of each experiment is directly correlated to the runtime. Therefore, CO2 reduction is
proportional to the runtime reduction.

4.1.4 Network Architecture

The model used for testing is a Convolutional Neural Network (CNN) with a Simple Monolithic
Architecture. It uses 11 convolutional Layers, and a primary and secondary capsule layer. The
capsule layer uses Homogeneous Vector Capsules (HVC), which replace the fully connected layer,
based on the model used in [72]. This model shows relatively high performance despite its few
network layers. Figure 4.1 shows the structure of the CNN used.

Figure 4.1: CNN model architecture used in this chapter:
11 layer CNN with max pooling after every 3 convolutional layers, and ending with 2 HVC

layers in place of dense layers.

Tests were run for 250 epochs, which was enough epochs to allow complete training as rapidly
as possible, which was necessary for the amount of experiments that were run. A batch size of
120 was used, and optimisation was performed using the Adam optimiser with an initial learning
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rate of 0.98, and an exponential decay rate of 0.001 per epoch. These values provide consistent
initial settings across all experiments for all datasets.

Online data augmentation was used during the training. The augmentation used was uniform,
and the same methods were used as those performed in experiments in [72].

4.1.5 Data Selection

The main contribution of this chapter is to order image data by a universal metric which will
allow for more structured data reduction than the random reduction used in chapter 3. Uni-
form Manifold Approximation Projection (UMAP), as used by Byerly et al. [72], allows for
dimensionality reduction, through which the data points may be represented in Euclidian space.
Dimensionality reduction allows each data point to be observable in relation to every other data
point in the dataset, and thus ordered by distance to the classes' centroid. After ordering the
dataset, data may be procedurally excluded; data closest to its classes' centroid is the `central'
data, and data furthest from its classes' centroid is the `lateral' data.

Algorithm 1 shows the process of calculating the centroid distance for each datapoint for c
classes.

Algorithm 1 Centroid distance calculation for c classes

1: for Each Dataset do
2: Split Data into c classes
3: for Each Feature in Each Class do
4: Feature Centroids = Calculate Mean Average of Each Feature
5: for Each Datapoint in Dataset do
6: Feature Distances = Di�erence Between Feature And Feature Centroid
7: Centroid Distance = Linear Normalisation of all Feature Distances
8: end for
9: end for

10: end for

Figure 4.2 shows the distribution of datapoints (shown in red), as well as the centroid of
the class (shown in black), for a single class of the Micro-PCB dataset. By using UMAP, each
datapoint can be observed by relative distance from each other datapoint.

Figure 4.2: Datapoint distribution for a single class of the Micro-PCB dataset, after UMAP
dimensionality reduction to 2D. © 2022 IEEE
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The centroid distance is calculated and used in experiments to show the e�ect of exclusion
of central and lateral data. Previous work has shown that some datasets perform better with
data close to the centroid, and others with data further, which is investigated in this chapter.
Experiments performed exclude 1%, 5% and 10% of the data.

Static Data Exclusion is de�ned as data exclusion that is the same throughout training.
Before training is started, the data to be used for training is selected through the data selection
process, and throughout each loop of training the same reduced dataset is used.

Dynamic Data Exclusion is de�ned as data exclusion that changes in some way during train-
ing. For the experiments performed in this paper, the Data Step method introduced in chapter
3 is used to split the training process into two parts; an initial stage in which a reduced dataset
is used to train the model, and a second stage in which the full dataset is used.

The experimentation described in this chapter investigate data reduction by means of `central'
and `lateral' data exclusion, using static data reduction. Dynamic data reduction with central
and lateral data exclusion is also investigated based on methods introduced in chapter 3. While
other works focus on adaptive pruning, whereby data is removed at intervals during training
depending on its performance [169], this chapter de�nes the data reduction process prior to the
start of training. The reduced dataset is used for the �rst half of training, and then the full,
unreduced, dataset is used for the remainder of training.

4.2 Experimental Results

Dynamic data reduction methods are further investigated in this section. Based on the methods
used in chapter 3, the data step method is applied to the Imagenette and Micro-PCB datasets.
However, �rst, these datasets are ordered by centroid distance, so that data selected for reduction
may be non-random. Ordering the data will allow more consistent measurements, and will
provide insight into which data is more important to model training.

4.2.1 Benchmark

Table 4.1 shows the benchmark runtimes and accuracies for both datasets used. These values will
be compared against the results of all experiments to give a reference to the change in runtime
and accuracy of each data reduction technique.

Table 4.1: Benchmark accuracies and runtimes. © 2022 IEEE

Dataset # Image Evaluations
Runtime
(hours)

Test
Accuracy

Average
Standard
Deviation

Imagenette [170] 2,340,000 3:15 90.69% 4.05E-03
Micro-PCB [171] 1,620,000 1:55 99.96% 5.73E-04

4.2.2 Static Data Reduction

A total of six experiments for each dataset are performed to show the e�ect of static data reduc-
tion. Table 4.2 shows the results of the Imagenette dataset and table 4.3 shows the experimental
results of the Micro-PCB dataset.

The runtimes of all experiments are reduced, as fewer evaluations being performed due to
the data reduction. The amount of runtime reduction correlates proportionally to the amount
of data exclusion used.
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Table 4.2: Imagenette dataset results with static data reduction. © 2022 IEEE

Exclusion
Type

# Image
Evaluations

Data
exclusion

Runtime
(hours)

Test
Accuracy

Percentage
di�erence

Average p-value Runtime
Average
Accuracy

None 2,340,000 - 3:19 90.686% - - -
Lateral 2,310,000 1.00% 3:18 90.347% 0.3394 -0.962% -0.373%
Central 2,310,000 1.00% 3:18 89.826% 0.0660 -0.996% -0.948%
Lateral 2,220,000 5.00% 3:12 89.757% 0.0269 -3.548% -1.024%
Central 2,220,000 5.00% 3:14 89.861% 0.0386 -2.989% -0.909%
Lateral 2,100,000 10.00% 3:03 88.967% 0.0147 -8.034% -1.895%
Central 2,100,000 10.00% 3:08 89.852% 0.0408 -5.910% -0.919%

Table 4.3: Micro-PCB dataset results with static data reduction. © 2022 IEEE

Exclusion
Type

# Image
Evaluations

Data
exclusion

Runtime
(hours)

Test
Accuracy

Percentage
di�erence

Average p-value Runtime
Average
Accuracy

None 1,620,000 - 1:55 99.962% - - -
Lateral 1,590,000 1.00% 1:50 99.833% 0.1657 -4.280% -0.128%
Central 1,590,000 1.00% 1:46 99.897% 0.3015 -8.422% -0.064%
Lateral 1,530,000 5.00% 1:42 99.910% 0.4284 -11.781% -0.051%
Central 1,530,000 5.00% 1:45 99.731% 0.0712 -9.024% -0.231%
Lateral 1,440,000 10.00% 1:36 99.821% 0.1300 -16.654% -0.141%
Central 1,440,000 10.00% 1:36 99.679% 0.0210 -16.903% -0.282%
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The average accuracies of the Imagenette experiments show a pattern of lateral exclusion
being outperformed by central exclusion. Firstly, all experiments, except lateral exclusion of 1%,
have a p-value of less than 0.1. These low values indicate high statistical signi�cance, which
suggests a real di�erence in model performance. A large p-value would indicate low statistical
signi�cance, meaning any di�erence in model performance is likely down to random chance.

The accuracy reductions are 1.024% with lateral exclusion of 5%, 0.909% with central
exclusion of 5%, 0.909% with lateral exclusion of 10%, and 0.919% with central exclusion of
10%. The accuracy reductions of lateral exclusion experiments are worse then those of central
exclusion, which correlates to work by Byerly et al. [72], where data far from the classes' centroid
appears to hold more important information for classifying an image.

The percentage di�erences of the experiments shows a high amount of variance between
lateral and central exclusion, which is an unexpected result. The expected behaviour is that the
runtimes would be more similar, as the same amount of reduction is performed, and therefore the
same amount of image evaluations. For example, with the Micro-PCB dataset, lateral exclusion
of 1% of the dataset gives a runtime reduction of 4.280%, while central exclusion gives a runtime
reduction of 8.422%, which equates to 4 minutes. Such a relatively small time could be the result
of change in conditions that the computer was run under, such as increase in room temperature.

The results of the experimentation also show a decrease in average accuracy across all ex-
periments. The observed accuracy drop is also proportional to the amount of data excluded.
However, there is a moderate di�erence in accuracy between central and lateral exclusion. For
example, with the Micro-PCB dataset and data exclusion of 10%, lateral exclusion gives a de-
crease of 0.141% and central exclusion gives a decrease in 0.282%. The p-value of these exper-
iments must also be considered; lateral exclusion has a p-value of 0.13, and central exclusion
has 0.02. As it is more than 0.05, the values of lateral exclusion are shown to be less statisti-
cally signi�cant than those of central exclusion, more prone to random change and less reliable.
Statistical signi�cance may be improved by modifying the model to exclude operations that use
randomness, such as those in data augmentation.

The results of the Imagenette datasets show similar patterns. The maximum reduction in
runtime is 8.034%, which is half of the maximum runtime reduction with the Micro-PCB dataset.
The di�erence in runtimes can be explained by considering that the image data of the Imagenette
dataset is more complex than those of the Micro-PCB dataset, and as such, evaluating a single
image takes more processing time.

4.2.3 Dynamic Data Reduction

Based on methods introduced in chapter 3, the training process is split into two sections. The
�rst section uses a reduced dataset, and the second section uses the complete dataset. Figure
4.3 shows an example of the data step for the Micro-PCB dataset, where:

� SE
1 = 125 epochs,

� SE
2 = 125 epochs,

� SD
1 = 90% of the dataset,

� SD
2 = 100% of the dataset.

Table 4.5 shows the experimental results on the Micro-PCB dataset, and table 4.4 shows the
results on the Imagenette dataset.

The �rst notable result is that p-values are highly variable. The closer the p-value is to 1, the
less statistically signi�cant it should be considered as. While non-statistically signi�cant results
may seem unfavourable, it tells us that the results are less distinguishable from the benchmark
accuracies. As the aim of this chapter is to reduce the data and maintain performance, this is
in fact ideal.
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Figure 4.3: Dynamic data allocation with a step from 90% data to full dataset use, for
Micro-PCB dataset. © 2022 IEEE

Table 4.4: Imagenette dataset results with dynamic data reduction. © 2022 IEEE

Exclusion
Type

# Image
Evaluations

Data
exclusion

Runtime
(hours)

Test
Accuracy

Percentage
di�erence

Average p-value Runtime
Average
Accuracy

None 2,340,000 - 3:19 90.686% - - -
Lateral 2,325,000 1.00% 3:20 90.217% 0.1516 0.041% -0.517%
Central 2,325,000 1.00% 3:20 90.556% 0.7184 0.093% -0.144%
Lateral 2,280,000 5.00% 3:16 90.399% 0.3929 -1.744% -0.316%
Central 2,280,000 5.00% 3:11 90.122% 0.1394 -4.176% -0.622%
Lateral 2,220,000 10.00% 3:12 90.182% 0.4018 -3.609% -0.555%
Central 2,220,000 10.00% 3:12 90.512% 0.7091 -3.607% -0.191%

Table 4.5: Micro-PCB dataset results with dynamic data reduction. © 2022 IEEE

Exclusion
Type

# Image
Evaluations

Data
exclusion

Runtime
(hours)

Test
Accuracy

Percentage
di�erence

Average p-value Runtime
Average
Accuracy

None 1,620,000 - 1:55 99.962% - - -
Lateral 1,605,000 1.00% 1:53 99.974% 0.7328 -2.150% 0.013%
Central 1,605,000 1.00% 1:51 99.897% 0.3015 -3.381% -0.064%
Lateral 1,575,000 5.00% 1:53 99.974% 0.6810 -2.365% 0.013%
Central 1,575,000 5.00% 1:50 99.885% 0.0598 -4.926% -0.077%
Lateral 1,530,000 10.00% 1:48 99.731% 0.2222 -6.427% -0.231%
Central 1,530,000 10.00% 1:48 99.910% 0.3393 -6.413% -0.051%
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The results of the Imagenette dataset show average accuracy decrease across all experi-
ments. However, due to the high p-values of all experiments (the lowest of all being a value
of 0.1394), these results are statistically signi�cant from the benchmark, and are therefore not
varying enough to be used for a reliable comparison. Deeper analysis can only be considered as
speculation.

The results of the Micro-PCB dataset show two experiments with an increase in average ac-
curacy. Lateral exclusion with both 1% and 5% exclusion have an accuracy increase of 0.013%.
As previously mentioned, the high p-values of 0.74 and 0.68 show that the results are not statis-
tically signi�cant, and highly prone to small random changes in the network model. Therefore,
unfortunately, this result must be concluded as unreliable.

4.3 Discussion

The results of the dynamic data reduction experiments give much higher p-values than those
of static data reduction, suggesting that the di�erence in accuracy compared to the benchmark
is less statistically signi�cant, and any di�erences are likely due to random change. A lack of
statistical signi�cance means that the results are less distinguishable from the benchmark. As
the task of this chapter is to reduce the data use and maintain the accuracy as much as possible,
results indistinguishable from the benchmark is an acceptable result.

There is a 0.114% loss in accuracy with central reduction of 1% for the Imagenette dataset.
As previously mentioned, the high p-value means this result is not statistically signi�cant from
the benchmark. However, central reduction yields superior accuracy compared to the lateral
reduction of the same amount of data. These results correlate with the conclusions of Byerly
et al. [72], where the data furthest from the centroid holds more important features necessary
for distinguishing the image from other classes, compared to data closer to the centroid. The
runtime of the central reduction of 1% experiment and the lateral reduction equivalent are more
than the benchmark, meaning the computation to order and remove the data takes longer to
process than simply training on that data. Therefore, as there is a greater cost in energy use
and CO2 emission, 1% data reduction is not bene�cial for the Imagenette dataset.

The best performing accuracy for the Micro-PCB dataset is, curiously, the same value for both
1% and 5% lateral data reduction, at 99.974%, which is above the benchmark accuracy for the
Micro-PCB dataset. However, as with the Imagenette dataset, the p-values for these experiments
are too high for these results to be considered statistically signi�cant when compared with the
benchmark. As previously mentioned, marginally di�erent accuracies and p-values that indicate
no statistical signi�cance show that the results are indistinguishable from the benchmark. The
runtime of training is shorter than that of the benchmark, so the data reduction methods used in
this chapter are e�ective for slightly lowering runtime, and therefore CO2 use, for the Micro-PCB
dataset.

The runtime reductions of the Micro-PCB dataset are greater than those of the Imagenette
dataset, despite the same amount of data reduction implemented, indicating that the Imagenette
dataset requires more time per image evaluation than that of the Micro-PCB dataset. The
di�erence in runtime reduction also suggests that the images of the Micro-PCB dataset are less
complex than those of Imagenette. Therefore, the Micro-PCB dataset can be described as less
computationally demanding, and more suitable for data reduction methods such as the ones
described in this chapter. The di�erence in performance across di�erent datasets may be useful
for prototyping new data reduction technologies and would bene�t from further experimentation.

4.4 Conclusion

To further investigate the practicality dynamic data reduction, the need arose for non-random
reduction. Chapter 3 introduced dynamic data reduction, but did not focus on any particular
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data, and removed data at random. While the results from non-random data reduction showed
that any data could be removed and performance maintained, it lacked the capacity to see if
some data exists that does not bene�t training, and could therefore be removed. By using data
reduction techniques, the aim is to identify the least critical data to be excluded from training,
shortening training time and cutting the environmental cost.

This chapter used dimensionality reduction to calculate centroid distances for each datapoint
in two datasets. Centroid distance is used to order data, allowing us to remove data closest or
furthest from the centroids, giving us a non-random data reduction method. This chapter has
shown that it is possible to order image data by centroid distance, after reducing the dimension-
ality of the images. Once the data is ordered by the distance of each datapoint from its classes'
centroid, removing data furthest from the centroid causes a drop in model accuracy. Therefore,
central reduction is the preferred reduction method.

This chapter has used less reduction than that used in chapter 3. A smaller amount of data
reduction allows comparison with other state-of-the-art work, to validate the e�ectiveness of the
methods introduced. A research gap to address is to use larger amounts of non-random data
reduction to compare with chapter 3. Another gap is to use smaller image datasets, like those
used in chapter 3. A �nal gap is to develop a method that does not train with a smaller portion
of each dataset and then move onto the full dataset, but use a reduced dataset throughout all
training while still using the full dataset.
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Chapter 5

Dynamic Data Reduction with Sliding

Window

In chapter 4, a non-random method to order and select data for reduction was introduced. As
with chapter 3, these methods show that data may be removed while performance maintained.
This chapter aims to further investigate how data is presented to arti�cial neural networks
through the development of new methods to dynamically present data. These new methods are
compared with the standard procedure of full data inclusion. Image datasets of varying image
sizes and complexities are used to gain an understanding of how the methods a�ect di�erent
image datasets.

5.1 Methodology

5.1.1 Data selection

The UMAP algorithm reduces the dimensionality of a dataset, allowing us to observe the data-
points relative to each other in Euclidian space. The algorithm was run for each dataset's training
set, based on work by Byerly et al. [72]. Dimensionality reduction yielded a Euclidian distance
of each datapoint, relative to that datapoint's class's centroid. The magnitude of the Euclidian
distance is then used to order the datapoints by their distance to their centroid, on a scale of
`central' to `lateral', and used as the basis for determining whether a datapoint is included by
the sliding data window.

5.1.2 Data application

The aim of this chapter is to use a portion of the full dataset every epoch. The data used in an
epoch depends on the selected `window size' and the epoch number. The method is described
as sliding window, as the amount of data used in an epoch is encompassed in a `window' that
slides across the data each epoch, selecting a new data portion to train with. The direction of
the window slide is de�ned as `forward' when sliding from central data to lateral, and `reverse'
when sliding from lateral data to central.

Figure 5.1 show example graphs of used data against training epoch, with a dataset of 100
datapoints. Each graph shows which data are used at each epoch, depending on the prede-
termined `window size'. The top two graphs (a) and (b), shown in blue, are experiments that
provide data from `central to lateral'; the datapoints used at the earlier stages of training are
closer to their class's centroid. The data slides in the forward direction. The bottom two graphs
(c) and (d), shown in orange, are `lateral to central', and the datapoints used at the earlier stages
of training are furthest from their class centroids. The data slides in the reverse direction. The
left two graphs (a) and (c) have a window size of 20%; each epoch only uses 20% of the training.
As such, every sequential epoch sees a bigger change in data used. Oppositely, the right two
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graphs (b) and (d) show data use of 80% of the full dataset. More data is used each epoch than
the 20% experiments, and each epoch sees less of a change in data used. It is also important to
note that when the window size is more than 50%, the data whose distance to its class's centroid
is used throughout all the training. The larger the window size, the more data there is that �ts
this category.

Figure 5.1: Example data usage graphs with Sliding Window method, where
(a) shows 20% data usage, in the forward direction,
(b) shows 80% data usage, in the forward direction,

(c) shows 20% data usage, in the reverse direction and
(d) shows 80% data usage, in the reverse direction.
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5.1.3 Datasets

Five datasets were used for experimentation: the handwritten digits dataset MNIST [165],
CIFAR-10 [166], and the model toy dataset smallNORB [167] are datasets with smaller images,
but a larger quantity of them. Imagenette [170] and Micro-PCB [172] contain larger images, but
fewer of them. Table 5.1 shows the properties of each dataset.

Table 5.1: Properties of each dataset used in this chapter.

Dataset
# Training
images

# Test
images

Image size
(pixels)

# Colour
channels

MNIST 60,000 10,000 28x28 1
CIFAR-10 50,000 10,000 32x32 3
smallNORB 24,300 24,300 32x32 1
Imagenette 9,469 3,925 299x299 3
Micro-PCB 6,500 1,625 299x299 3

5.1.4 Hardware

All experimentation was performed on the same hardware to maximise consistency. The CO2

usage was computed from the average power use by the GPU during training and statistics from
the Department for Energy Security and Net Zero [168]. The estimated CO2 emission is used
for emission reduction calculations.

� CPU: Intel i7 10700

� GPU: RTX A4000

� RAM: 64GB

� CO2 emission per hour: 35.61g

5.1.5 Performance Metrics

The aim of this chapter is to reduce the overall amount of evaluations performed through train-
ing. Also, the CO2 emissions calculator tool [173] uses time as a parameter for its calculation.
Therefore, to calculate the reduction CO2 emissions, the runtime of each experiment is needed.
The runtime of each experiment is recorded and compared with the benchmark to gauge the per-
centage di�erence. While being able to reduce the CO2 emissions is desirable, it is also important
not to degrade the performance of the network. Accuracy is recorded to show the successfulness
of an experiment. Likewise with runtime, the percentage di�erence against the benchmark is
calculated for convenience.

p-values are also calculated for each experiment, with relation to each dataset's benchmark.
The p-value is critical for identifying the statistical signi�cance of the results of an experiment.
For this chapter, a p-value of 0.05 or lower is chosen to determine if the results are statistically
signi�cant, which is a widely used value for this purpose. p-values are calculated based on
analysis of variance (ANOVA) [174].

5.1.6 Network Architecture

A Convolutional Neural Network (CNN) with a simple monolithic architecture was employed for
all experimentation, as per [116]. Due to the di�ering image size of the datasets used, di�erent
models were required.
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For smaller image datasets MNIST, CIFAR-10 and smallNORB, a nine-layer CNN was used.
The output of the �nal convolutional layer was fed into a HVC layer [116] in place of a dense
layer, which then fed into the output classi�cation layer. Figure 5.2 shows the structure of the
CNN used for the MNIST, CIFAR-10 and smallNORB datasets.

For the larger image datasets Imagenette and Micro-PCB, an eleven-layer CNN was used
with pooling after every three convolution layers. The �nal convolutional layer feeds into an
HVC layer, and then the output classi�cation layer. Figure 5.3 shows the structure of the CNN
used for the Imagenette and Micro-PCB datasets.

Figure 5.2: CNN model architecture used for MNIST, CIFAR-10 and smallNORB datasets:
a 9 layer CNN with max pooling between every 3 convolutional layers, and ending with 2 HVC

layers in place of dense layers.

Figure 5.3: CNN model architecture used for the Imagenette and Micro-PCB datasets:
11 layer CNN with max pooling after every 3 convolutional layers, and ending with 2 HVC

layers in place of dense layers.

Tests were run for 300 epochs, with a batch size of 120, for consistency with chapter 3. The
Adam optimiser was used with an initial learning rate of 0.001, and a decay rate of 0.02 per epoch.
These values provide consistent initial settings across all experiments for all datasets. Online
augmentation was used for training, whereby training images would undergo augmentation based
on [116] each epoch, including random rotation, random shift and image distort.

5.2 Experimental Results

This chapter measures the performance of the sliding window strategy through experimental
work. The experimental results will be compared with methods in chapters 3 and 4 to determine
whether the sliding window method is superior. Also, as with chapter 4, experimentation will
help identify which data is more useful at the di�erent stages of training, by sliding the data
window in di�erent directions.

5.2.1 Benchmark

Experiments were run with the full dataset and no data exclusion to serve as a benchmark for
all other experiments. Table 5.2 shows the benchmark runtime and accuracy for all the datasets
used in this chapter. These results will be used to compare the data reduction experiments, to
show the reduction in runtime and e�ect on performance. The number of total image evaluations
is the number of training images evaluated multiplied by the number of training epochs.
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Table 5.2: Benchmark results for each dataset used in this chapter.

Dataset # Training Total # Image Runtime CO2 Test
epochs evaluations (hours) emission (kg) Accuracy

MNIST 300 18,000,000 1:58 0.130746 99.749%
CIFAR-10 300 14,976,000 2:18 0.238128 89.249%
smallNORB 300 7,272,000 1:23 0.091806 92.685%
Imagenette 300 2,808,000 3:36 0.238590 90.323%
Micro-PCB 300 1,944,000 2:24 0.158926 99.987%

5.2.2 MNIST

Table 5.3 shows the results of the experimentation for the MNIST dataset. The value marked in
bold is the highest average accuracy achieved.

Table 5.3: Experimental results for the MNIST dataset.
The value in bold is the best average accuracy.

Window
Size

Runtime
(hours)

Average
accuracy

Runtime
di�erence

Accuracy
di�erence

Forward Reverse Forward Reverse Forward Reverse Forward Reverse

10% 0:22 0:22 99.353% 99.016% -81.078% -80.964% -0.397% -0.735%
25% 0:37 0:37 99.550% 99.454% -68.816% -68.824% -0.199% -0.296%
50% 1:05 1:07 99.669% 99.552% -45.227% -43.493% -0.081% -0.197%
55% 1:10 1:10 99.665% 99.606% -40.727% -41.047% -0.085% -0.143%
60% 1:15 1:17 99.659% 99.620% -36.333% -34.884% -0.091% -0.129%
65% 1:21 1:21 99.665% 99.629% -31.409% -31.463% -0.085% -0.121%
70% 1:27 1:27 99.669% 99.631% -26.139% -26.661% -0.081% -0.119%
75% 1:32 1:32 99.689% 99.643% -22.149% -21.864% -0.060% -0.107%
80% 1:38 1:41 99.691% 99.659% -17.386% -14.707% -0.058% -0.091%
85% 1:43 1:47 99.703% 99.682% -13.108% -9.515% -0.046% -0.067%
90% 1:49 1:48 99.711% 99.707% -8.222% -8.686% -0.038% -0.042%
95% 1:58 1:54 *99.719% *99.723% -0.149% -3.858% -0.030% -0.026%

MNIST is well known for being easy to train and achieving accuracies above 99%. The
results show that even with only 10% of the total evaluations performed, over 99% accuracy is
achieved. Runtime can be heavily reduced by over 80% by training in this way, with a marginal
detriment to the accuracy. The best performing strategy is with a window size of 95% in the
reverse direction, with an accuracy decrease of 0.026% and a runtime di�erence of four minutes.
Four minutes is a very small runtime di�erence relative to the benchmark runtime of almost 2
hours, which is not a very bene�cial runtime reduction for the loss in model accuracy. Figure
5.4 shows the di�erences between experimental results for the MNIST dataset more clearly. One
feature to note is that experiments in the forward direction (central to lateral data inclusion)
outperform the experiments in the reverse direction (lateral to central inclusion) in all but one
cases; the �nal experiment with a window size of 95% shows that the reverse direction beats
central to lateral by 0.004%. Considering that this experiment performs 0.024% worse than the
baseline for only a 4 minute runtime reduction, it would be more bene�cial to simply use the full
dataset.

Accuracies marked with an asterisk have associated p-values above 0.05. As such, they do
not have a statistically signi�cant di�erence from the baseline. Both experiments with a window
size of 95% share this property, and so their validity is questionable.
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Figure 5.4: Experimental results with MNIST dataset
Blue bars show accuracy for experiments in the forward direction, and orange bars show

accuracy for experiments in the reverse direction.

5.2.3 CIFAR-10

Table 5.4 shows the results of the experimentation for the CIFAR-10 dataset. The value marked
in bold is the highest average accuracy achieved.

Compared to MNIST, CIFAR-10 is more di�cult to train, shown by the lower accuracy
achieved and increased runtime despite fewer evaluations performed. The best performing strat-
egy is with a window size of 95% in the forward direction, with an accuracy decrease of 0.153%
and a runtime di�erence of �ve minutes. As with the MNIST dataset, this is a very small runtime
di�erence relative to the benchmark runtime of over 2 hours, which is not a very bene�cial run-
time reduction for the loss in model accuracy. As the window size is decreased, fewer evaluations
are performed, which causes a drop in both runtime and accuracy. If an accuracy decrease of
1% is acceptable for a runtime drop of roughly 15% (24 minutes), then perhaps the 80% window
size may be desirable.

The experiments in the forward direction outperform the reverse direction across the board,
including the 95% window size experiment. This is shown clearly in Figure 5.5. However, as with
MNIST, the p-value of the 95% lateral to central is above 0.05, and thus the network performance
is unstable. Despite this, a sliding window in the forward direction is superior with all window
sizes, showing that centralmost data is better used at the beginning of training and lateralmost
data at the end.
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Table 5.4: Experimental results for CIFAR-10 dataset.
The value in bold is the best average accuracy.

Window
Size

Runtime
(hours)

Average
accuracy

Runtime
di�erence

Accuracy
di�erence

Forward Reverse Forward Reverse Forward Reverse Forward Reverse

10% 0:23 0:23 76.114% 75.749% -83.070% -83.058% -14.717% -15.126%
25% 0:42 0:42 83.297% 81.528% -69.084% -69.072% -6.669% -8.651%
50% 1:15 1:15 86.466% 85.432% -45.409% -45.510% -3.118% -4.277%
55% 1:21 1:21 87.018% 86.100% -41.081% -41.188% -2.500% -3.528%
60% 1:28 1:28 87.191% 86.564% -36.235% -36.431% -2.306% -3.008%
65% 1:34 1:34 87.645% 86.942% -32.045% -31.675% -1.798% -2.585%
70% 1:41 1:40 87.803% 87.386% -26.956% -27.272% -1.620% -2.088%
75% 1:47 1:47 87.924% 87.703% -22.189% -22.418% -1.485% -1.732%
80% 1:54 1:54 88.315% 88.106% -17.676% -17.334% -1.046% -1.280%
85% 2:00 2:00 88.618% 88.462% -13.106% -12.925% -0.706% -0.882%
90% 2:06 2:06 88.727% 88.657% -8.541% -8.405% -0.585% -0.664%
95% 2:13 2:13 *89.096% *88.867% -3.269% -3.617% -0.171% -0.427%

Figure 5.5: Experimental results with CIFAR-10 dataset.
Blue bars show accuracy for experiments in the forward direction, and orange bars show

accuracy for experiments in the reverse direction.
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5.2.4 smallNORB

Table 5.5 shows the results of the experimentation for the smallNORB dataset. The value marked
in bold is the highest average accuracy achieved.

Table 5.5: Experimental results for smallNORB dataset.
The value in bold is the best average accuracy.

Window
Size

Runtime
(hours)

Average
accuracy

Runtime
di�erence

Accuracy
di�erence

Forward Reverse Forward Reverse Forward Reverse Forward Reverse

10% 0:42 0:41 81.057% 73.536% -48.612% -50.709% -12.546% -20.660%
25% 0:42 0:42 88.897% 87.849% -48.876% -49.629% -4.087% -5.217%
50% 0:52 0:52 90.801% 90.944% -36.641% -36.496% -2.032% -1.878%
55% 0:56 0:55 91.519% 91.165% -32.515% -32.974% -1.258% -1.640%
60% 0:58 0:58 91.112% *91.647% -29.846% -29.689% -1.697% -1.120%
65% 1:01 1:02 91.341% *92.047% -26.303% -25.220% -1.450% -0.688%
70% 1:04 1:04 *92.254% *91.863% -22.774% -22.719% -0.465% -0.887%
75% 1:07 1:08 91.020% *92.814% -18.862% -17.846% -1.796% 0.140%
80% 1:10 1:10 *92.217% *92.212% -15.195% -15.773% -0.505% -0.510%
85% 1:13 1:13 *92.366% *92.593% -11.403% -11.558% -0.344% -0.099%
90% 1:17 1:16 *93.108% *92.574% -7.654% -8.010% 0.457% -0.119%
95% 1:20 1:20 *92.382% *93.339% -3.788% -4.030% -0.327% 0.706%

The results of the experimentation for the smallNORB dataset show �uctuations in accuracy
as the window size is increased. For example, experiments in the forward direction show a
decrease in accuracy when increasing the window size from 50% to 55% and from 70% to 75%.
A decrease in model accuracy is interesting behaviour, as usually adding more data or running
more evaluations results in a boost in model performance. What is even more unexpected is
that experiments 90% in the forward direction and 75% in the reverse direction have a higher
accuracy than the benchmark by 0.654%, with a runtime di�erence of 3 minutes. Figure 5.6
also shows great �uctuation between accuracies in the forward and reverse direction, making it
impossible to identify the best window direction to use for this dataset. Considering the high
p-values calculated for these experiments, indicated by the asterisks on the accuracy columns,
the statistical signi�cance and validity suggest that the results are indistinguishable from the
benchmark. Also, consider that the smallNORB dataset features fewer datapoints than the
previously explored MNIST and CIFAR-10; fewer datapoints could cause randomness in the
network, which is only ampli�ed by initial random states of the neurons and the augmentation
used, which causes greater noise in the results.

Chapter 5 Dominic Sanderson 74



Dynamic Data Reduction for Foundational AI Models

Figure 5.6: Experimental results with smallNORB dataset.
Blue bars show accuracy for experiments in the forward direction, and orange bars show

accuracy for experiments in the reverse direction.

5.2.5 Imagenette

Table 5.6 shows the results of the experimentation with the Imagenette dataset. The value
marked in bold is the highest average accuracy achieved.

Similarly to CIFAR-10, Imagenette is one of the more di�cult datasets used in this chapter
to train. However, the experimentation follows a familiar pattern, where the fewer evaluations
are performed, the worse the accuracy of the testing. In particular, with a window size of 10% an
accuracy of only 40% is achieved; this is unacceptable performance, and so much data reduction
is unsuitable.

The best performing strategy is with the reverse direction with a window size of 95%, with an
accuracy decrease of 0.115% and a runtime reduction of 2 minutes. For such a minimal reduction
in runtime, this is a fairly signi�cant accuracy drop. As shown by Figure 5.7, experiments in the
forward direction outperform those in the reverse direction in most cases for Imagenette, except
with window sizes 80% and 95%, showing that when less data is available, the forward strategy
is superior. As window size increases, p-values indicate the null hypothesis is not true for some
strategies making it impossible to compare with the smaller window sizes with su�cient validity.
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Table 5.6: Experimental results for Imagenette dataset.
The value in bold is the best average accuracy.

Window
Size

Runtime
(hours)

Average
accuracy

Runtime
di�erence

Accuracy
di�erence

Forward Reverse Forward Reverse Forward Reverse Forward Reverse

10% 0:52 0:52 41.495% 39.406% -75.711% -75.615% -54.060% -56.372%
25% 1:21 1:21 69.313% 67.833% -62.423% -62.228% -23.261% -24.899%
50% 2:07 2:08 84.990% 83.307% -41.046% -40.873% -5.905% -7.767%
55% 2:18 2:19 85.771% 85.010% -36.107% -35.881% -5.040% -5.882%
60% 2:28 2:27 87.151% 86.625% -31.738% -32.194% -3.512% -4.094%
65% 2:38 2:37 87.672% 87.026% -27.142% -27.517% -2.935% -3.650%
70% 2:46 2:46 88.693% 87.641% -23.122% -23.196% -1.805% -2.970%
75% 2:55 2:55 88.865% 88.094% -18.955% -19.019% -1.615% -2.468%
80% 3:06 3:05 88.958% 89.000% -14.008% -14.666% -1.511% -1.465%
85% 3:15 3:14 *89.687% 88.911% -9.952% -10.436% -0.703% -1.563%
90% 3:23 3:23 *90.073% 89.766% -6.124% -6.164% -0.277% -0.617%
95% 3:32 3:32 *89.932% *90.208% -1.866% -1.901% -0.432% -0.127%

Figure 5.7: Experimental results with Imagenette dataset.
Blue bars show accuracy for experiments in the forward direction, and orange bars show

accuracy for experiments in the reverse direction.
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5.2.6 Micro-PCB

Table 5.7 shows the results of the experimentation with the Micro-PCB dataset. The value
marked in bold is the highest average accuracy achieved.

Table 5.7: Experimental results for Micro-PCB dataset.
The value in bold is the best average accuracy.

Window
Size

Runtime
(hours)

Average
accuracy

Runtime
di�erence

Accuracy
di�erence

Forward Reverse Forward Reverse Forward Reverse Forward Reverse

10% 0:24 0:24 13.321% 15.038% -82.827% -82.989% -86.678% -84.960%
25% 0:44 0:44 69.000% 65.859% -69.027% -68.977% -30.991% -34.133%
50% 1:16 1:17 94.026% *95.897% -46.814% -46.446% -5.962% -4.090%
55% 1:23 1:24 97.897% 98.090% -42.491% -41.465% -2.090% -1.898%
60% 1:31 1:32 99.513% 98.615% -36.412% -36.293% -0.474% -1.372%
65% 1:39 1:39 *99.782% 99.590% -30.889% -31.315% -0.205% -0.397%
70% 1:43 1:44 99.128% *99.128% -28.115% -27.738% -0.859% -0.859%
75% 1:51 1:51 *99.590% 99.846% -22.963% -22.614% -0.397% -0.141%
80% 1:58 1:59 99.846% *99.846% -18.048% -17.508% -0.141% -0.141%
85% 2:04 2:04 *99.744% *99.949% -13.867% -13.878% -0.244% -0.038%
90% 2:11 2:10 *99.897% *99.936% -8.862% -9.448% -0.090% -0.051%
95% 2:18 2:18 *99.910% *99.936% -3.940% -3.855% -0.077% -0.051%

The Micro-PCB dataset features 13 classes of PCBs, with the focus being on capturing
di�erent perspectives. There are few images in this dataset, as there is very little variation
between PCBs of the same type, and so there is little variation that would need to be represented.
This is similar to the smallNORB dataset, where the images are of the same objects at di�erent
angles.

The Micro-PCB dataset achieves a high accuracy (above 90%), and is relatively easy to train,
similarly to MNIST. However, unlike MNIST, experiments with a window size of 10% show very
poor accuracy. The performance of the 10% window size is closer to that of the CIFAR-10 and
Imagenette datasets, likely due by the fewer number of total evaluations performed, as there are
much fewer data in the Micro-PCB dataset compared to MNIST. Such a small window size is
not appropriate for this dataset.

The best performing strategy is with the reverse direction with a window size of 85%, achiev-
ing an accuracy decrease of 0.038% and a runtime reduction of 20 minutes. Other datasets
have their highest accuracies with a larger window size of 90% or 95%; the di�erence between
the Micro-PCB dataset and the other datasets tested so far may come down to by the high
p-values of many of the experimental results. High p-values are present with a window size as
low as 65% for the Micro-PCB dataset, leading to the conclusion that the results are unstable
with these window sizes.

The Micro-PCB dataset shows that for a majority of window sizes, experiments in the reverse
direction outperform those in the forward direction, shown in Figure 5.8. Also, a majority of
experiments have p-values above the 0.05 maximum. As observed with the smallNORB dataset,
high p-values with these results are due to the highly structured nature of the dataset.
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Figure 5.8: Experimental results with Micro-PCB dataset.
Blue bars show accuracy for experiments in the forward direction, and orange bars show

accuracy for experiments in the reverse direction.

5.3 Discussion

There are two results to discuss: the results of the experimentation on their own, and the results
compared to those of the previous chapters of this thesis.

5.3.1 Comparing Sliding Window with Benchmark

The experimental results all show a pattern when comparing the window size's e�ect on accuracy;
the smaller the window size, the lower both the accuracy and training runtime. If a large
reduction in runtime is required, a sacri�ce in accuracy is necessary.

Before analysing and comparing the results of the experimentation more deeply, it is impor-
tant that the p-values of the experiments are considered to determine statistical signi�cance.
High p-values indicate the experimental results are indi�erentiable from the baseline. The tables
above have shown the experiments where the p-value indicates this, and �gure 5.9 shows how
p-values vary between datasets. Figure 5.9 shows that while for most datasets, the p-value in-
creases with the increasing window size. As the window size grows to the size of the full dataset,
the experimental results become less distinguishable from those of the benchmark. However,
for the smallNORB and Micro-PCB datasets, the p-value �uctuates much more. As previously
mentioned, �uctuating p-values are possibly due to the structured nature of the data. Further
experimentation is required to identify the reason for this behaviour, which may provide insight
into how the di�erent natures of data need to be handled.

For all datasets except CIFAR-10, the best performing experiments are in the reverse direc-
tion, with a minimum window size of 85%. With a window size this large, there is at least some
data in the lateral half of the dataset present throughout all training. The better performance
with data inclusion from lateral to central correlates with work by Byerly et al. [72], where data
in the lateral half of the dataset gave better performance than that in the central half. However,
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Figure 5.9: The p-values for all experiments across all datasets.

�gures 5.4, 5.5, 5.6 and 5.7 make it clear that with window sizes less than 50%, for datasets
MNIST, CIFAR-10 and Imagenette, experiments in the forward direction generally outperform
those in the reverse direction. This correlates with the theory that for unstructured datasets
such as MNIST, CIFAR-10 and Imagenette, data closer to its class's centroid is easier to learn,
and that data further is harder, and that easier data should be used at the beginning of training.

5.3.2 Comparing Sliding Window with Data Step

Comparing the benchmarks

It is important to highlight the di�erences in models used between experiments using data step
and sliding window in order to accurately compare them. Table 5.8 shows the hyperparameters of
the models used in chapters 3 and 4 for the data step experimentation, and table 5.9 summarises
the model used in this chapter for sliding window. The slight di�erences in these tunings were
selected as a best �t for the datasets trained on each chapter of this thesis.

Table 5.8: Model hyperparameters for each dataset for experiments with the Data Step method
of chapters 3 and 4.

Model Epochs LR LR decay Batch size

MNIST 9 layer CNN, 2 HVC 300 0.999 0.005 120
CIFAR-10 9 layer CNN, 2 HVC 300 0.999 0.005 120
smallNORB 9 layer CNN, 2 HVC 300 0.999 0.005 120
Imagenette 11 layer CNN, 2 HVC 250 0.98 0.001 120
Micro-PCB 11 layer CNN, 2 HVC 250 0.98 0.001 120

All experiments use a nine-layer CNN with two HVC layers, except those performed in chapter
4, which uses an eleven-layer CNN with two HVC layers. The same goes for initial learning rate,
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Table 5.9: Model hyperparameters for all dataset for experiments with the Sliding Window
method of this chapter.

Model Epochs LR LR decay Batch size

All Datasets 9 layer CNN, 2 HVC 300 0.999 0.02 120

which for all experiments is 0.999, except those in chapter 4, where it is 0.98. The learning rate
and decay rates are di�erent in between chapters 3 and 4 of this thesis, as they were chosen as
the optimal values for each dataset.

The small di�erences in model hyperparameters may be the cause of the slight di�erence in
model accuracies. For larger image datasets Imagenette and Micro-PCB, the same model as in
chapter 4 is used; an eleven-layer CNN with two HVC layers. Unlike in chapter 4, experimentation
in this chapter was run for 300 epochs instead of only 250. The batch size used is the same, at
120. The initial learning rate, and decay rate are di�erent; chapter 4 uses values of 0.98 and
0.001, while this chapter uses values of 0.999 and 0.02.

Table 5.10 shows the di�erences in accuracy and runtime between the benchmark experiments
run in this chapter compared with those in chapters 3 and 4. There are some slight di�erences
in accuracy and runtime, despite there being no data reduction performed at this stage.

Table 5.10: Comparison of benchmark accuracies and runtimes between chapters 3 and 4 with
this chapter.

Model Accuracy Model Runtime

Dataset
Chapter 3/4
Benchmark

Chapter 5
Benchmark

Chapter 3/4
Benchmark

Chapter 5
Benchmark

MNIST 99.701% 99.749% 2:01 1:59
CIFAR-10 88.689% 89.249% 2:54 2:19
smallNORB 92.984% 92.685% 1:27 1:23

Imagenette 90.694% 90.323% 3:15 3:37
Micro-PCB 99.963% 99.987% 1:55 2:25

The slight di�erences in hyperparameters and changes in data caused by data augmentation
have a cascading e�ect on the benchmark accuracies. MNIST is improved by 0.048%, CIFAR-
10 is improved by 0.56%, and Micro-PCB is improved by 0.024%. Imagenette is worse by
0.371%, and smallNORB is worse by 0.299%. These results show the bene�ts and detriments
of universally changing hyperparameters for all datasets; a better approach is to adjust these
for each dataset. These values were selected for consistency, but caused better results for some
datasets but worse results for others. Also, the benchmark results for the Imagenette dataset
are worse, despite there being more training epochs in this chapter's experimentation. There
is no clear answer to which model and hyperparameter combination is best universally for all
datasets; the di�erences yield better results for some datasets, yet worse results for others. As
hyperparameters and randomness introduced by augmentation can have such an e�ect on model
performance, the di�erences in accuracy between experiments become less signi�cant. Therefore,
by balancing improved �ne-tuning of these preprocessing methods and larger amounts of data
reduction, runtime may be reduced and model accuracy maintained.

Runtime di�erences are similar for datasets MNIST and smallNORB. The CIFAR-10 dataset
has a large di�erence in runtime between chapters, which was caused by improvements to the data
input pipeline and data augmentation procedures. Because of this, it shows that runtime may
be greatly a�ected by other factors, not just the amount of data used for training. The runtimes
for the Imagenette and Micro-PCB datasets are lower for chapter 4, as the experimentation for
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this chapter only used 250 epochs, instead of the 300 used in this chapter.

Comparing the data reduction strategies

Now, the performance of the data step methods of chapters 3 and 4 are compared with the sliding
window introduced in this chapter. Table 5.11 shows the best performing results with the Data
Step method, for each dataset. Table 5.12 shows the best performing results with the Sliding
Window method, for each dataset. Values in bold indicate the best accuracy and runtime for
that dataset, between the Data Step and Sliding Window methods.

Table 5.11: Top results for each dataset with Data Step methods of chapters 3 and 4. Data
Step reduction methods: Ep is step epoch, St is data step size, the percentage of data used in
the initial step. Values in bold indicate superior performance compared to best performing

experiment with Sliding Window.

Dataset Reduction
# Image

Evaluations
Average
Accuracy

Runtime

MNIST Ep.50 St.25% Random 11,312,880 99.725% 01:22
CIFAR-10 Ep.75 St.25% Random 14,061,360 88.625% 02:47
smallNORB Ep.75 St.25% Random 6,828,000 93.059% 01:23
Imagenette Ep.125 St.95% Lateral 2,280,000 90.399% 03:16
Micro-PCB Ep.125 St.95% Lateral 1,575,000 99.974% 01:53

Table 5.12: Top results for each dataset with Sliding Window methods of this chapter. Sliding
Window reduction methods: Forward is the forward direction, Reverse is reverse direction.

Percentage value is the amount of data excluded to create the sliding window. Values in bold
indicate superior performance compared to best performing experiment with Data Step.

Dataset Reduction
# Image

Evaluations
Average
Accuracy

Runtime

MNIST Forward 5% 17,100,000 99.723% 01:54
CIFAR-10 Forward 5% 14,227,200 89.096% 02:13
smallNORB Forward 5% 6,908,400 93.339% 01:20
Imagenette Reverse 5% 2,667,600 90.208% 03:32
Micro-PCB Reverse 15% 1,652,400 99.949% 02:04

From these results there is no clear superior method. Datasets MNIST, Imagenette and
Micro-PCB yield better accuracy and runtime with the data step method, while also performing
fewer image evaluations. Therefore, for these datasets, the data step methods is better in every
way. Datasets CIFAR-10 and smallNORB perform better with the sliding window method, in
both average accuracy and runtime, despite performing more image evaluations than its data
step counterpart.

It is important to consider how the data is chosen for exclusion. For the data step method,
datasets MNIST, CIFAR-10 and smallNORB use random data exclusion. Every other experiment
in data step and sliding window use central or lateral exclusion. Therefore, it is possible that the
superior performance from the sliding window experimentation on the CIFAR-10 and smallNORB
datasets is caused by the di�erence in data exclusion method, instead of the data application.
With this uncertainty in place, the Imagenette and Micro-PCB datasets' results can be relied
upon as they use lateral reduction instead of random. Therefore, while the sliding window
experimentation gave useful insight to which data is more useful at which stage of training as
shown by the direction of the window, the Data Step method is superior.
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5.4 Conclusion

Chapters 3 and 4 introduce dynamic data reduction, but comparisons between these chapters is
hindered due to the di�erent amounts of reduction used and di�erent sizes of the image data.
The experiments discussed in chapters 3 and 4 use a reduced dataset for a portion of the training,
but use the full dataset for at least some of the training. This chapter introduces the sliding data
window, which gives each epoch a di�erent data subset each training loop, while ensuring the
whole dataset is used. However, the full dataset is never used in any single training loop. The
data is ordered using the centroid distance of each datapoint, derived from reduced dimensionality
information as used in chapter 4.

It is shown that for some datasets, much less computational processing is required to achieve
a minimal loss in model performance. The more complex the data is, the less data you may
remove without negatively a�ecting performance. Also, in a majority of cases, a forward window
direction where data is provided from centralmost to lateralmost performs better than a reverse
window direction, further suggesting the theory that lateralmost data is less important at the
initial stages of training but more useful at the later stages.

While this thesis so far has shown that data may be removed from the training set to maintain
or improve model performance, the AI model must be fully trained to identify if the reduction
methods are appropriate. A research gap, therefore, is to be able to identify suitability of data
reduction for a dataset without having to train the model. Also, so far this thesis has focused
on image data; another gap to address is to determine the suitability of these methods on other
data formats, such as time-series data.
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Chapter 6

Identifying most useful data in

imbalanced time-series datasets

Chapters 3, 4 and 5 show that some data is more important to training, and by focusing on
that data at di�erent stages of training, the training process may be optimised and training
time reduced. These chapters have investigated dynamic data reduction for image datasets; this
chapter introduces dynamic data reduction to room occupancy datasets, a form of time-series
dataset. This chapter also introduces class density, a metric that may be calculated for each
class in a dataset to show suitability for data reduction and also class balancing, if the dataset
su�ers from class imbalance.

6.1 Methodology

The aim of this chapter is to identify the most useful data in a time-series occupancy dataset
by calculating centroid distances, which consolidate all the features, the sensor values, into
one variable. Having a single variable that describes all sensor values allows data to be quickly
organised by a single metric, which is used to remove data by multiple data reduction techniques,
giving us reduced datasets. The reduced datasets are used for training and testing, and the results
are compared to show which data reduction method, and therefore which data, is most bene�cial
for training. However, as occupancy data commonly have an imbalanced number of datapoints
in each class, the proposed method balances data by removing data from only the larger class
resolving both issues of class imbalance and the abundance of less useful data.

6.1.1 Dataset Preparation and Fusion

Multiple open-source datasets have been developed for the purpose of occupancy detection with
machine learning [175, 176]. The dataset selected for this experiment is the HPDMobile dataset
[177], due to it having multiple sites of homogeneous environmental sensor data, making it ideal
for dataset fusion. It is an open-source dataset that collects data from six sites, with each site
containing the same type of sensors and using the same capture methods. Each sensor device
captures temperature, humidity, and the Volatile Organic Compounds (VOC) count. Each site
has either four or �ve of these sensors, which equates to twelve or �fteen features for each site,
respectively. Each datapoint has an associated ground truth of the number of occupants, but for
the sake of simplicity, the experimentation aims to di�erentiate between `some' or `no' occupants.

The HPDMobile dataset is not originally formatted by site, but by sensor; each sensor's data
are stored in a separate �le. To make a complete dataset, each �le of sensor data is sorted by
location, time, and date and aggregated into a table for each site. The result is a csv �le for
each of the six sites, which are used as individual datasets. Details of the six data subsets of the
HPDMobile dataset are shown in Table 6.1.
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Table 6.1: HPDMobile dataset information.
Class balance ratio is between classes `Not Occupied' and `Occupied'. Each sensor contains

three features: temperature, humidity, and VOC.

Site
Number of
Datapoints

Original Number
of Sensors/Derived
Number of Features

Least Important
Sensor

Class Balance Ratio
(Not Occ:Occ)

Alpha 147,750 5:15 4 20:80
Beta 146,879 4:12 N/A 40:60

Charlie 302,399 5:15 0 22:78
Delta 146,879 5:15 4 21:79
Epsilon 129,599 5:15 4 24:76
Fazbear 328,319 4:12 N/A 47:53

The HPDMobile dataset has on average 7% of data missing across all sites and time frames
due to sensor synchronisation and duplicate dropping [177]. As gaps in data cause a loss in
information, and the Random Forest (RF) algorithm does not support missing data, this issue
is addressed by �lling these gaps in arti�cially with data imputation. K-Nearest Neighbour
(KNN) averaging was selected as an appropriate imputation technique for this purpose [178].
Prior to any training, each site's dataset undergoes imputation. For each missing datapoint in
each dataset, the three most similar datapoints are averaged to give the missing value. The
KNNImputer package from scikit-learn is used for this.

When attempting to fuse datasets, there may be issues in mismatching data formats or
missing data, which makes training di�cult. Data pre-processing must be performed in order
to homogenise datasets prior to their fusion. In the case of the HPDMobile dataset, there are
six individual site datasets, some containing 5 sensors, giving a total of 15 features, and with 4
sensors giving 12 features. To be able to fuse the individual site datasets together and to make
comparison between each site simpler, each dataset is homogenised into the same shape with
the same number of features by removing the least important sensor, and therefore the 3 least
important features. The least important sensor for the larger sites is identi�ed by classifying
each of the 5 sensor datasets, and using the scikit-learn importances metric. The importances
for each feature are collected and summed. The sensor with the smallest sum is then identi�ed
as the least important feature and omitted from the dataset before training. Sensor importances
are highlighted in Table 6.1.

To create a fused dataset from the six individual site datasets, each site is �rst split into
training and test sets. Then, each training set is combined into one large training dataset. The
test sets are not combined but tested on individually, after the model is trained on the fused
dataset. Figure 6.1 shows this procedure.
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Figure 6.1: Dataset fusion procedure.
Data from each site are split into train and test sets at a ratio of 80:20. Training sets are

concatenated into one datasets, and each test set is tested separately.

6.1.2 Centroid Distance Calculation

Five strategies for data reduction were developed for this paper, four of which use centroid
distance as an identi�er for reduction. Algorithm 2 shows the process of calculating each centroid
distance.

Algorithm 2 Centroid distance calculation

1: for Each Dataset do
2: Split Data into 2 classes: Occupied & Not Occupied
3: for Each Feature in Each Class do
4: Feature Centroids = Calculate Mean Average of Each Feature
5: for Each Datapoint in Dataset do
6: Feature Distances = Di�erence Between Feature And Feature Centroid
7: Centroid Distance = Linear Normalisation of all Feature Distances
8: end for
9: end for

10: end for

6.1.3 Data Reduction Strategies

Once data centroids are calculated, they are used to identify which data to remove from the
dataset for training. This chapter contains two experiments for data reduction: data balancing
through undersampling and data reduction on both classes, or pure data reduction. Data bal-
ancing aims to set the class distribution to 50:50 to alleviate the e�ects of class imbalance and
to reduce the amount of data used by removing data from the dominant class. For example, if
a dataset has two classes with 100 and 300 datapoints per class, the data balance methods aim
to reduce the majority class from 300 datapoints to 100. In total, this would be a reduction
of ((300 − 100)/(100 + 300)) = 50.0%. As this is quite a large reduction, the experimentation
described below caps the amounts of reduction by 5%, 10%, 25%, 50%, 75%, as well as the max-
imum. Limiting the amount of reduction performed allows us to observe the e�ects of varying
the amount of reduction and identify the best amount to use for the HPDMobile dataset. Pure
data reduction aims to identify the e�ects of reducing data in both classes indiscriminately. For
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consistency between experiments, the same reduction caps are used as above for pure data reduc-
tion. As each site dataset has a di�erent class balance, the maximum amount of data to remove
to balance the classes di�ers across datasets. Datasets with greater class imbalance require more
reduction to balance the classes, and vice versa.

Figure 6.2 shows the reduction methods developed. These are as follows:

- Random exclusion, where random datapoints are removed from the training set.

- Central exclusion, where datapoints with the smallest class centroid distance are removed.

- Lateral exclusion, where datapoints with the largest class centroid distance are removed.

- Data even, where datapoints from the largest density of class centroid distances are re-
moved, e�ectively cutting the top o� the tallest columns in the centroid distribution plots.

- Data squash, where an amount of datapoints proportional to the density of each of 10
bins of data is removed from each bin, e�ectively �attening all columns in the centroid
distribution plots, proportionally to the size of each column.
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(a) Random reduction (b) Central (leftmost columns) reduction

(c) Lateral (rightmost columns) reduction (d) Even (tallest columns) reduction

(e) Squash (all columns) reduction

Figure 6.2: Centroid distance reduction strategies used in this chapter, showing which data is removed
for each strategy, based on centroid distance.

The central and lateral exclusion methods are based on similar work on 2D image data [124],
and data even and data squash were developed for this chapter.

6.1.4 Class Density Calculation

Class density, or label density [124] [179], is a measure of the aggregate similarity of datapoints
within each class of a dataset. A low class density suggests the datapoints of that class are unique,
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while a high class density suggests many datapoints hold the same features. For the latter case,
it stands to reason that similar datapoints may be removed to reduce a dataset without taking
away key features from it.

Equation 1 [124] shows how class density is calculated, where d is the density for class i for
all n classes, where ci is the count of samples for that class; σi is the standard deviations of the
m Gaussians of the m-dimensional class i.

di = n · ci · (
n∑
j

cj)
−1 · ( 1

m

m∑
k

σik)
−1 (6.1)

For each experiment in this chapter, the class densities are calculated to identify the e�ect the
di�erent reduction strategies have on class density. With this knowledge, and the corresponding
model performance, the importance of speci�c data to overall model performance may be ob-
served. Class density may also be used to identify if a dataset may be reduced before attempting
any data reduction; �ndings by [124] suggest that by reducing data from the denser classes and
converging each class's density towards a value of 1, model performance may be maintained.
This chapter aims to identify if this is true for the HPDMobile dataset and, by extension, other
time-series datasets.

6.1.5 Metrics and Model

Accuracy is traditionally used to measure the performance of AI models, but especially in the
case of unbalanced datasets, it is known to give bias to the majority class in a phenomenon
known as the accuracy paradox [180]. To avoid this, model performance is also measured by
the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) [181]. Area Under
the Receiver Operating Characteristic Curve (AUC-ROC) is a single value that leverages a
model's sensitivity against its speci�city instead of considering these metrics individually, and is
considered a more descriptive metric over accuracy for biased datasets for binary classi�cation
tasks. The experimental results in this chapter show accuracy and AUC-ROC. The p-values of
each experiment are also given to show the statistically signi�cant di�erence between the results
and the test benchmark. A p-value below 0.05 is selected to identify statistical signi�cance.

Multiple models were considered for the experimentation, and preliminary testing was per-
formed on each to identify the most suitable model for the rest of the experimentation. Those
included were Random Forest (RF), XGBoost, Convolutional Neural Network (CNN), and Long
Short-Term Memory (LSTM) models. The RF and XGBoost models are available as part of the
scikit-learn library, and the CNN and LSTM models were created using the Pytorch library. The
RF and XGBoost model con�gurations are shown in table 6.2, and the CNN and LSTM model
con�gurations are shown in table 6.3.

Table 6.2: Random Forest and XGBoost model hyperparameters.

Model Max depth N. estimators Tree method

Random Forest Unlimited 100 -
XGBoost Unlimited 100 Approx.

Chapter 6 Dominic Sanderson 88



Dynamic Data Reduction for Foundational AI Models

Table 6.3: Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM)
network model hyperparameters.

Model
Layer

con�guration
Learning
rate

Optimiser
Loss

function
Data

window size

CNN
3 conv. layers with

batch norm.
2 dense layers

0.001 Adam
Binary

cross-entropy
6 datapoints

LSTM
4 LSTM layers, 1 dense layer

Hidden layer size: 250
Non-bidirectional

0.001 Adam
Binary

cross-entropy
6 datapoints

Table 6.4 shows the results from preliminary testing on Site Alpha of the HPDMobile dataset.
Preliminary results show that the RF model was the best-performing model. The RF and XG-
Boost models are the simpler models to train with, while the CNN and LSTM models require
the input data's sequencing to be preserved, which adds a level of complexity which may be
avoided by using a model that does not require sequencing preservation. Also, as one objective
of this study is for it to be deployable on edge devices with computational constraints, a compu-
tationally simpler model would be preferred. The Random Forest model was selected as a simple
single-loop model for classi�cation.

Table 6.4: Preliminary test results on RF, XGBoost, CNN, and LSTM models with
HPDMobile dataset Site Alpha.

Model Accuracy AUC-ROC

RF 98.744% 97.143%
XGBoost 95.128% 93.054%
CNN 91.021% 89.783%
LSTM 85.470% 85.393%

6.1.6 Hardware and Power Calculation

As the focus of this chapter is to reduce the cost of operation of occupancy classi�cation on
edge devices, it is important to consider the hardware the experiments are carried out on. Due
to the large number of experiments and the amount of data logging that will be performed,
experimentation is performed on a desktop PC. The code is designed to be transferable to an
IOT device for deployment, but in the context of this chapter the following hardware is used for
experimentation:

� CPU: Intel i7-11700k;

� RAM: 16 GB DDR4;

� OS: Windows 10.

The power consumption of the CPU is measured using HWiNFO software [182] while the
model is trained. For the processor used, the power consumption is 14 W when idle and 46 W
when busy. The power consumption of the program is the di�erence between these two: 32 W.
This value is consistent between experiments regardless of tree depth or dataset size, although
these factors instead increase the runtime of training. In the UK, according to the Department
for Energy Security and Net Zero [168], this translates to 6.623 g of CO2 emissions per hour.
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6.2 Experimental Results

6.2.1 Experiments on Individual Sites

For each experiment performed, the datasets were split into training and testing sets at a ratio
of 80:20. Each experiment was run �ve times and results were averaged.

Experimentation was performed to observe the e�ects of reducing the data by varying amounts,
from di�erent areas in the data distribution. Due to the di�erent class balances of each dataset,
class balancing removes more data for more imbalanced classes, and vice versa. Table 6.5 shows
the maximum percentage reduction of the larger class, and the dataset overall. It also shows the
densities of the classes, derived from research in [124]. Class density will be used as a metric to
identify suitability for data reduction.

Table 6.5: HPDMobile class balance and class density properties, and maximum reduction
amounts after class balancing.

Site
Number of
Datapoints

Class Balance
(Not Occ:Occ)

Balanced
Class Max
Reduction

Total Dataset
Reduction at
Max Balancing

Class Density
(Not Occ:Occ)

Alpha 147,750 20:80 74.912% 59.887% 0.674:1.585
Beta 146,879 40:60 34.599% 20.918% 1.068:1.201

Charlie 302,399 22:78 72.111% 56.386% 0.639:1.532
Delta 146,879 21:79 77.569% 63.358% 0.547:1.576
Epsilon 129,599 24:76 67.755% 51.235% 0.886:1.392
Fazbear 328,319 47:53 12.111% 6.446% 1.260:0.892

Experimental Benchmark

Before data reduction was performed, the models were trained with the full dataset to acquire
the benchmark results. These results are shown in Table 6.6. The runtime of each of these
experiments was less than one minute.

Table 6.6: Experimental benchmarks of accuracy and AUC-ROC with RF model.

Site Accuracy AUC-ROC

Alpha 98.813% 98.812%
Beta 99.613% 99.613%

Charlie 99.755% 99.612%
Delta 99.589% 99.271%
Epsilon 99.692% 99.574%
Fazbear 99.367% 99.368%

Site Alpha

Site Alpha has 147,750 datapoints and a class balance of 20:80. Figure 6.3 shows the results of
varying degrees of data reduction on the single dataset. Tables 6.7 and 6.8 show the p-values of
the AUC-ROC of each experiment.

Figures 6.3a,b show that model accuracy decreases steadily as more data are removed, re-
gardless of whether the removed data are from the majority class or both. Figures 6.3c,d, show
a similar drop in performance. The AUC-ROC score may be maintained with majority class
reduction, up to 50%. These results are interesting, as the accuracy up to this reduction amount
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has steadily decreased. By performing reduction in this way, the model's ability to avoid false
positives and false negatives may be improved. It is also important to note that the p-values
of all experiments corresponding to majority class reduction indicate that the results are not
statistically di�erentiable from the benchmark, apart from with the maximum reduction. For
the maximum reduction, the performance is clearly worse, hence the di�erentiation. For every
other case, performance is maintained while reducing the amount of data.

Tables 6.9 and 6.10 show the class densities for each experiment. Table 6.9 shows that, for
each reduction method, the densities of each class become closer, up to a reduction cap of 50%.
At maximum reduction, the minority class, class 0, has a greater class density than class 1. At
the same time, both the accuracy and the AUC-ROC of the model decrease by a relatively large
amount, supporting the theory that data may be reduced in order to balance the density of each
class towards a value of 1, but further reduction that leads to an imbalance causes the model
performance to deteriorate. Also, Table 6.10 shows that by performing data reduction on both
classes, the di�erence in class density between classes 0 and 1 does not change by a signi�cant
amount. The AUR-ROC decreases as data is reduced, as expected when reducing data, without
bene�ting from the performance boost given by class balancing.

(a) Accuracy, Majority class reduced (b) Accuracy, Both classes reduced

(c) AUC, Majority class reduced (d) AUC, Both classes reduced

Figure 6.3: Experimental results for Site Alpha test set.
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Table 6.7: p-values of the AUC metrics of each experiment of reduction on the majority class,
on Site Alpha test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.268 0.182 0.616 0.794 0.329
10% 0.971 0.255 0.906 0.652 0.625
25% 0.74 0.972 0.688 0.482 0.673
50% 0.605 0.731 0.948 0.341 0.239
74% 2.25 ×10−4 * 2.63 ×10−5 * 1.49 ×10−4 * 1.59 ×10−4 * 1.18 ×10−4 *

Table 6.8: p-values of the AUC metrics of each experiment of reduction on both classes, on Site
Alpha test set. Values marked with an * have a statistically signi�cant di�erence from the

benchmark.

Reduction Random Central Lateral Even Squash

5% 0.273 7.04 ×10−3 * 4.42 ×10−2 * 5.92 ×10−2 5.56 ×10−3 *
10% 3.51 ×10−3 * 0.267 1.44 ×10−2 * 0.16 3.48 ×10−2 *
25% 1.71 ×10−2 * 5.21 ×10−3 * 1.21 ×10−3 * 1.98 ×10−4 * 2.83 ×10−3 *
50% 3.96 ×10−4 * 2.56 ×10−5 * 2.64 ×10−5 * 7.09 ×10−4 * 2.11 ×10−4 *
74% 1.85 ×10−5 * 3.14 ×10−5 * 1.25 ×10−4 * 1.73 ×10−6 * 3.52 ×10−5 *

Table 6.9: Class density of Site Alpha dataset after data reduction on the majority class only.
R: random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.707 0.712 0.670 0.687 0.704 1.565 1.565 1.582 1.565 1.551
10% 0.739 0.721 0.722 0.756 0.740 1.565 1.562 1.552 1.511 1.550
25% 0.812 0.875 0.848 0.848 0.882 1.507 1.485 1.482 1.389 1.447
50% 1.112 1.185 1.176 1.161 1.133 1.324 1.308 1.315 1.112 1.311
74% 1.782 1.734 1.725 1.796 1.621 1.008 1.010 0.977 0.680 0.968

Table 6.10: Class density of Site Alpha dataset after data reduction across both classes. R:
random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.720 0.706 0.719 0.643 0.707 1.549 1.555 1.579 1.591 1.572
10% 0.782 0.669 0.634 0.704 0.709 1.565 1.579 1.598 1.532 1.557
25% 0.792 0.752 0.781 0.635 0.622 1.562 1.573 1.580 1.531 1.597
50% 0.707 0.716 0.735 0.595 0.633 1.571 1.569 1.582 1.458 1.579
74% 0.766 0.804 0.850 0.554 0.541 1.556 1.571 1.622 1.340 1.594
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Site Beta

Site Beta has 146,879 datapoints and a class balance of 40:60. Site Beta has relatively few
datapoints and less class imbalance than the others in the HPDMobile dataset, causing a lower
maximum reduction of 34%. Figure 6.4 shows the results of varying degrees of data reduction
on the Site Beta dataset, and Tables 6.11 and 6.12 show the p-values of the AUC-ROC of each
experiment.

Both the accuracy and AUC-ROC values change by less that 0.2% as the amount of data
is reduced, due to much less reduction being required to balance the classes, compared to the
reduction performed for Site Alpha. However, there is still a very slight drop in both accuracy and
AUC-ROC. Most of the p-values show no statistically signi�cant di�erence from the benchmark,
expect for some of the more extreme reduction amounts. These results show a larger di�erence
from the benchmark, which raises questions about the stability of the model after reducing the
dataset.

Tables 6.13 and 6.14 show that the densities of both classes are values above 1 for all experi-
ments except the maximum reduction of the majority class, where class 1's density is between 0.9
and 1. These results suggest that the reduction methods performed are not enough to shift the
densities towards 1. Alternative methods may be required to optimise datasets like Site Beta,
where classes are already closely balanced.

(a) Accuracy, Majority class reduced (b) Accuracy, Both classes reduced

(c) AUC, Majority class reduced (d) AUC, Both classes reduced

Figure 6.4: Experimental results for Site Beta test set.
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Table 6.11: p-values of the AUC metrics of each experiment of reduction on the majority class,
on Site Beta test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.955 0.684 0.591 0.258 0.325
10% 0.929 0.486 0.32 0.672 0.376
25% 4.65 ×10−2 * 4.82 ×10−3 * 0.297 0.483 0.251
34% 3.47 ×10−2 * 0.589 5.31 ×10−2 1.71 ×10−2 * 4.05 ×10−2 *

Table 6.12: p-values of the AUC metrics of each experiment of reduction on both classes, on
Site Beta test set. Values marked with an * have a statistically signi�cant di�erence from the

benchmark.

Reduction Random Central Lateral Even Squash

5% 7.27 ×10−2 0.151 0.349 0.657 0.368
10% 0.784 3.04 ×10−2 * 0.389 0.564 2.12 ×10−2 *
25% 0.142 0.111 7.13 ×10−2 0.247 0.523
34% 1.80 ×10−2 * 0.124 1.38 ×10−4 * 1.00 ×10−2 * 9.75 ×10−2

Table 6.13: Class density of Site Beta dataset after data reduction on the majority class only.
R: random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 1.111 1.132 1.112 1.114 1.126 1.172 1.153 1.164 1.157 1.149
10% 1.144 1.157 1.162 1.149 1.158 1.137 1.146 1.146 1.119 1.120
25% 1.277 1.276 1.279 1.263 1.298 1.055 1.047 1.035 1.004 1.021
34% 1.383 1.345 1.371 1.345 1.387 0.963 1.002 0.970 0.917 0.952

Table 6.14: Class density of Site Beta dataset after each data reduction method, with reduction
on both classes. R: random reduction, C: central reduction, L: lateral reduction, E: even

reduction, S: squash reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 1.083 1.097 1.087 1.091 1.071 1.195 1.180 1.198 1.180 1.189
10% 1.087 1.088 1.094 1.062 1.079 1.191 1.194 1.192 1.187 1.177
25% 1.057 1.078 1.085 1.047 1.061 1.205 1.198 1.186 1.156 1.185
34% 1.085 1.138 1.114 1.052 1.068 1.190 1.184 1.218 1.126 1.174

Site Charlie

Site Charlie has one of the larger class imbalances, and therefore larger maximum reduction
caps, with a maximum reduction of 72%. It is also one of the larger datasets, with over 300,000
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datapoints. Figure 6.5 shows the experimental results and Tables 6.15 and 6.16 show the p-values
of the AUC-ROC of each experiment.

Figure 6.5a shows that up to a reduction cap of 50%, accuracy is above the benchmark,
with the lateral data reduction method with a reduction cap of 10% performing best. With the
maximum reduction cap (at 72.111%), however, the performance is below the benchmark for all
strategies, indicating a delicate balance is needed for data reduction to ensure that too much
data is not removed. The performance is further explained by the class densities; Table 6.17
shows that as more of the majority class is reduced, both classes' densities converge around a
value of 1. At a reduction cap of 50%, the combined di�erence between each density and 1 is
smallest, which is where the AUC-ROC is greatest across all strategies. However, the results are
less stable, as shown by the size of each box. Furthermore, Table 6.18 shows that by reducing
data across both classes, the model performance is worse.

(a) Accuracy, Majority class reduced (b) Accuracy, Both classes reduced

(c) AUC, Majority class reduced (d) AUC, Both classes reduced

Figure 6.5: Experimental results for Site Charlie test set.
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Table 6.15: p-values of the AUC metrics of each experiment of reduction on the majority class,
on Site Charlie test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.14 4.96 ×10−2 * 3.08 ×10−2 * 1.18 ×10−2 * 0.215
10% 2.05 ×10−3 * 7.93 ×10−3 * 6.49 ×10−4 * 2.93 ×10−2 * 8.29 ×10−3 *
25% 2.96 ×10−2 * 2.23 ×10−2 * 6.12 ×10−4 * 1.41 ×10−2 * 8.71 ×10−3 *
50% 6.60 ×10−3 * 9.01 ×10−3 * 1.74 ×10−2 * 2.63 ×10−3 * 3.41 ×10−3 *
72% 7.02 ×10−2 0.389 4.31 ×10−4 * 0.365 2.89 ×10−2 *

Table 6.16: p-values of the AUC metrics of each experiment of reduction on both classes, on
Site Charlie test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.138 0.116 0.299 1.71 ×10−3 * 1.23 ×10−3 *
10% 0.233 0.461 0.3 0.396 0.924
25% 0.863 0.705 0.994 2.66 ×10−2 * 0.804
50% 2.42 ×10−2 * 0.255 0.194 6.01 ×10−4 * 2.02 ×10−3 *
72% 3.48 ×10−4 * 5.56 ×10−3 * 2.32 ×10−3 * 9.48 ×10−5 * 3.73 ×10−4 *

Table 6.17: Class density of Site Charlie dataset after data reduction on the majority class
only. R: random reduction, C: central reduction, L: lateral reduction, E: even reduction, S:

squash reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.663 0.662 0.664 0.663 0.661 1.512 1.524 1.519 1.511 1.513
10% 0.689 0.689 0.690 0.693 0.695 1.492 1.493 1.491 1.487 1.489
25% 0.794 0.793 0.793 0.791 0.791 1.449 1.423 1.421 1.403 1.414
50% 1.046 1.033 1.046 1.048 1.042 1.260 1.271 1.222 1.202 1.251
72% 1.458 1.466 1.460 1.457 1.467 0.985 0.981 0.991 0.891 0.957

Table 6.18: Class density of Site Charlie dataset after data reduction across both classes. R:
random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.636 0.637 0.640 0.637 0.636 1.531 1.541 1.531 1.529 1.530
10% 0.638 0.639 0.639 0.632 0.637 1.534 1.532 1.531 1.525 1.528
25% 0.635 0.635 0.638 0.636 0.635 1.538 1.537 1.526 1.512 1.522
50% 0.639 0.636 0.635 0.633 0.633 1.533 1.538 1.526 1.489 1.512
72% 0.634 0.646 0.638 0.631 0.631 1.556 1.563 1.554 1.445 1.509
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Site Delta

Site Delta has similar properties to Site Alpha, with 146,879 datapoints and a class balance of
21:79. Figure 6.6 shows the experimental results, and Tables 6.19 and 6.20 show the p-values of
the AUC-ROC of each experiment.

Figures 6.6a,b show similar behaviour to each other, where accuracy drops as greater reduc-
tion is performed. Figure 6.6c shows that the AUC-ROC is maintained up to a 75% reduction
for class balance. However, Figure 6.6d shows that the AUC-ROC drops by a larger amount
with reduction across both classes. Site Delta has a large class imbalance, which suggests that
some balancing is important for optimal results. The p-values of the results for all but three
experiments (data squash at 10% and maximum reduction and lateral reduction at 25% reduc-
tion) show no statistically signi�cant di�erence from the benchmark, suggesting once again that
through these methods of data reduction, optimal model performance is maintained.

Tables 6.21 and 6.22 show the class densities after each reduction method for Site Delta. As
with the other sites, reduction on both classes does little to bring the class densities towards a
value of 1. For majority class reduction, an optimal amount of reduction to achieve balanced class
densities is between reduction caps of 50% and 75%, again demonstrating the delicate balance
needed to �nd the optimal amount of data to remove for the best performance.

(a) Accuracy, Majority class reduced (b) Accuracy, Both classes reduced

(c) AUC, Majority class reduced (d) AUC, Both classes reduced

Figure 6.6: Experimental results for Site Delta test set.
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Table 6.19: p-values of the AUC metrics of each experiment of reduction on the majority class,
on Site Delta test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.704 8.17 ×10−2 0.711 0.396 0.287
10% 0.199 0.35 7.70 ×10−2 0.582 1.59 ×10−2 *
25% 0.949 0.168 4.32 ×10−2 * 0.757 0.212
50% 0.415 0.553 0.807 0.473 0.184
75% 0.375 5.83 ×10−2 0.778 0.802 0.891
77% 0.113 0.254 5.27 ×10−2 0.444 3.14 ×10−2 *

Table 6.20: p-values of the AUC metrics of each experiment of reduction on both classes, on
Site Delta test set. Values marked with an * have a statistically signi�cant di�erence from the

benchmark.

Reduction Random Central Lateral Even Squash

5% 0.198 0.918 0.625 0.226 0.591
10% 0.869 0.144 0.155 0.967 0.686
25% 2.07 ×10−2 * 3.73 ×10−2 * 3.20 ×10−3 * 5.53 ×10−2 2.61 ×10−2 *
50% 2.98 ×10−3 * 1.00 ×10−4 * 4.39 ×10−4 * 1.59 ×10−4 * 1.42 ×10−2 *
75% 1.70 ×10−4 * 2.11 ×10−5 * 4.50 ×10−5 * 8.12 ×10−4 * 1.02 ×10−4 *
77% 5.72 ×10−5 * 5.59 ×10−3 * 2.34 ×10−3 * 4.75 ×10−4 * 3.29 ×10−4 *

Table 6.21: Class density of Site Delta dataset after data reduction on the majority class only.
R: random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.578 0.561 0.586 0.556 0.559 1.566 1.573 1.553 1.549 1.550
10% 0.633 0.586 0.603 0.633 0.590 1.534 1.559 1.544 1.504 1.523
25% 0.671 0.679 0.662 0.675 0.645 1.475 1.520 1.503 1.414 1.468
50% 0.932 0.969 0.938 0.954 0.914 1.334 1.412 1.352 1.152 1.294
75% 1.354 1.494 1.484 1.493 1.420 1.052 1.052 1.103 0.737 0.957
77% 1.506 1.456 1.583 1.531 1.509 1.074 1.062 0.969 0.685 0.909
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Table 6.22: Class density of Site Delta dataset after data reduction across both classes. R:
random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.533 0.544 0.558 0.577 0.578 1.577 1.572 1.573 1.553 1.555
10% 0.563 0.516 0.561 0.542 0.557 1.605 1.600 1.579 1.549 1.557
25% 0.627 0.545 0.546 0.518 0.567 1.581 1.577 1.572 1.512 1.540
50% 0.602 0.634 0.559 0.515 0.537 1.663 1.591 1.573 1.416 1.538
75% 0.615 0.569 0.581 0.464 0.632 1.639 1.704 1.634 1.299 1.498
77% 0.573 0.562 0.663 0.445 0.629 1.688 1.593 1.615 1.278 1.474

Site Epsilon

Site Epsilon is the smallest site in the dataset, with only 129,599 datapoints. It is also among
the most imbalanced of the site datasets, with a class balance of 24:76. Figure 6.7 shows the
experimental results, and Tables 6.23 and 6.24 show the p-values of the AUC-ROC of each
experiment.

Much like with Site Delta, Figure 6.7a,b show that data reduction causes a drop in perfor-
mance of up to 0.4%. Like the experiments for sites Alpha, Beta, and Delta, the AUC-ROC does
not decrease with accuracy until the maximum reduction.

Table 6.25 shows that with each reduction cap, the density of class 0 increases while the
density of class 1 decreases, as with the other sites. However, class 0's density passes through
a value of 1 between reduction caps of 10% and 25%, while class 1 passes through a value of 1
between a reduction cap of 50% and the maximum (for all reduction methods except random).
Such variation in the class density across experiments makes it di�cult to identify the best
reduction cap for this dataset. Perhaps an alternative method of data reduction would be more
appropriate. Table 6.26 shows that, similarly to sites Charlie and Delta, as data is reduced the
densities move further from a value of 1, while both accuracy and AUC-ROC drop at the same
time.

Table 6.23: p-values of the AUC metrics of each experiment of reduction on the majority class,
on Site Epsilon test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.761 0.618 2.51 ×10−2 * 0.376 0.919
10% 6.61 ×10−2 0.373 0.541 0.844 0.522
25% 0.745 0.765 0.207 0.173 0.991
50% 0.186 1.91 ×10−2 * 8.94 ×10−2 1.57 ×10−2 * 0.282
67% 1.03 ×10−3 * 8.73 ×10−3 * 1.79 ×10−3 * 1.47 ×10−2 * 1.37 ×10−3 *

Chapter 6 Dominic Sanderson 99



Dynamic Data Reduction for Foundational AI Models

(a) Accuracy, Majority class reduced (b) Accuracy, Both classes reduced

(c) AUC, Majority class reduced (d) AUC, Both classes reduced

Figure 6.7: Experimental results for Site Epsilon test set.

Table 6.24: p-values of the AUC metrics of each experiment of reduction on both classes, on
Site Epsilon test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.856 0.513 0.676 0.513 0.593
10% 0.639 0.447 6.03 ×10−2 0.127 0.997
25% 3.89 ×10−2 * 4.75 ×10−2 * 0.203 0.105 1.51 ×10−2 *
50% 7.18 ×10−3 * 2.48 ×10−2 * 1.58 ×10−3 * 1.21 ×10−3 * 5.37 ×10−3 *
67% 2.01 ×10−4 * 1.07 ×10−3 * 3.55 ×10−3 * 8.09 ×10−4 * 5.19 ×10−4 *
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Table 6.25: Class density of Site Epsilon dataset after data reduction on the majority class
only. R: random reduction, C: central reduction, L: lateral reduction, E: even reduction, S:

squash reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.862 0.932 0.878 0.909 0.907 1.383 1.378 1.391 1.363 1.370
10% 0.944 0.946 0.956 0.969 0.954 1.377 1.341 1.369 1.325 1.340
25% 1.061 1.041 1.079 1.115 1.050 1.319 1.302 1.279 1.207 1.265
50% 1.406 1.400 1.458 1.406 1.456 1.200 1.124 1.168 0.963 1.097
67% 1.834 1.790 1.813 1.836 1.814 1.008 0.977 0.973 0.692 0.935

Table 6.26: Class density of Site Epsilon dataset after data reduction across both classes. R:
random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 0.906 0.898 0.876 0.884 0.871 1.394 1.386 1.403 1.382 1.387
10% 0.850 0.874 0.873 0.877 0.877 1.406 1.386 1.386 1.372 1.381
25% 0.886 0.883 0.882 0.883 0.875 1.392 1.379 1.417 1.335 1.367
50% 0.858 0.863 0.883 0.878 0.874 1.404 1.443 1.422 1.262 1.365
67% 0.864 0.873 0.883 0.884 0.876 1.349 1.446 1.417 1.183 1.371

Site Fazbear

Site Fazbear is the largest of the sites, with 328,319 datapoints, and the only site to feature more
datapoints in the `Occupied' class, class 1. It is also the most balanced site, with a class balance
of 47:53, giving a maximum reduction of 12.111%. Figure 6.8 shows the experimental results,
and Tables 6.27 and 6.28 show the p-values of the AUC-ROC of each experiment.

Before analysing the box and whisker plots, the p-values indicate no statistically signi�cant
di�erence from the benchmark, except with 5% reduction on the data squash method. For this
experiment, the AUC-ROC is slightly better than the benchmark. For all other experiments,
there is no statistical signi�cance. The lack of statistical signi�cance can be explained by the
very small amount of reduction performed for this dataset, due to the natural class balance of
47:53. Considering the class densities, shown by Tables 6.29 and 6.30, class densities reach values
closer to 1 with experiments with reduction of both classes, unlike for the previous sites. The
values reach just under 1.2 for class 0 and just above 0.95 for class 1 at the maximum reduction
on both classes. There is very little change in class densities, like with AUC-ROC, because of
the small amount of reduction performed, indicating that the reduction method of balancing
datasets is not aggressive enough for already closely balanced datasets.
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(a) Accuracy, Majority class reduced (b) Accuracy, Both classes reduced

(c) AUC, Majority class reduced (d) AUC, Both classes reduced

Figure 6.8: Experimental results for Site Fazbear test set.

Table 6.27: p-values of the AUC metrics of each experiment of reduction on the majority class,
on Site Fazbear test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.191 0.297 0.182 0.101 3.72 ×10−2 *
10% 0.993 9.94 ×10−2 0.834 0.435 0.489
12% 6.08 ×10−2 7.90 ×10−2 0.384 0.594 0.207

Table 6.28: p-values of the AUC metrics of each experiment of reduction on both classes, on
Site Fazbear test set. Values marked with an * have a statistically signi�cant di�erence from

the benchmark.

Reduction Random Central Lateral Even Squash

5% 0.534 0.574 0.138 0.18 0.568
10% 0.596 0.476 6.91 ×10−2 5.22 ×10−2 0.47
12% 0.727 0.742 0.669 0.442 0.929
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Table 6.29: Class density of Site Fazbear dataset after data reduction on the majority class
only. R: random reduction, C: central reduction, L: lateral reduction, E: even reduction, S:

squash reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 1.221 1.216 1.208 1.190 1.213 0.918 0.925 0.926 0.931 0.918
10% 1.208 1.172 1.194 1.158 1.169 0.945 0.952 0.944 0.950 0.949
12% 1.174 1.163 1.153 1.154 1.151 0.956 0.958 0.966 0.952 0.959

Table 6.30: Class density of Site Fazbear dataset after data reduction across both classes. R:
random reduction, C: central reduction, L: lateral reduction, E: even reduction, S: squash

reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
Data

Reduced
R C L E S R C L E S

5% 1.263 1.249 1.256 1.239 1.242 0.896 0.896 0.896 0.893 0.893
10% 1.247 1.268 1.269 1.233 1.229 0.893 0.885 0.900 0.885 0.898
12% 1.240 1.257 1.232 1.249 1.230 0.897 0.893 0.903 0.877 0.895
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6.2.2 Experiments on Fused Dataset

By fusing all of the sites into one large dataset, the ability of a single model to generalise on
multiple di�erent test sets from di�erent environments may be observed. It may then be possible
to see if data reduction will bene�t the model further, as it can with the individual site datasets.
Table 6.31 shows the details of the fused dataset. It has 1,201,825 datapoints, whereas the largest
individual site has just under 330,000.

Table 6.31: Properties of the fused dataset created in this chapter.

Total Number
of Datapoints

Number of
Training Datapoints

Class Balance
Not Occ:Occ

Class Density
Not Occ:Occ

1,201,825 961,464 32:68 0.761:1.294

Experimental Benchmark

Table 6.32 shows the benchmark results of experimentation on the fused dataset, with no reduc-
tion. The model is trained on a fused training set and tested on individual site test sets.

Table 6.32: Fused dataset benchmark experimental results.

Site Accuracy AUC-ROC

Alpha 79.825% 49.920%
Beta 77.936% 76.426%

Charlie 84.226% 64.675%
Delta 81.818% 50.495%
Epsilon 75.237% 51.993%
Fazbear 68.796% 70.613%

For all sites, the accuracy and AUC-ROC are lower than their non-fused counterparts. While
the non-fused testing yielded accuracies and AUC-ROC scores around 98�99%, testing on the
fused datasets gives accuracies between 68�84% and AUC-ROC values from 49�76%. The low
AUC-ROC scores indicate that the model is no better at classi�cation than random chance, and
the disparity between low AUC-ROC and high accuracy is caused by the large class imbalance
of the data; the sites with the most balanced classes (sites Beta and Fazbear) have the highest
AUC-ROC scores. Such a signi�cant decrease in performance shows that despite the training sets
having more data, the model is unable to classify well on the unique test sets. The runtime of
training the fused dataset is 2.3 minutes, a relatively large increase from the sub-minute runtime
of individual training data subsets.

Reduced fused dataset

Table 6.33 shows the properties of the reduced fused dataset. Over half of the majority class was
reduced to balance the classes, giving a total dataset reduction of 38.9%.

Table 6.34 shows the accuracy of the RF model trained on the reduced fused dataset. Table
6.35 shows the AUC-ROC. Table 6.36 shows the class densities of the fused dataset after each
reduction method.
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Table 6.33: Properties of the reduced fused dataset created in this chapter.

Number of
Datapoints

Balanced Class
Reduction

Total Dataset
Reduction

618,950 52.534% 35.642%

Table 6.34: Reduced fused dataset accuracies. Values in bold indicate best-performing
reduction strategy

Test Site Random Central Lateral Even Squash

Alpha 78.075% 78.498% 69.470% 78.495% 69.443%
Beta 78.312% 78.139% 78.194% 70.282% 69.835%

Charlie 70.424% 69.351% 69.548% 69.673% 69.216%
Delta 69.290% 70.062% 78.204% 78.522% 68.678%
Epsilon 69.612% 71.202% 69.707% 78.305% 77.943%
Fazbear 59.375% 59.457% 59.304% 59.661% 58.953%

Table 6.35: Reduced fused dataset AUC-ROC scores. Values in bold indicate best-performing
reduction strategy

Test Site Random Central Lateral Even Squash

Alpha 68.134% 68.165% 73.898% 68.567% 73.823%
Beta 68.029% 67.667% 67.946% 73.507% 74.004%

Charlie 73.736% 73.546% 73.736% 74.043% 73.538%
Delta 73.553% 73.100% 67.480% 67.665% 74.341%
Epsilon 74.012% 71.115% 74.051% 68.034% 67.932%
Fazbear 65.652% 65.427% 65.159% 65.626% 65.273%

Table 6.36: Class density of reduced fused dataset. R: random reduction, C: central reduction,
L: lateral reduction, E: even reduction, S: squash reduction.

Class 0 (Not Occupied) Class 1 (Occupied)
R C L E S R C L E S

1.187 1.207 1.202 1.193 1.190 0.969 0.942 0.944 0.830 0.937

Individual site analysis shows the e�ect of di�erent reduction strategies on the performance
with each test set. Site Alpha has a decrease in accuracy by a minimum of 1.3% with the
Random, Central and Even strategies, while AUC-ROC is increased by 18.5%. For the Lateral
and Squash strategies, accuracy decreases by just over 10%, but AUC-ROC increased by 28.5%.
Site Beta's accuracy increases by less than 1% for the Random, Central and Lateral strategies
(with Random being the best), but 7-8% worse with the Even and Squash strategies. AUC-ROC
decreases by 8% for the Random, Central and Lateral strategies, and 2.5�3% for the Even and
Squash strategies. Site Charlie sees a drop in accuracy by at least 15% across all strategies, with
the Random strategy performing slightly better with a 14% loss. AUC-ROC is increased by an
average of 9%, with the Even strategy performing best. Site Delta shows a drop in accuracy by
11% for the Random, Central and Squash strategies, and a drop in 6% for the remaining Lateral
and Even strategies. AUC-ROC is improved by 23% for the Random, Central and Squash
strategies, and only 17% for the Lateral and Even strategies. Site Epsilon shows a decrease in
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accuracy by 4�6% for the Random, Central and Lateral strategies, but an increase in 3% for the
Even and Squash strategies. The AUC-ROC is increased by 21�24% for the Random, Central
and Lateral strategies, but only 18% for Even and Squash. Finally, site Fazbear shows a total loss
in performance, with a 9�10% drop in accuracy across all strategies, and a loss of 5% AUC-ROC
as well.

For many sites, the reduction strategy used gives better results. Sites Beta and Epsilon have
slightly less improved accuracy for the Random, Central and Lateral strategies, but better AUC-
ROC scores. These strategies are particularly bene�cial for site Epsilon, which has a benchmark
AUC-ROC of 51%. The sacri�ce of 2% in accuracy for a gain of 3�6% AUC-ROC score may be
a good trade-o�. Sites Alpha and Delta also share this behaviour, but with di�erent reduction
strategies: site Alpha has a 5% better AUC-ROC score with the Lateral and Squash strategies,
and site Delta has 6% better AUC-ROC score with the Random, Central and Squash strategies
at the cost of 5% accuracy. For sites Charlie and Fazbear, the reduction strategy has no e�ect;
both the accuracies and AUC-ROC scores are consistent across all strategies. These are the two
largest sites prior to fusion, which may cause this e�ect.

6.3 Discussion

6.3.1 Individual Site Datasets

First, the performance of each site individually are discussed. Datasets Alpha, Charlie, and
Delta show promising results when performing reduction on the majority class. The AUC-ROC
may be maintained, so long as class density shifts towards 1 through data reduction. The class
densities of sites Beta, Epsilon, and Fazbear do not converge around 1 as the amount of data is
reduced, and the AUC-ROC decreases slightly as a result. Site Epsilon has one of the largest
class imbalances, but still fails to improve after class balancing through data reduction. Site
Epsilon also has the fewest number of datapoints, which may explain the poor performance
after data reduction is performed. Therefore, class imbalance can not be relied on solely as a
criterion for data reduction. Instead, class density o�ers insight into a dataset that might not be
immediately apparent. Class density shows more than class imbalance, it also shows whether a
dataset has su�cient data for class balancing operations through data reduction. Class density
may therefore be considered as a metric that encompasses class balance and su�cient data, and
can be used to determine if data reduction is applicable.

Table 6.37 shows the runtimes for all the experiments. The experimental runtimes show the
bene�ts data reduction may bring to energy and CO2 cost reduction, as runtime, energy use,
and CO2 emissions are directly correlated. For most experiments, by increasing the amount of
reduction performed, runtime is reduced. Sites Alpha, Charlie, Delta, and Epsilon have relatively
large class imbalance, meaning they remove more data to balance the classes. However, sites
Beta and Fazbear have less imbalance, and therefore remove less data. For example, this is
especially apparent for Site Fazbear, where in experiments to balance classes, by performing
reduction there is an increase in runtime. The increase in runtime is caused by the overhead of
identifying which data to remove takes longer for this site, and due to its size and because so
few data are removed, the runtime is similar to that of its benchmark. Also, experiments that
do not balance the classes are in most cases slightly faster, as the datasets do not have to be
split between classes before reduction, which is an additional overhead. Because of the overhead
introduced by the proposed data reduction methods, the data reduction strategies introduced in
this paper are not applicable to all datasets, such as Site Fazbear. It does however show that for
datasets such as Site Charlie, the runtime may be nearly halved (from 44s to 26s) by reducing
with a cap of 50%, which also improves model performance.
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Table 6.37: Runtimes for experiments on each individual site at each reduction amount for
experiments, for both class balancing and without.

A: Site Alpha, B: Site Beta, C: Site Charlie, D: Site Delta, E: Site Epsilon, F: Site Fazbear.
Max reduction amount is the maximum data reduced to achieve class balance for each site.

Class Balancing
Runtimes (s)

No Class Balancing
Runtimes (s)

Reduction
Amount

A B C D E F A B C D E F

None 15 15 44 18 15 42 15 15 44 18 15 42
5% 15 14 43 18 18 49 15 15 41 18 15 42
10% 14 14 41 18 17 49 14 14 43 18 17 40
25% 12 12 37 15 13 - 12 11 36 15 16 -
50% 10 - 26 10 10 - 9 - 27 10 9 -
75% - - - 6 - - - - - 6 - -
Max% 7 11 20 6 8 48 6 12 18 6 7 40

By focusing on the best performing results, as well as the considering the statistical signi�-
cance of these results, the best data reduction strategy may be identi�ed.

For example, Site Alpha maintains performance in AUC-ROC up to 50% reduction, but
none of the reduction strategies show signi�cant di�erence from the benchmark. Therefore,
no strategy can de�nitively be identi�ed as superior. Site Beta with the random and squash
strategies performs marginally better than the benchmark with 5% reduction, although the p-
values associated with these experiments show the results do not have statistical signi�cance
from the benchmark. The lateral strategy is the worst performing for this site. Site Charlie
shows an increase in AUC-ROC that is statistically di�erent from the benchmark. With a 50%
reduction, the data squash method is performs best. Lateral reduction with this site is the worst
performing. Site Delta has two results that stand out: the data squash method at 10% reduction
and the lateral reduction at 25%. The data squash method is superior, with an average increase
in AUC-ROC of 0.137%. For this site, central reduction is the worst performing, di�erently than
previous sites. For Site Epsilon, a 5% lateral reduction performs best, with an average AUC-
ROC increase of 0.0301%, while central reduction performs the worst. For Site Fazbear, a 5%
reduction with the data squash method has a better AUC-ROC by an average of 0.0272%, and
random reduction performs the worst. To conclude, the lateral and squash reduction methods
are most often the best performing, and lateral reduction performs the worst. However, it is
important to note that each site shows very di�erent behaviour, and there is no clear best or
worst performing strategy.

6.3.2 Fused Dataset

The fused data benchmark results show very poor performance. All results are below 85%, which
is substantially lower than the 98�99% scores observed in the non-fused dataset results. Some
of the test sets show an AUC-ROC no better at classifying than random chance; for these sites,
relatively high accuracy only re�ects the class imbalance. In the reduced data experiments, class
imbalanced is alleviated, but performance is still considerably worse than in the non-fused data
experimentation. However, the results have given insight into the importance of using the correct
data; despite each site dataset containing the same types of data (temperature, humidity, and
VOC), there are di�erences between sites that mean datasets cannot be fused in this way.

The runtime of training the fused dataset is 140 seconds, and 80 seconds for the reduced
fused dataset. These runtimes are less than the sum of all individual site training times and
individual reduced training times which are 179 seconds and 100, respectively. These are the
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sums of the values shown in table 6.37. These runtimes indicate that by fusing the datasets
together, training time is less than the time it takes to train the datasets individually. As the
runtime of the experimentation is directly proportional to energy cost and CO2 usage, dataset
fusion leads towards green AI. If the model performance with the fused dataset can be improved
and the lower runtime retained, a fused dataset approach would be ideal for energy saving and
running on low-compute devices. But until that is achieved, the poor performance is simply too
detrimental.

6.4 Conclusion

Occupancy detection for large buildings enables optimised control of indoor systems based on
occupant presence, reducing the energy costs of heating and cooling. Through machine learning
models, occupancy detection can be achieved with high accuracy. However, as with datasets
of other formats, large amounts of data are collected with little consideration of which of the
collected data are most useful to the task. The use of unnecessary data contradicts the purpose
of using AI to reduce costs, giving the need for a way to identify and use only the most useful
data.

This chapter has aimed to �nd the bene�ts or detriments of data reduction prior to training
a Random Forest model, using the open source HPDMobile occupancy dataset, that consists of 6
individual site datasets. After performing data reduction and model training, the performance of
the models have been compared with the class densities of each dataset, to observe any correlation
and to �nd the suitability of di�erent datasets for data reduction.

Experimentation performed in this chapter has identi�ed that class density may be used as
a metric to qualify a dataset for reduction. The results have shown that for datasets like Site
Charlie, which are abundant in data and heavily imbalanced, data reduction on the majority
class may be used to improve model performance and reduce the computation required to train
the model, due to there being less data. For other datasets such as sites Alpha and Delta that are
either abundant in data or highly imbalanced, data reduction may be used to at least maintain
performance. For highly balanced or less abundant datasets such as sites Beta, Epsilon, and
Fazbear, data reduction is not as bene�cial. By calculating the class densities of a dataset and
gradually reducing the data, if the class densities converge towards a value of 1 then the dataset
may be reduced while performance is maintained.

A direction for future work might be to �rst perform data reduction on each individual site
dataset, and then attempt dataset fusion. Individual site data reduction should ensure that the
most important data are retained at the reduction stage. Alternatively, one might reduce the
datasets to a much smaller set, with more data reduction than needed to balance the classes.
Dataset fusion on heavily reduced data may contain insightful data that could improve model
reliability in new domains.
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Chapter 7

Conclusions and Future Work

7.1 Conclusion

Convolutional Neural Networks (CNNs) have revolutionized automation of a wide array of tasks
by enabling machines to achieve performance levels that rival or even surpass human accuracy
in certain domains, including image classi�cation and occupancy detection. In the wake of this
success, much of the machine learning community has embraced a `more is better' philosophy of
feeding massive datasets into increasingly complex models, often with substantial computational
power behind them. While this approach seems fruitful at �rst glance, it has led to an attitude
with data where the assumption is that adding more data will simply lead to better results.
However, a growing body of research has begun to challenge this notion. This thesis has identi�ed
that not all data contributes equally to a model's learning; in fact, some data points are redundant
or irrelevant, o�ering no real bene�t to the training process. Worse still, some data can actually
degrade performance, leading the model to learn noise or misleading patterns.

First, this thesis has shown that by removing data at random from oversaturated datasets
such as MNIST, one can maintain or even improve model accuracy while reducing computational
cost of training. This insight has led to the development of techniques that selectively use subsets
of the training data to guide model learning more e�ciently. Greater e�ciency is achieved by
beginning the training process with a reduced dataset, created by randomly removing a portion
of the training samples, and then reintroducing the full dataset at a later stage. The dynamic
application of data allows the model to establish a solid foundation by more quickly converging
on meaningful weight patterns in the early training epochs, and then re�ne its understanding
through exposure to the complete dataset in the later stages. When applied to the MNIST
dataset, this strategy, named the Data Step method, has shown improvements in model accuracy
compared to training on the full dataset from the outset. By contrast, alternative methods such
as Data Increment and Data Cut, which aim to reduce the total number of image evaluations,
succeed in lowering energy consumption and associated CO2 emissions, but often at the cost
of reduced model performance. These trade-o�s underscore the importance of balancing data
e�ciency with model e�ectiveness in modern machine learning work�ows.

Building upon this methodology, a more deliberate approach to data selection can be em-
ployed through the use of a distance metric. Rather than relying on random sampling to create
the reduced dataset used in the early stages of training, a distance-based strategy enables a
more informed and potentially more e�ective subset to be selected. The distance-based metric
is made possible through dimensionality reduction techniques, which project high-dimensional
data into a lower-dimensional Euclidean space. Once in this form, individual datapoints can be
meaningfully compared and ranked by their spatial proximity, allowing for a more structured
and principled method of determining which samples are most representative or diverse. The
concept of ordering data using dimensionality reduction is introduced by Byerly et al. [72], where
the authors explore the impact of integrating non-random, distance-informed data selection, and
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expanded upon in this thesis by combining the distance metric with dynamic training proce-
dures. The result is a novel perspective on data utilisation in CNNs that acknowledges that the
sequence and composition of data exposure can signi�cantly in�uence the learning trajectory of
a model. By choosing datapoints that are strategically spaced apart, the reduced dataset may
capture a broader range of features at the earlier training stages, allowing the model to train
more quickly. However, while dynamic data reduction has yielded promising results on relatively
simple datasets such as MNIST, where accuracy can even be improved over baseline training, its
e�ectiveness diminishes when applied to more complex image datasets. Experiments with Ima-
genette and Micro-PCB datasets reveal a noticeable drop in performance when data reduction
is applied, suggesting that as image complexity and intra-class variation increase, the bene�ts
of selective data reduction become harder to realise. These �ndings highlight the importance of
dataset characteristics in determining the viability of data reduction methods.

Up to this point, the data reduction techniques explored so far have primarily relied on stat-
ically de�ned reduced datasets, in which a �xed subset of the training data is selected and used
across multiple epochs. In order to explore alternative methods of dynamic data reduction, the
Sliding Window data application method is introduced. Instead of using a single, unchanging
subset of data throughout the early training process and switching to the entire dataset partway
through, the Sliding Window approach feeds the model a new, distinct subset of data at each
training epoch, while keeping the total number of samples per epoch constant. The selection
and ordering of these data subsets are guided by the previously explored distance metric, derived
through dimensionality reduction techniques. The distance metric enables the data to be ordered
based on proximity to the dataset's centre or edges, allowing the `window' to slide either from the
centralmost datapoints outward toward the lateralmost, or in the reverse direction. The sliding
data window creates a structured and interpretable way to expose the model to di�erent types
of samples across training, enabling investigations into how the positioning of data in feature
space correlates with its value to the learning process. Experimental results suggest that the
direction of the sliding window has a signi�cant impact on model performance, and that this
impact varies depending on the nature of the dataset. For three out of the �ve datasets tested,
MNIST, CIFAR-10, and Imagenette, the best-performing con�guration involved starting with
the most central datapoints and gradually progressing toward the lateral. Compared to the two
remaining datasets tested, smallNORB and the Micro-PCB dataset, these datasets are relatively
unstructured, and central datapoints likely represent prototypical examples that facilitate robust
early-stage learning. Conversely, smallNORB and Micro-PCB datasets are more highly struc-
tured, with images captured within controlled environments and with consistent object poses. In
these cases, the best results yielded are in the reverse direction, beginning with lateralmost data-
points and moving inward. These results suggest that in more structured data domains, atypical
or edge-case samples may play a more signi�cant role early in training, possibly by helping the
model escape local minima or encouraging broader feature representations. When comparing the
Sliding Window method with the earlier Data Step approach, the latter generally outperforms
the former in both accuracy and training e�ciency across most datasets. Data Step's success is
likely due to its balance of early convergence with later-stage re�nement, while Sliding Window,
despite o�ering richer insights into dataset structure and training dynamics, introduces greater
variance and longer convergence times.

Classi�cation is a task not limited to image data. It is useful in the time-series domain to
observe trends and status, for example, in occupancy detection of indoor space. When training
on such kinds of data, which is captured from real world environments, the data is often noisy,
repetitive and imbalanced. Data cleaning is often used as a preprocessing technique to ease
training on this data, resolving these issues. As with image data, data reduction based on centroid
distance may provide insight to data usefulness for occupancy datasets. Experimentation has
shown that, similarly to with image data, data may be removed and performance enhanced. By
performing data reduction as a means of class balancing, a model may be made more reliable.
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Class density is also introduced as a metric to identify the suitability of data reduction prior
to training, enabling a quick method to gauge the quality of a dataset without the relatively
expensive model training. Dataset fusion is also explored as a method of generalising to be
able to classify on multiple di�erent environments. While the results of experimentation yielded
disappointing results, they provided useful insight into how the class balances and sizes of multiple
data subsets a�ect a model when combined.

Classi�cation tasks are not exclusive to the domain of image data; they are equally vital
in other �elds, such as time-series analysis, where the objective often revolves around tracking
temporal patterns or detecting discrete states. A notable example is occupancy detection in
indoor environments, which involves classifying whether a space is occupied or vacant based on
sensor readings collected over time. Unlike curated image datasets, time-series data captured
from real-world settings tends to be noisy, repetitive, and class-imbalanced, which poses signif-
icant challenges to model training and generalisation. To address these issues, data cleaning
is commonly employed as a preprocessing step, helping to remove outliers, reduce redundancy,
and correct class imbalances. However, beyond traditional data cleaning, more sophisticated
techniques such as data reduction based on centroid distance, as previously explored in image
classi�cation, can also be applied to time-series classi�cation tasks. By once again projecting
the data into a lower-dimensional Euclidean space and measuring distances from class centroids,
data may be primed for a number of data reduction strategies, to observe which samples are
most representative of each class and which may be extraneous or detrimental to training. Ex-
periments with occupancy datasets demonstrate that this form of data reduction, much like
with image data, can not only maintain but even enhance model performance. In particular,
using data reduction as a tool for class balancing by selectively removing overrepresented sam-
ples based on their distance to the class centroid can result in more robust and reliable models.
The data reduction approach introduced o�ers a principled alternative to oversampling or naive
downsampling, which may otherwise introduce bias or omit critical variation. To support this
process, the concept of class density is introduced as a pretraining diagnostic tool. Class density
captures the distribution and compactness of data within each class and can be used to assess
the potential e�ectiveness of data reduction strategies without the need to perform full model
training. As such, it provides a fast and relatively computationally inexpensive way to evaluate
dataset quality and balance ahead of training. Finally, the idea of dataset fusion is explored as a
means of improving a model's ability to generalise across multiple environments. By combining
data from various settings, each with its own class distributions and noise characteristics, the goal
is to create a more versatile model capable of robust classi�cation in heterogeneous conditions.
While initial results from this approach were underwhelming in terms of accuracy, they o�ered
valuable insights into how the interplay between class balance, class overlap, and dataset scale
in�uences performance in fused datasets. These �ndings highlight the need for more adaptive
fusion strategies and pave the way for future work on cross-domain generalisation in real-world
classi�cation problems.

In summary, this thesis has introduced novel data reduction methodologies aimed at un-
covering the varying impacts individual data samples have on the training dynamics of neural
networks. These �ndings encourage a more deliberate and informed approach to data selection,
prompting practitioners to consider not just the quantity but the quality and relevance of data
during both collection and training. By promoting more e�cient data usage, this work con-
tributes to the broader goals of Green AI, advocating for reduced computational overhead and
a smaller carbon footprint in the development and deployment of machine learning models.
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7.2 Future Work

Large Language Models (LLMs) and the underlying transformer networks have boomed in pop-
ularity in recent years. They inherently require much more data than the previously popular
CNNs, but perform much better and in a wider scope. Lots of work has been performed to
optimise training datasets to ensure only the most useful data is trained on, to squeeze as much
potential out of these models as possible. The methods in this thesis may be applied to these
new models and may provide information to which data is better for training. As this work has
focused largely on image data, investigation into image transformers may be a logical next step.

The datasets used in this work are relatively small images, up to 300x300 pixels. The use of
larger images has an exponential increase on training time, which is all the more reason to use
data reduction to lessen training time. A direction for future research may be to test on larger
images, for example in medical imaging.

Using class density to determine suitability for data reduction was investigated on imbalanced
time-series datasets. Class imbalance is not limited to time-series occupancy datasets, and is an
issue in multiple other domains. Calculating class density for data in other domains would be
a good direction for future research, to prove its ability to generalise across multiple domains.
Perhaps there are metrics for these domains which are more suitable, awaiting discovery. The
bene�ts of class density may be explained through information theory concepts, which may
explain its bene�ts more solidly than through experiments such as those shown in this thesis.
Further work linking information theory to the experimentation performed may also open new
avenues for research.

A practical use for this work would be to integrate a method to determine data usefulness
into a process which collects data. If, at the data collection stage, data which is input can be
observed and determined to be useful or not useful, it can be saved or discarded at the source.
Identifying useful data could reduce the cost of data transmission at the earliest stage possible,
reducing the overall cost of the AI system. Through careful planning and understanding of the
data required, future work could streamline data collection through to model training in a more
e�cient manner.

Early stopping, as mentioned in the literature review, is a powerful tool to reduce training time
and improve e�ciency. Early stopping also has uses in identifying when training starts poorly
and is unlikely to improve, due to bad hyperparameter initialisation. The experimentation in
this thesis has not used early stopping, to ensure consistency between di�erent experiments with
di�erent amounts of data reduction and make comparing results less complicated. However, as
the experimentation in this thesis has shown the usefulness of dynamic data reduction, early
stopping may be a good avenue to explore in the future. In the case of the data step dynamic
data reduction method introduced in chapter 3 and expanded on in chapter 4, early stopping
may be useful in identifying when the step should happen, instead of it being decided beforehand.
After training on the `easy' data has plateaued, training may automatically move onto training
with the `harder' data, potentially greatly improving training e�ciency.

Once again for the sake of consistency and better comparability with similar works, the
experimentation presented in chapters 4 and 5 used UMAP dimensionality reduction to order
data the image data for use with dynamic data reduction. Other dimensionality reduction
methods mentioned in the literature review, such as t-SNE and PCA, were not explored; these
alternative dimensionality reduction methods may yield new insights if used as alternatives for
ordering data. Other methods of understanding data di�culty are also mentioned in the literature
review that do not use dimensionality reduction, such as forgetting score and Signal-to-Noise
Ratio (SNR), may also be explored as alternatives for data ordering as well.
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