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«Me arouikn pou euBuvn kai yvwpilovrac 1ic kupwaeis (), mou mpoAémrovrar amé g
oiaraéeig tne map. 6 tou apBpou 22 tou N. 15699/1986, dnAwvw ori:

1. Aev mapabétw koppudria BiBAiwv n apbpwv N epyaciwv GAAwv autoAeéei xwpis va
Ta MEPIKAEIW O& EICAYWYIKA KQl XWPIS va avapépw 1o ouyypagéa, 1n xpovolovyia, T
oeAida. H autoAeéei mapdBean xwpic sioaywyikd@ xwpic avagopd arnv mnyn, ivai
AoyokAomn. TNépav TN autoAeéei mapdBeang, AoyokAomn Bswpeital kai n mapdppacn
gdagiwv amo épya dAAwv, auutrepiAauBavouévwy Kai Epywv OUL@OITNTWY LIoU, KABWS
Kai n mapaBson aroixeiwv mou dAror ouvéAeéav n emeéepydabnkav, xwpic avapopd
arnv mnyn. Ava@épw Tavrote ue mANPOTNTA TV 1TNYH KATw arrod Tov mivaka 1 oxédio,
omwg¢ oTa mapabéuara.

2. Aéxouar 11 n autoAeéei TapdBeon xwpic eIocaywyikd, akoua Ki av ouvodeUETal
arrdé avaeopda aTnv 1nyn o€ KATrolo dAAo onueio Tou Kelpévou N oto TEA0S Tou, eival
avriypan. H avagopd otnv mnyn oto TEAOS T.X. [Iag mapaypdeou n uiag oeAidag, dev
OIkaloAoyei auppagn edagiwv Epyou dAAou auyypapéa, E0TwW Kal TTAPAPPACUEVWY, Kal
mapouadiaan rous wg OIKN IoU gpyaaia.

3. Aéxouar o1 UTTApXEl ETTIONS TTEPIOPIOUOS OTO UEYEBOS Kai OTn auXVOTNTA TWV
TapabeudTwy TOU UTTOPW va evidéw OTnNV gpyacia Lou eviog eloaywyikwy. KdOe
ueyaAo mapdbsua (.. o€ mivaka 1 mAaioio, KAT), TpoUTToBETEl €I0IKES PUBUITEIS, Kal
orav onuoaicveTal TPOUTTOBETEl TNV AdEIQ TOU ouyypa@éa i Tou ekOOTN. To idIo Kail ol
Tivakes Kail 1a ox€0Ia

4. Aéxopual OAES TIC CUVETTEIES OE TTEPITITWON AOYOKAOTTNS 1 avTiypa®rg.

Huepounvia:  05/03/2025

O —H An.

(1) «Ormoiog ev yvwaoer Tou dnAwvel weudn yeyovora N apveirtar ) amokpuTrrel 1a aAnbiva ue
Eyypapn utretbuvn dnAwon

ToU GpBpou 8 map. 4 N. 1599/1986 niuwpeitar ue QuUAGkion TouAdyiaTov Tpiwv unvwv. Eav o
UTTaiTIOS QUTWV TWV TTPAEEWV

OKOTTEUE va TTPOCTTOPIOEl OTOV EQUTOV TOU N 0 GAAov TTepiouaiakd opeAog BAamrovrag 1pitov n
OKOTTEUE va BAGwel dAAov, Tiuwpeitar pe kGOeipén péxpr 10 Twv. »
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ITIEPIAHWH

H paySaia avamtudn tov texvodoyiov IoT kat tov 6Ao Kat mo Eunvev eSunmvey
OUOKEUQV £Xel 001ynoet oe tTepdotid audnon tng xadnuepivig mapayoyng dedopévov. H
apabo0lLaKY) UIIOAOYLOTIKY VE@oUg GUOKOALUETAL VA XELPLOTEL ASLTOUPYLEG 02 IPAYIIATIKO
XPOVO AOY® oupn@Opnong Tou S1KTUOU KAl UIEPPOPTMOONS THE KUKAo@oplag, odnywvrtag o
onpavtikn kabuotépnon. To Edge Computing (EC) £xev avadeirxBel wg Auon,
SIVTPEIIOVTAG TN ANWI] AIO@ACERDV 0L IIPAYHATIKO XPOVOo pe TNV erneepyacia 6edopevav
ITL0 KovTd otig tedikeg ouokeueg. Evo n EC pelwovel amotedeopatikd tnv kabuotepnon,
eplopidetal amo mepLopLoEVoUg UTIOAOYLOTIKOUG MOPOUS KAl artofnKeuTtikoug Xmwpoug,
Kafrotwvtag tnv amoteAeopatiki dtaxeiplon tewv debopevev Kplovun.

IMa va to avtipetwmicoupe auto, avartudape pia pebodo yia Tov evTomopo
HETATOMIOE®V OUVOAOU dedopevmv, adlomolwvTag IPo-eKIAL0eUPEVA LoVTEAA Yid TNV
eSaywyr) XapaxTnploTIKOV amro ta ewoepxopeva debopéva. H mpoogyyion autn evioxuel tnv
LKAVOTITA EVTOIILON0U 0XeTIKWV debopevey, efaopadidovtag peyadutepn akpibeia otnv
eneepyaoia og mPaypatiko Xpovo Kat BeAtiotomoiovtag mapdAAnAa tn Xp1o1 TeV I0pKV
oe TeplBAAAOVTA AKPI®V.
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ABSTRACT

The rapid development of IoT technologies and increasingly intelligent
smart devices has resulted in an immense surge in daily data generation.
Traditional cloud computing struggles to handle real-time operations due
to network congestion and traffic overload, leading to significant latency.
Edge Computing (EC) has emerged as a solution, enabling real-time
decision-making by processing data closer to end devices. While EC
effectively reduces latency, it is constrained by limited computational

resources and storage, making efficient data management critical.

To address this, we developed a method to identify dataset shifts by
leveraging pre-trained models to extract features from incoming data.
This approach enhances the ability to detect relevant data, ensuring
higher accuracy in real-time processing while optimizing resource

utilization in edge environments.
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CHAPTER 1 Introduction

A network of interconnected smart items or things, such as smart devices, smart surroundings,
sensors, networks, and a variety of computer equipment, that create an omnipresent system that
allows access from anywhere at any time is referred to as pervasive computing, or ubiquitous
computing. Mark Weiser first put forth this idea in 1988 while he was the director of the Computer
Science Lab at Xerox's Palo Alto Research Center (PARC). According to his vision, computers will
eventually become less noticeable as machines [3].

With the rapid development of technology, Weiser’s vison came closer to reality. Smart devices
are equipped with various sensors, processors and connectivity features which makes them able to
seamlessly host services and communicate with each other to facilitate people’s everyday tasks. For
instance, smart homes can adjust lighting for power saving, temperature and monitoring the
perimeter of the house and alert for possible breach of security, while wearable health monitors
provide real-time updates on vital signs, alerting users and healthcare providers to potential issues.

The Internet of Things (IoT) is made possible by the devices' smooth interaction and integration.
The Internet of Things, or 10T, is a self-configuring wireless network of commonplace smart gadgets
with the goal of connecting everything. The Internet of Things has paved the way for the era of
pervasive networking and computing. 10T technology is used in the healthcare industry to store and
analyze data for later use [4]. Similar to this, loT applications in agriculture affect supply chains,
quality control, and market accessibility, which in turn affects the entire system of food production
and distribution [5].

However, the integration of loT into ubiquitous computing raises challenges, including issues
related to data privacy, security, and standardization. As more devices become interconnected, the
risk of cyberattacks increases leading to attacks or even leakage of sensitive data [6]. In order to
derive useful insights from the massive volume of data produced by loT devices, effective storage,
processing, and analysis solutions are also needed. To efficiently handle this vast size of data that loT
produce, Edge Computing (EC) and Artificial Intelligent (Al) are being adopted [7].

loT devices transferring data to cloud, a data center where data that loT produce is stored.
Unlike the ability to keep a vast amount of data, cloud commonly can’t response due to overloading
or due to heavy traffic [8]. EC came to solve this problem by bringing data closer to the user. By
lowering latency and bandwidth consumption, increasing connectivity, facilitating quicker
computation and service delivery, guaranteeing scalability, streamlining storage, lowering network
expenses, and boosting overall application performance, edge computing aims to boost network
performance. [9].

Distributed analytics using collaborative sensing is one example of such an application [11]. An
EC receives a query from a user and responds using the information at hand [10]. Unlike cloud, EC
has significant much less storage, so data management is essential for ensuring seamless operation.
The importance of data management attracts the interest of researchers so that more and more
algorithms and methodologies are being created.

Due to this limitation, EC must be able recognize and relate incoming data to existing datasets
effectively. Every dataset can be represented as a distribution, where the statistical properties such
as mean, variance and underlying patterns characterize the data. Changes at these distributions
refers as data drift, more specifically data drift occurs when the statistical properties of incoming
data diverge from the original datasets. In machine learning, this phenomenon leads to accuracy
reduction of the model. To solve this problem, we developed a method to identify datasets shifts by
leveraging pre-trained models to extract features from incoming data. This approach enhances the
ability to detect relevant data, ensuring higher accuracy in real-time processing while optimizing
resource utilization in edge environments.
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Abbreviations Expansion

EC Edge Computing

loT Internet of Things

MLP Multi — Layer Perceptron
EMD Earth Mover’s Distance
PSI Population Stability Index
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CHAPTER 2 Literature Review

Edge Computing 2.1

Edge Computing definition 2.1.a

More smart gadgets are connecting to the Internet and producing massive volumes of
data as a result of the Internet of Things' (IoT) quick development. Response times are
increasing, bandwidth usage is increasing, and cloud computing security and privacy are
becoming concerns. Edge computing emerged as the answer as a result of all of this. "Edge
computing is the technology that allows computation at the network edge, enabling
downstream data processing for the cloud and upstream data processing for loT services
[12]."

Edge computing processes all data generated by loT devices and transmits only essential
information to the cloud. Its primary goal is to optimize network performance by minimizing
latency and bandwidth usage, improving connectivity, enabling faster service delivery and
computation, ensuring scalability, optimizing storage, reducing network costs, and
enhancing overall application performance [13].

Applications 2.1.b

Internet of Things (1oT)

Edge computing is an important part of 10T as it processes the huge data produced by
loT devices at the network edge. This minimizes latency for end users, facilitates real-time
decision-making, and lowers bandwidth consumption.

Smart cities

Edge computing can be a huge benefit for smart cities. Data from various sensors can be
processed in real time to control traffic in an optimal manner and enhance public safety.
Further, environmental metrics such as air quality and noise pollution can be effectively
monitored. By processing data in real time, cities can respond to emergencies in a timely
manner, optimize resource utilization, and become operationally more efficient [13].

Autonomous vehicles

For autonomous cars, when making snap decisions is crucial, edge computing is crucial.
Data uploading to the cloud is slowed down by autonomous cars gathering data and
interacting with one another. As a result, the edge device itself must be capable of
processing signals, audio, video, and other types of data. With the right services, edge
computing can create real-time communication between cars and avert a potential collision.

Healthcare

Edge Computing can aid in healthcare by providing real time monitoring and collecting
information from the patient remotely leading to faster diagnoses and rapid responses to
emergencies. Protective health-monitoring systems track the health indica tors of the user
and check for the occurrence of an emergency health situation. In the case of an
emergency, an alert is produced and the emergency contact informed [35].
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Pros and cons 2.1.c

Edge computing processes and stores data on the edge without using cloud uploads,
providing numerous advantages over standard cloud computing.

I.  Quick Data Processing and Real-Time Analysis: Edge computing allows for
lightning-fast reaction times and processing of real-time data. Being close to
the data source and storage enables the calculations to be carried out
directly on the edge nodes, which reduces data transmission time.

II.  Enhanced Security: Unlike cloud computing, which requires data to be
uploaded for processing, edge computing operates locally and minimizes
risks such as data leaks and loss. Since data is processed within its local
scope, network transmission risks are eliminated. Additionally, if a
cyberattack occurs, only local data is affected rather than the entire dataset.

lll.  Reduced Network Traffic: Data processing and analyze, executes local to the
edge node. The need to load the data to cloud is not necessary, so the traffic
of the network can be reduced. The processing and analysis of data is carried
out at the edge of the network. This way, the need to send large data
packages to the cloud is minimized. It in turn reduces the network load and
optimizes the use of the channel.

Despite its advantages, the Edge Computing paradigm is faced with some challenges:

I.  Limited Computational Resources: Although edge computing aims to transfer
computation from the cloud to edge nodes, the nodes' processing power,
memory, and storage are far lower than those of cloud servers. Performance
may be impacted by this restriction, particularly in applications that require a
lot of processing power.

II.  Diverse Environments: Edge computing encompasses a variety of platforms,
devices, and architectures, creating a diverse environment. It can be difficult
to ensure compatibility and smooth integration across all devices.

lll.  Security Risks: While security is one of the benefits of edge computing, it also
has its vulnerabilities. Since edge devices are closer to users, they have higher
exposure to cyber threats. Moreover, because of their limited resources,
conventional security protection techniques may not be completely
deployable, making them more vulnerable to attacks.

Data drift 2.2

Definition 2.2.a

Data drift refers to changes in the statistical properties of input data over time. This
occurs when a machine learning model in production encounters data that differs from the
data it was trained on or from earlier production data.

Such shifts in input distribution can degrade the model's performance, as machine
learning models are designed to perform well on data resembling their training set. When
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the input data changes significantly, the model may struggle to make accurate predictions
or decisions, highlighting its limited ability to generalize beyond its training.

In essence, data drift represents a shift in input data that the model is unprepared to
handle. Detecting and addressing data drift is essential to ensure the reliability and
effectiveness of machine learning models in ever-changing environments.

Data drift detectors 2.3

The gradual change in data can result in poor performance of the model [34]. Drift
detection involves monitoring the overall data distribution across an entire dataset to
identify significant shifts compared to a previous period or the data used during model
training. The primary objective is to determine whether the model can still be trusted to
perform as expected and whether the operating environment remains consistent with the
conditions under which the model was trained.
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CHAPTER 3 Methodology

Problem 3.1

Machine learning, or ML, has gained popularity in computer science in recent years.
Because machine learning (ML) can tackle issues like fraud protection, email spam filters,
speech recognition, and many more, it has revolutionized computer science. Today's
massive data availability and next-generation computing power have made machine
learning more sophisticated and dependable. Such data must be processed and stored in
traditional distributed systems in order to be used in machine learning techniques [8]. These
apps worked well for jobs requiring little latency. The Internet of Things (IoT) is developing
quickly, and gathering all the data to process and analyze on a single server could result in
unneeded latency and increased bandwidth. Edge computing solved this problem by
bringing the processing closer to where data is generated but with one huge disadvantage,
limited storage. Edge nodes must be able to decide which data to keep and which to reject
as not being relevant. In this paper we introduce a new method to detect data drift with pre
trained models.

Dataset 3.2

We utilize the FSDKaggle2018 dataset for this experiment. 11,073 audio clips with 41
labels from the AudioSet Ontology make up the Freesound Dataset Kaggle 2018
(FSDKaggle2018) [22]. The Detection and Classification of Acoustic Scenes and Events
(DCASE) Challenge 2018 Task 2 made use of the dataset [23]. Every sample was collected
from Freesound and divided into test and train sets. We will divide the train set, which
consists of 9.5k samples that are appropriately distributed over 41 categories, into three
equal subsets of 3.1k samples each for this experiment. We generate for each sample the
Mel Spectrogram and then transform from the amplitude scale to the decibel scale and
padded to meet the dimensions of the biggest sample.

0 100 200 300 400 500

Figure 1: Audio sample
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Models 3.3

For this experiment we will use 3 models which will be trained on the first dataset:
e Main model
e Multi — Layer Perceptron model
e Attention model

Main model 3.3.a

The model we use is a Convolutional Neural Network (CNN) for image classification with
8 ResBlocks based on ResNet architecture (Residual Network) [25]. ResBlocks are formed
with 2 Convolution layers with ReLu activations. Every ResBlock takes the input and adds it
to output after convolution layer 2, similar to ResNet architecture which takes the
activations from n-1 convolution and adds it to the output of n+1 layer.

Convolution Layer (n-1)

RelLU f

f(Xn1)

A

Convolution Layer (n)

RelLU

f(xn)
A

r

Convolution layer (n+1)

Xn+1

f(xn-1) * Xn+1

1( f(xn-1) + Xps1)

Figure 2: ResNet architecture. Source medium.com

Multi-Layer Perceptron 3.3.b

Each of the layers that make up MLP—an input layer, hidden layers, and an output
layer—contains a collection of perceptual components called neurons [31]. Each layer is a
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fully connected layer, videlicet, every neuron in the layer is connected to every neuron in
the previous and subsequent layer. In this experiment we use a MLP without a hidden layer.

Input Layer Hidden Layer Qutput Layer

Figure 3: Multi-Layer Perceptron (MLP)
architecture

Attention Mechanism 3.3.c

An attention function can be defined as a mapping that generates an output given a
guery and a collection of key-value pairs. In this instance, the output, values, keys, and
qguery are all vectors. A compatibility function that determines how well the query matches
the key determines the weight of each value, which is then used to produce the output as a
weighted sum of the values [33].

)

MatMul
f 4
SoftMax
4
Mask (opt.)
3
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1
MatMul

t 1

Q KV

Figure 4: Scale Dot-Product Attention [12]
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For this experiment we use Scaled Dot-Product Attention. For an input sequence of
vectors X = [xq, X3, ..., Xn], Where X; is a vector of the i-th element, self-attention Y
computes as:

VY = soft (QKT)V
= Ssojtmax
Va:

The weight matrices W,, Wy, and Wy, respectively, parameterize the learnt linear
transformations of the input sequence X, Q (Query), K (Key), and V (Value). The dimension
of the key vectors, dy, is frequently selected to coincide with the dimensions of the value
and query vectors. The softmax function that is applied along the matrix's rows is called
SoftMax. The matrix of dot products between query and key vectors is denoted as QK. The
value vectors are weighted using the resulting matrix.

Combined Models 3.3.d

The other two models are a combination of MLP output layer and Self-Attention
mechanism.
e MLP + Attention: For this model we concatenate MLP with self-attention by feeding
forward the output of MLP into Self-attention
e Attention + MLP: For this model we reverse the previous model
Both of these models are not trained, however the weights for each layer is extracted
from the Multi — Layer Perceptron (MLP) and Self-Attention which are already trained.

Data drift detectors 3.4

For this experiment we used various data drift detectors to compare the accuracy of our
approach. We choose 5 already know algorithms:
0 Histogram Intersection
Earth Mover’s Distance (EMD)
Energy Distance
Population Stability Index (PSI)
Hellinger Distance

O O O O

Histogram Intersection

Histogram intersection is a method for comparing two histograms. In machine learning it
can be used as a similarity metric for comparing features. Every object/feature is
represented as a histogram, a graphical representation of the value distribution of the
object/feature. Intersection is defined as:
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Where I input histogram and M histogram of model, in our case histogram of the
dataset our model is trained, each one containing n bins. The result of intersection is the
number of features from the initial dataset that is similar to the input dataset.

Histogram Intersection

number of elements

. ‘L.||IHJ|JIJ ‘ L

Fol a0 60 [ 100

bins

Figure 5: Histogram intersection Source: github.io

Earth Mover’s Distance (EMD)

A measure of the lowest cost of converting one distribution into another is called Earth
Mover's Distance (EMD). Informally, picture one distribution as a pile of dirt that is
dispersed throughout an area, and the other as a group of holes in the area. The least
amount of "work" needed to move the dirt to fill the holes is then measured by EMD. In
essence, it determines how little work is required to shift the mass from the first
distribution to the second [27].

Energy Distance

Energy distance calculates the distance between two probability distributions. It works
on the concept of potential energy, which is only zero when the centers of gravity (or

locations) of the two distributions are the same. The further apart the distributions are, the

higher the potential energy, representing the widening gap between the two distributions
[30].

Population Stability Index (PSI)
The Population Stability Index (PSI) determines if the training dataset's Y (response

variable) distribution and an out-of-sample dataset's (test data) scoring variable distribution
are identical. Generally speaking, determines if the distribution of Y differs from the dataset

used to train the model. Based on PSI we can draw conclusions:
0 PSI<0.1: No major change
0 PSI<0.2: Moderate population change
0 PSI 2 0.2: Significant population change

Institutional Repository - Library & Information Centre - University of Thessaly
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https://mpatacchiola.github.io/blog/2016/11/12/the-simplest-classifier-histogram-intersection.html

Hellinger Distance

The Hellinger Distance measures the similarity between two probability distributions. It
is derived from the Hellinger Integral, which quantifies the difference between probability
measures. Mathematically, the Hellinger Distance is defined as the square root of the
squared Hellinger distance, expressed by the formula:

1
H(P,Q)=ﬁll\/ﬁ—\/5llz

where P and Q represent two probability distributions. The distance ranges from 0 to 1,
with 0 indicating identical distributions and 1 representing complete dissimilarity.
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CHAPTER 4 Experiment Analysis

In EC, data processing in edge nodes is resource constrained making efficient data
management critical. Data drift detection is crucial for maintaining the accuracy, efficiency,
and reliability of EC systems. By addressing drift proactively, edge nodes can adapt to real-
world changes, optimize resource use, and reduce risks, ensuring long-term operational
success in dynamic environments.

In this experiment, feature extraction techniques were applied to a dataset, followed by
an evaluation of data drift detection methods. The primary objective was to assess the
effectiveness of different techniques in identifying and quantifying drift between datasets
(D1, D2, and D3).

As we are aforementioned, we spilt the data into 3 equal datasets, D1, D2, D3. Every
model is trained with D1.

Accuracy
80%
70%
60%
50%
40%
30%
20%
10%

0%
D1 D2 D3

e Accuracy

Figure 6: Accuracy of the main model with each dataset

As we can see from Figure 6 the model achieved accuracy 74%, 1% and 3% for D1, D2
and D3 respectively. The sudden accuracy drop is due to the changes of the data
distribution that the model was trained causing the phenomenon of data drift. From the
above we conclude that the distributions of datasets differ.

Data Drift detector

Histogram Intersection 0.264613679544014 0.264930335655477
Earth Mover’s Distance (EMD) 202.617437288001 202.273765427601
Energy Distance 5.48183135533463 5.4678152654039

Population Stability Index (PSI) 104.57885210844 104.707514881253
Hellinger Distance 0.322018377158285 0.322190498563739

Table 1: Results of drift detectors comparing generic data

From Table 1 we can see indeed that there is a data drift between the main dataset and
the two others. Each detector gives results with high reliability, except for the Hellinger
distance, where 0.3 converges more closely to the similarity of the datasets.

13

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 10:05:05 EEST - 216.73.216.250



Model Histogram EMD Energy distance PSI Hellinger Distance

Intersection

MLP 0.526669921875 3654.56346828163 33.058307590546  357.949155401496 0.564374087615415

Attention 0.53740234375 133.902938802962 6.38888915278142 372.588336292568 0.574020231540249

MLP + 0.527060546875 8722.52469531063 51.070447414525 360.372999946302 0.565087611454375
Attention

Attention+  0.537685546875  3274.59285228009 32.4338204939169 374.655572081321 0.575230950301049
MLP

Table 2: Results between D1-D2 after inference each dataset

Model Histogram EMD Energy distance PSI Hellinger Distance
Intersection

MLP 0.52986328125 3692.63832247536 33.3510358543584 363.289536236302 0.567680645004591

Attention 0.5381640625 134.385678553739 6.37084599713929 369.972668935165 0.573285356249377

MLP + 0.527744140625 8731.37590336972 50.9767718864323 361.266299385938 0.56567568392439

Attention

Attention+  0.536005859375  3288.89921422952 32.407265990545 371.32712763968 0.573687002191916

MLP

Table 3: Results between D1-D3 after inference each dataset

EMD

10000.0000

1000.0000

100.0000

10.0000

1.0000
D2 D3

H (no model) MLP attention MLP + attention attention + MLP

Figure 7: Results of EMD
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Energy Distance

64.0000

32.0000

16.0000

8.0000

4.0000

2.0000

1.0000
D2 D3

B (nomodel) W MLP mattention = MLP + attention M attention + MLP

Figure 8:Results of Energy Distance

Hellinger Distance
0.7000

0.6000

0.5000
0.4000
0.3000
0.2000
0.1000
0.0000
D2

B (nomodel) W MLP mattention = MLP + attention M attention + MLP

D3

Figure 9: Results of Hillinger Distance

For our approach we inference the models with D1, D2, D3 to extract the features and
then we compare them instead of the unprocessed datasets like Table 1. As we can see
from Table 2 and Table 3, the confidence improved overall with EMD having an increase in
MLP and MLP + attention models but a decrease in attention model (Figure 7). Energy
distance with Attention model did improve but with lower rate (Figure 8). Hillinger Distance
improved as the value came closer to 1 (Figure 9).
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PSI

512.0000

256.0000
128.0000
64.0000
32.0000
16.0000
8.0000
4.0000
2.0000
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D2 D3

B (nomodel) W MLP mattention = MLP + attention M attention + MLP

Figure 10: Results of PSI

Histogram Intersection
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B (nomodel) W MLP mattention = MLP + attention M attention + MLP

D3

Figure 11: Results of Histogram Intersection

PSI made an improvement for all models resulting in similar results (Figure 10), unlike
the Histogram Intersection which worsened for all models (Figure 11) as an increase in score
means an increase in similarity.
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CHAPTER 5 Conclusion

This thesis has explored the challenges of data drift in edge computing
environments, where resource constraints and real-time data processing are critical.
The research introduced a novel approach to detecting dataset shifts by leveraging pre-
trained models to extract features from incoming data. This method improves the
accuracy of data drift detection, ensuring better performance and optimized resource
utilization in edge environments.

Through a series of experiments using the FSDKaggle2018 dataset, the effectiveness
of various drift detection methods—such as Histogram Intersection, Earth Mover’s
Distance, Energy Distance, Population Stability Index, and Hellinger Distance was
evaluated. Results showed that integrating feature extraction significantly enhances the
reliability of these methods. For example, models such as MLP, Attention, and their
combinations demonstrated overall improved accuracy in identifying and quantifying
dataset shifts compared to traditional unprocessed datasets.

The findings underscore the importance of adapting machine learning models to
evolving data distributions in real-world scenarios. By addressing data drift proactively,
edge computing systems can maintain high levels of performance and reliability, even in
dynamic environments with limited computational resources.
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