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Abstract

This thesis investigates the trade-o [s_between edge and cloud deployment of CNN
models for Al-driven malocclusion detection in a mobile application. The study ex-
plores the CNNs VGG-19, YOLOvV8 and ResNet-50 and their latency, accuracy and
e [ciehcy in Cloud and Edge environments. A mobile prototype was developed to
capture dental images, preprocess them using ARKit-based alignment and validation
mechanisms, and classify the severity of malocclusion according to the Skaneindex
scale. Each model was evaluated using performance metrics such as F1-score, speci-
ficity, and inference latency, while also considering computational resource usage.
The results indicate that edge deployment reduces latency, improving user respon-
siveness, while cloud deployment olerk marginally higher classification accuracy,
particularly with VGG-19. YOLOv8 demonstrated strong overall performance and
robustness across environments. Additionally, expert stakeholder validation con-
firmed the clinical potential of the application in streamlining orthodontic screening
and referral processes. These findings highlight key considerations in selecting an
appropriate deployment strategy for mobile Al applications in healthcare.
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Sammandrag

Detta examensarbete undersoker avvagningarna mellan edge- och cloud-distribution
av konvolutionella neurala natverk (CNN) for Al-baserad diagnostik av malocklu-
sion i en mobilapplikation. Studien fokuserar pa modellerna VGG-19, YOLOv8
och ResNet-50, och utvarderar deras latens, noggrannhet och e [eKtivitet i bade
molnbaserade och edge-miljéer. En mobil prototyp utvecklades for att ta tand-
bilder, forbehandla dem med hjalp av ARKit-baserad bildjustering och validering,
samt klassificera malocklusionens grad enligt Skaneindex-skalan. Varje modell anal-
yserades med prestandamatt sasom F1-score, specificitet och inferenslatens, samt
resursforbrukning. Resultaten visar att edge-distribution minskar latens och forbat-
trar anvandarrespons, medan molndistribution ger nagot hdogre klassificeringsnog-
grannhet, sarskilt med VGG-19. YOLOvV8 uppvisade stark och konsekvent pre-
standa i bada miljéerna. Dessutom bekréftade expertgranskning den kliniska po-
tentialen for applikationen att e [eltivisera ortodontisk screening och remisshanter-
ing. Studien belyser viktiga aspekter vid val av distributionsstrategi for mobila
Al-applikationer inom hélso- och sjukvard.

Keywords: Artificial Intelligence, Machine learning, Edge, Cloud, Orthodontics,
Malocclusion, Clinical
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1

Introduction

In an e ort to improve the healthcare systems, countries seek to optimize their med-
ical service 1]. One key approach to achieving this is the introduction of remote
medical services, which is dependent on utilization of the Internet of Medical Things
(IoMT) - referring to a network of connected healthcare technologies that explains
the collection, processing and transmission of health informatiod][ [2]. IOMT en-
ables more accessible treatment methods and allows for remote execution of various
medical tasks, including disease monitoring and diagnosiy.[ This does not only
result in reduced medical costs, but also enhances the quality of medical services.

Among the various medical conditions that can be targeted through remote services,
dental conditions are one of the main areas. Among these, a common cause for pa-
tients to seek orthodontic care is malocclusion, which is a highly prevalent orofacial
condition, characterized by misaligned teeth or an incorrect relation between the
upper and lower dental arch, or both 3], [4]. Current clinical practice relies on
thorough clinical evaluation for diagnosis and prediction of optimal treatment, with
complex cases requiring treatment from dental specialists, which can be costly and
time consuming pJ.

In order to ensure that this thesis has clinical relevance and provides value for pa-
tients and medical professionals, development was conducted in collaboration with
an experienced odontologist. Furthermore, a previous thesis working with the same
odontologist successfully demonstrated that a Convolutional Neural Network (CNN)
can achieve satisfactory performance when trained on dental images for malocclu-
sion detection p]. This nding suggests that Al-based diagnostics in orthodontics
are not only theoretically viable but also practically implementable.

Building on these insights, this thesis explored the development of a mobile ap-
plication capable of analyzing dental images to detect crooked teeth. The app
provides users with a preliminary classi cation and, when necessary, informs them
that professional evaluation may be required. The goal was to provide an accessi-
ble, e cient, and clinically relevant tool for preliminary screening, helping patients
determine whether further orthodontic assessment is needed.

However, Al deployment strategies pose a key challenge. Should inference be per-
formed on the edge or in the cloud? Both approaches present trade-o s in accuracy,
latency, resource e ciency, and privacy, all of which could signi cantly impact real-
world usability in a clinical setting.



1. Introduction

In this thesis, we systematically examined the trade-o s between edge-based and
cloud-based machine learning models for malocclusion diagnosis. By comparing key
performance metrics, we determined which deployment strategy is the most suit-
able for clinical applications. This investigation is crucial to understanding how
Al-driven orthodontic screening can be implemented e ectively while maintaining
accessibility, e ciency, and compliance with healthcare standards.

1.1 Problem

Our central problem statement for investigation is: "What trade-o s exist between
cloud-based and on-device ML models in malocclusion diagnosis?”. In order to
better understand and quantify the main problem, it was divided into several sub-
problems across di erent domains. The product iterations were then compared with
each other according to these criteria.

Model Performance:

Metrics such as the F1-score, accuracy, sensitivity, speci city, and precision are
crucial for evaluating the overall performance of the model. Therefore, the two de-
ployment strategies were analyzed and compared in this regard.

Latency:

The processing time (latency) of the model for generating a diagnostic result from
an input image between on-device and cloud-based inference was measured. The
end-to-end latency was measured by recording the time from when the user submits
an image to when they receive the evaluation response. This was done using high-
resolution timestamps within the app, with multiple trials conducted to calculate

the average processing time in milliseconds.

Resource E ciency:

The resource e ciency of the application was measured in terms of Central pro-
cessing unit (CPU) usage and memory allocation to determine which architecture
IS more e cient.

1.2 Purpose

The purpose of this project was to develop a diagnostic system powered by Al, using
convolutional neural networks, to provide an initial assessment of the patients teeth
and explore trade-o s between cloud-based and on-device machine learning models
in malocclusion diagnoses. A key aspect was the development of a test framework to
systematically evaluate and compare the deployment of cloud-based and on-device
Al models. This enabled a structured assessment of model metrics, latency, and
resource e ciency, providing valuable information on the trade-os between the

2
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two deployment strategies. The project followed Roel J. Wieringa's Design Science
Methodology [7] to develop the diagnostic system.

The system consists of a mobile application for end users and a cloud infrastruc-
ture for data storage and further processing. The mobile app allows patients to
photograph their teeth and receive an instant initial suggestion on whether further
treatment or a specialist consultation might be necessary. The cloud infrastruc-
ture facilitates storage of diagnostic results for users who choose to seek further
treatment. This allows medical professionals to access relevant information when
evaluating a referred patient. By allowing potential patients to perform initial self-
assessments using the mobile app and maintaining a backend for follow-up cases, the
system could improve referral e ciency, reduce unnecessary delays in the healthcare
system, and optimize orthodontic care.

1.3 Limitations

Early on in the process it was decided due to time constraints that the mobile ap-
plication would only be available on iOS, since it has native support for the Core
ML runtime for Al models. Furthermore, the size of the dataset available to train

the Al models was signi cantly limited to 626 pictures. Consequently, predictions
were unlikely to achieve a satisfactory high accuracy.

Limitations also extend to the evaluation of the models and application. Due to the
time-consuming nature of development, testing, and evaluation, it was not feasible
to validate all three of the trained models in a real-world screening scenario. Be-
cause of this, a small amount of screenings were made, and only YOLOv8s-cls was
selected for the stakeholder validation. This choice was made due to YOLOv8s-cls
demonstrating the highest accuracy in prior evaluations.
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Related Work

Advancements in medical imaging technologies, particularly when combined with
Al applications such as diagnostic algorithms and CNNSs, o er signi cant potential
to enhance patient care, diagnostic accuracy, and personalized treatment pla@p [
As the medical industry increasingly digitizes its diagnostic processes, the underly-
ing computational infrastructure of healthcare organizations becomes more critical.
While cloud computing has been widely used for healthcare, with a 2017 survey
from Taiwan reporting that 76:2% of hospitals were using some form of cloud com-
puting [9], and another study from Germany 10 found that approximately 89%
had adopted cloud-based applications. Furthermore, edge computing o ers bene ts
such as data locality, which can enhance patient security and provide lower latency.
Nevertheless, cloud deployments continue to be used, largely due to their ability to
dynamically scale resources and manage compute-intensive tasks, such as running
large Al models.

The choice of computational infrastructure signi cantly impacts the deployment of
Al models in healthcare. Comparative studieslfl], [12], highlight that both edge
and cloud computing o ers both disadvantages and bene ts. Edge computing is
often favored for its lower latency and enhanced security through local data storage,
rendering it suitable for real-time data processing applications. In contrast, cloud
computing provides better reliability, scalability, and exibility in data storage and
hardware maintenance 11], [12]. Moreover, there seems to be a lack of standard-
ization in both edge and cloud computingJ1]. As a result, it becomes di cult to
develop applications across various devices and platforms.

Beyond architectural considerations, the application of Machine Learning (ML) to
speci ¢ diagnostic tasks is an ever-increasing eld. For example, in a study by
Mallishery et al. [13], the researchers tried to predict the referral decision and treat-
ment di culty in endodontics. Their study utilized two ML algorithms: a custom
deep-neural-network and a support-vector machine, one of which achieved a sensitiv-
ity of 94.94% Model performance was evaluated using metrics including accuracy,
speci city, sensitivity, and precision. The data to train the models comprised of 500
patient forms collected via an Android app, with data being stored in Firebase, a
cloud-based database. The study used a train-test split, noting that variations in
the random splits resulted in uctuations within two percentage points, across all
performance metrics.

The application of Al extend to orthodontics, particularly in image analysis. Rubiu
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2. Related Work

et al. [14], for instance, developed a segmentation model capable of identifying the
type of tooth from periodontal radiographs with a984% accuracy. The model was
trained on a dataset comprising of 1,000 periodontal radiographs, annotated with
masks created by both students and clinical experts. To assess the performance of
the trained model, the researchers used a train-test-validation split and evaluated
the predictions using the dice index metric and accuracy. The researchers concluded
that while the model performed well, reaching an accuracy @8.4% and a dice in-
dex of 0:81, other research had shown that segmentation performance could greatly
decrease with radiographs that had missing teeth. Additionally, another studyif)
used a YOLO model, another object-segmentation model. The model was trained
on intraoral photographs captured on a phone and achieved a sensitivity 85:6%,
precision of90:7%, and an F1l-score oB88.0%, even outperforming junior dentists

at detecting tooth decay. The model was trained on a dataset comprising of 7,465
intraoral photographs annotated by experienced dentists.

The YOLO architecture pivotal in the aforementioned study by Adnan et al. 19,
has undergone continued improvements. The recent iteration, YOLOv12, reportedly
o0 ers even faster inference speeds. These improvements stem from a better attention
module, called area-attention, and a residual e cient layer-aggregation backbone de-
signed to minimize attention mechanism overhead. As a result, YOLOv12 achieves
a mAP 40.:6% on the COCO dataset, an improvement ol:2 percentage points over
YOLOv11n, while preserving comparable latencylp. Making it even better for
real-time object detection.

Despite the advancements in Al models like YOLO, their application in orthodon-
tics has predominantly relied on radiographic data or numerical measurements taken
from clinics. Digital images have, by comparison, received less attention even though
they are an integral part of the initial diagnosis procedurel[7]. Focusing on the prac-
tical side of taking normal images instead of radiographs, Shahrul et alLg assessed
smartphone photos for orthodontic review. Their ndings suggest that while Digital
Single-Lens Re ex (DSLR) cameras gives superior image quality, standard smart-
phones can still provide images clear enough for diagnosis. Identifying lighting as
the most critical for image quality. Moreover, the study underscores the feasibil-
ity of using smartphones for remote orthodontic consultations, making assessments
possible outside traditional clinical environments.

Dental Monitoring has in recent time grew into a leading company in Al-driven
orthodontic treatment. Their product enables monitoring of the treatments re-
motely, through utilization of currently available smartphones, and o er a less inva-
sive method for diagnosis]9. The company's Al model is constructed to identify
various dental pathologies or factors, including monitoring of tooth movement and
displacement of aligners, from images or 3D scans of the patients teeth taken by
themselves. In order to facilitate scans of the teeth, the DM ScanBox was in-
troduced - enabling consistent image quality throughout the scanningdq. The
resulting assessments are then transferred to a web-based interface, where clinicians
monitor and assess the ongoing treatment.
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On the other hand, the need for dedicated hardware such as a DM Scanbox, may
present a barrier to widespread consumer adoption. Supporting this claim, Craven
et al. [20 observed in their study of health tracking apps that the introduction
of additional procedural steps led to a decrease in weekly diary completion rates
from 56%to 45% Similarly, Fazio et al. [21] developed a mobile app to support
dental diagnostics during the COVID-19 pandemic. The app was made to operate
exclusively with the phone's native camera, trading external optical hardware giving
lower on-device computation for maximum compatibility and accessibility across
devices. Moreover, a study by Zhukovska et al2p] shows the global Al healthcare
market is expect to grow to$1:591trillion by 2030. As this market increases, making
these systems more accessible and easy-to-use becomes even more important.

2.1 Summary

Recent advancements in technology have demonstrated the feasibility of Al-assisted,
phone-based orthodontic consultations, as exempli ed by platforms such as Dental
Monitoring. However, this platform requires specialized equipment, which limits
their accessibility and adoption. Concurrently, new research highlights the capabil-
ity of smartphone cameras to capture good orthodontic images, while lightweight
models like YOLOv12 have improved real-time performance. Despite these devel-
opments, many existing orthodontic Al systems continue to rely on radiographic
imaging and numerical measurements from clinics. This reliance may not align
with the growing demand for mobile healthcare. Furthermore, there is limited ex-
ploration of deployment strategies for such systems, particularly the implications
of selecting edge versus cloud-based architecture on factors such as latency, ac-
curacy, and computational e ciency. This presents an opportunity to integrate
phone-based orthodontics with advanced Al models while analyzing the trade-o s
associated with edge- and cloud-based deployment strategies. A study focused on
analyzing these trade-o s could yield signi cant insights into orthodontic Al sys-
tems for clinical adoption, while also giving insights into how mobile technologies
can make orthodontic care more accessible.

Key ndings

N

Existing solutions for remote dental monitoring relies on dedicated external
measurement instruments.
Smartphones are adequate for orthodontics.
The current body of research is disproportionately centered on radiographic
data. Revealing a bias that sidelines photographic images.
Deployment strategies are unexplored in orthodontic Al systems.
Distinct advantages:
Edge: Low latency and secure local storage for real-time usage.
Cloud: Reliable, scalable, and more computing power.
The latest YOLO model o ers improved real-time performance.
CNNs have been shown to accurately diagnose a variety of oral health prob-
lems.
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Background

This section serves to introduce the medical terminology, in combination with the
technologies that lay the foundation for the application and research.

3.1 Healthcare Work ow in Orthodontics

Traditionally, orthodontic diagnosis include both manual assessments by specialists
and treatment planning based on expertise by clinician®8]. The initial assess-
ments do typically occur with general dental practitioners, where malocclusion is
screened for during dental check-up24]. Patients are subsequently referred to an
orthodontist if necessary. The diagnostic phase also includes acquisition of clinical
records consisting of cephalometric radiographs for skeletal analysis, intraoral scans
for arch evaluation, and both intraoral and extraoral photographs to document den-
tal morphology [25).

The clinical evaluation phase encompasses a detailed assessment of dental relation-
ships, including occlusion and dental alignmenf], [26]. Malocclusion is generally
evaluated using standardized systems designed to guide clinical prioritization. One
such system is the Skaneindex, which o ers a structured framework for evaluating
and ranking orthodontic treatment needs. Moreover, the functional performance of
the patients is examined - including the ability to chew and articulate speech.

Upon completion of the clinical assessment, a full diagnosis is established where the
type and severity of the malocclusion is speci ed2f. When indicated, referrals

to specialists are made to address speci c needs. The treatment process proceeds
with routine follow-up consultations, during which the progress is assessed and the
treatment plan is re ned [25], [26].

An Al-based orthodontic work ow begins with Al algorithms, often powered by
computer vision, analyzing photographs of patients teeth. Such advanced Al mod-
els have achieved greater accuracy in classifying malocclusion types than general
dentists and specialists, while also identifying anatomical landmark&7]. Based on
the assessment from the models, a treatment plan is constructed - which can be
reviewed by specialists.

A representation of the described traditional orthodontic work ow compared to an
Al-based work ow is shown in Figure3.1
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Figure 3.1: The traditional orthodontic work ow encompasses screening by a den-
tist, referral to a specialist, diagnostic record acquisition, clinical evaluation, and
subsequent treatment planning with follow-up. An Al-based work ow begins with
classi cation of photographs, followed by the development of a treatment plan and
the execution of treatment.

3.1.1 Skaneindex

In the complex landscape of orthodontic work ow, where clinicians must systemat-
ically evaluate and prioritize treatment needs, the Skaneindex is a Swedish prioriti-
zation index developed by Folktandvarden Skane, the public dental care unit in the
Skane region. The Skaneindex serves as a standardized method for assessing and
prioritizing orthodontic patients.
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Upon examination by an odontologist, patients in need of care are divided into the
following three groups:

1. Very great need
2. Great need
3. Moderate or low need

Some factors used to assess the patient are, but not limited to: jaw and bite abnor-
malities, malocclusion, trauma injuries and aplasia. The di erences in treatment
urgency levels, as seen in Figur@2, outline the prioritization process in practice.

Figure 3.2: Visual examples illustrating the application of the Skaneindex for
orthodontic priority assessment.

3.2 Convolutional Neural Networks

The technical foundation of the image classi cation part in this work relies on ma-
chine learning architectures for image analysis. As mentioned in Sectian CNNs
can be used to classify dental images with satisfactory results. CNNs are a subgroup
of deep learning, commonly used for image processi2§|[ This technique involves
various elds, such as object detection and image segmentation. Thus, such net-
works have transformed computer vision and emerged as the leading standard for
image classi cation.

A typical CNN structure consists of several component2@]. The rst component

is the input layer, followed by the convolution layer equipped with multiple convo-
lution kernels. A xed-size window is moved by the kernels across a feature map,
extracting various feature tiles. Each tile is then multiplied by the learned convolu-
tion kernel, resulting in a vector that is reshaped to form a new tensor. The pooling
layer introduces down-sampling, and consists of methods such as max-pooling and
average-pooling. A Fully Connected Layer (FC) is typically positioned at the nal
stage in a CNN structure 8. Its role is to convert the high-dimensional features
from the previous layer into a one-dimensional output, making it suitable for classi-
cation or prediction.

Activation functions enable the network to identify complex nonlinear patterns e ec-
tively [28]. Such functions are applied in convolutional layers and FC layers, where
they in uence how features are transformed. A commonly used activation function
in CNNs is Recti ed Linear Unit (ReLU), used because of its ability to alleviate the
vanishing gradient problem 28]. Thus, this type allows for more e ective training

9



3. Background

of deep architectures.

3.2.1 CNN Architectures

There are multiple relevant CNN architectures to consider. VGG-19 depicted in
Figure 3.3 is a widely used CNN architecture for image classi cation, renowned
for its remarkable performance - notably in medical image analysi29. Due to

its straightforward design and ease of training, the VGG-19 - a deep CNN with
19 weighted layers - has excelled in such tasks. Hence, such networks have been
utilized for extracting features in various medical applications, such as eye disease
detection and Alzheimer's disease predictior8()], [31]. Through pre-training on ex-
tensive databases like ImageNet, VGG-19 inherits pre-learned weights, allowing for
enhanced performance in transfer learning application87], [33.

While VGG networks demonstrate strong performance, they face challenges when
scaled to greater depths due to the vanishing gradient problem. ResNet-50, de-
picted in Figure 3.4, is a type of CNN that has introduced several key innovations
and advantages over traditional CNN architectures. ResNet-50 has demonstrated
high performance in image classi cation tasks. For example, ResNet-50 achieved an
accuracy of 97.8% in cotton leaf disease classi cation, outperforming other models
like VGG-16 in a study [34]. ResNet-50 introduces residual connections, which help
in accelerating weight convergence and preserving patterns and information con-
tained in images. This leads to better accuracy in various tasks, considering dataset
size, quality, and task complexity 85|, [36].

Beyond classi cation architectures like VGG and ResNet, object detection networks
represent another important category of CNNs. YOLOVS is a state-of-the-art ob-
ject detection algorithm that has revolutionized real-time computer vision tasks by
enabling fast and accurate object detection in images and videos. Unlike traditional
object detection algorithms that involve multiple stages, YOLOv8 approaches object
detection as a regression problem, predicting class and bounding box probabilities in
a single pass directly from the image pixel8¥]. Beyond object detection, YOLOv8
integrates a classi cation model (YOLOv8-cls), which achieves performance compa-
rable to standard classi cation models such as VGG and ResNet. Unlike the latter
models, YOLOv8-cls include Cross Stage Partial 2-Fused (C2F) module as part of
its architectural foundation, which facilitates the processes of feature extraction ad
fusion - resulting in an increased ability to identify complex data structures3g]. The
architecture of the YOLOvV8s-cls model is presented in Figui@5, which in contrast

to the YOLOVS8 object detection model, includes a classi cation head - comprising of
a Global Average Pool followed by a fully connected layer and a softmax activation
function to generate class probability distributions.

10
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Figure 3.3: VGG-19 containing ve convolutional blocks with 3 3 Conv layers
and RelLU activations, each followed by 22 max pooling. The spatial resolution
is reduced from 224 224 to 7 7. The feature maps are then attened and passed
through two fully connected layers with 4096 units and a nal layer with 4 outputs
for classi cation.

Figure 3.4: ResNet-50 with a7 7 convolutional layer (64 lters, stride 2) and
max pooling, reducing resolution from224 224to 56 56. Four residual blocks
follow with bottleneck structures (1 1,3 3,1 1 convolutions): 64-64-256 lters
(stride 1), 128-128-512 (stride 2), 256-256-1024 (stride 2), and 512-512-2048 (stride
2). Spatial dimensions progressively reduce t6 7, followed by global average
pooling, a fully connected layer with 4 outputs, and softmax activation.

Figure 3.5: Overview of the YOLOv8s-cls model architecture. The model consists
of convolutional layers, C2F layers, SiLU activations, Global Average Pool, a fully
connected layer and lastly softmax activation.

11
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YOLO11n-seqg is an advanced variant of the YOLO family designed for instance
segmentation, extending the capabilities of YOLOvV8 by integrating pixel-level seg-
mentation masks alongside bounding box predictions and class probabiliti€2g][
The architecture, as shown in Figure3.6, processes input images through a back-
bone, neck, and head to produce both bounding boxes and segmentation masks.
The YOLO11n-seg model is more complex as compared to the YOLOv8s-cls model,
and it has new layers types: the C3k2 layer, SPPF, and C2PSA(. The C3k2
layer, an advanced Cross Stage Partial Bottleneck with 2x2 kernels, enhances fea-
ture extraction e ciency by splitting and recombining feature maps. The SPPF
module, employing fast max-pooling across multiple scales and concatenation, and
the C2PSA block that integrates CSP with parallel spatial attention, focusing on
critical image regions to improve accuracy.

Figure 3.6: Overview of the YOLO11ln-seg segmentation model architecture, con-
sisting of the backbone, neck and head, resulting in an output with both bounding
boxes and masks.

3.2.2 Transfer Learning and Fine-tuning

Although models like VGG-19, ResNet-50, and YOLOvV8 achieve impressive results
in classi cation tasks, training such deep architectures from scratch often demands
extensive labeled data and computational power. To address these limitations, trans-
fer learning has emerged as a practical and e cient alternative (see Figu®7).

Transfer learning is a crucial technique in the eld of deep learning, especially for

12
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image classi cation problems where labeled data is limited]]. Rather than training

a CNN from scratch, the CNN uses randomly initialized weights and then is trained
on a large, corpus such as ImageNet. This pre-training allows the model to learn
generic features in early layers and within its deeper layers learn high-level concepts.
Next, as shown in Figure3.7, the CNN's ImageNet output layer is discarded, and
replaced with a new output layer based on the target domain. Since ImageNet has
about 1,000 classestp] but the model should only classify four, the CNNs original
1,000 class output layer is replaced with a new four-way classi cation layer. Then
the CNN is ne-tuned, the simplest strategy is to freeze all but the top layers of
the pre-trained base model along with the newly added classi cation layer, and
then jointly train them on the target domain [43]. This allows the model to retain
the higher-level concepts learned by the pre-training, while the output layers are
adapted to the target domain.

Figure 3.7: High-Level Diagram illustrating the transfer learning process, where a
CNN is pre-trained on a large corpus of classi ed images (source domain), and later
ne-tuned on a task specic dataset (target domain). The green layer represents
the nal non-frozen layers, which is ne-tuned during transfer learning.

3.3 Edge vs Cloud Deployment

To utilize an Al model, it must be deployed within a suitable computing infrastruc-
ture. Two common and e ective deployment paradigms are cloud computing and
edge computing.

Cloud computing is a model for enabling ubiquitous, convenient, on-demand network
access to a shared pool of con gurable computing resources (e.g., networks, servers,
storage, applications, and services) that can be rapidly provisioned and released
with minimal management e ort or service provider interaction fi4]. Thus, clients

can utilize an Al model hosted in the cloud by communication through Application
Programming Interface (API) calls, requiring minimal computational power of the
client.

13
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To implement the cloud computing model, organizations typically rely on estab-
lished cloud service providers. Among these providers, AWS is one of the most
widely adopted B5]. AWS o ers a broad set of services, including computing power,
storage options, and networking capabilities. Two of the services provided by AWS
are EC2 and S3. EC2 is a web service that provides resizable compute capacity in
the cloud. An EC2 instance is a virtual server that can be used to run applications
in AWS [46]. S3 is an object storage service o ering industry-leading scalability,
data availability, security, and performance 47]. Files uploaded to Amazon S3 are
stored within a container, called an S3 bucket. Each object is associated with a
unique key, which allows users to access a speci ¢ object on demand. Buckets and
the objects in them are private and can only be accessed with explicitly granted ac-
cess permissiongdf]. Thus, Amazon S3 can be set up in a way that ensures secure
storage of con dential information, such as patient pictures.

In contrast to the centralized approach of cloud computing, edge computing is a
networking technology that enables devices in remote locations to process data and
perform actions in real-time. It works by minimizing network latency through pro-
cessing most data at the edge of the network, such as by the device itself or by
a nearby server 48]. Running an Al model on a local device has the potential to
reduce network latency; however, the computational power on edge is subject to
the hardware capabilities of the device. These hardware restrictions will require a
smaller model size compared to running the model in the cloud, which could in-
troduce a diminishing performance and accuracy. The two computing architectures
can be seen in Figure.8.

Figure 3.8: Comparison of Cloud Computing and Edge Computing Architectures.
On the left side, cloud computing is depicted with data sent from user devices
to a centralized cloud server where computation occurs. On the right side, edge
computing shows data being processed locally at the edge of the network.
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3.4 Al Inference Runtime

Inference runtime refers to the phase in the ML life cycle where a trained model
Is used to make predictions on new data. During inference, the model applies the
learned parameters to new inputs to generate outputs, typically using forward prop-

agation 49]. Depending on whether the Al model is deployed in the cloud or on

edge, di erent inference runtimes are required.

For cloud deployments, the ORT is a high-performance inference engine for deploy-
ing machine learning models, including CNNs, across various hardware platforms.
The Open Neural Network Exchange (ONNX) exchange format provides a common
format to represent deep learning models, enabling developers to move models be-
tween di erent frameworks and tools easily40].

For edge deployments, the Core ML framework provides a robust solution tailored
for running machine learning models directly on Apple devices. The Core ML frame-
work is a powerful tool designed to integrate machine learning models into applica-
tions, particularly on Apple platforms. It allows developers to leverage pre-trained
models for various tasks, such as image recognition, natural language processing,
and more, directly within their apps. By allowing models to run directly on the
device, Core ML ensures high performance and low latency, which is crucial for real-
time applications. This on-device processing also enhances user privacy, as data
does not need to be sent to external servers for analysid]f
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Method

This section describes the methodological approach of the project by de ning the
working process. The research methodology, problem investigation, data collection
and prototyping will be presented and discussed.

4.1 Research Methodology

This project adheres to the Design Science Methodology outlined by Roel J. Wieringa
[7], which provides a structured, iterative approach to solving design problems and
answering knowledge questions through the development and evaluation of artifacts.
In this study, the artifact is the Al-powered diagnostic system. This methodology

Is particularly suitable for our research, as it aligns with our goal of systematically
comparing cloud-based and edge-based Al deployment for malocclusion diagnosis.
The methodology emphasizes the importance of an iterative process, stakeholder
validation, and empirical evaluation, all of which are central to our investigation of

Al deployment strategies in orthodontics.

Speci cally, we follow "The Design and Engineering Cycle", an iterative framework
consisting of problem investigation, treatment design, evaluation, and validation.
This cycle allows for systematic evaluation of model performance based on key met-
rics such as latency, accuracy, and resource e ciency. Through this process, we
ensure that the Al system is optimized iteratively, validated with an expert, and
assessed for real-world applicability. By adopting this methodology, we ensure a
structured and repeatable research process that balances technical feasibility with
practical usability.

4.2 Problem Investigation

The deployment of Al-powered diagnostic systems in healthcare requires a balance
between performance, usability, and clinical feasibility. In this context, three key
areas were identi ed to assess the system's e ectiveness and to support engineering
decisions. The de nitions and the rationale for selecting each metric is provided in
Section4.2.1

Latency , de ned as the total time elapsed from the moment an image is
submitted by the user to when a diagnostic result is presented. This metric
captures the responsiveness of the application and its suitability for real-time
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usage. Further details and measurement procedures are presented in Section
4.3.3

Model performance , referring to the model's ability to correctly identify
the level of malocclusion. This is quanti ed using standard classi cation met-
rics including F1-score, accuracy, sensitivity, speci city, and precision. More
details and measurement procedures are presented in Sectidr&2and 4.3.5

Resource E ciency , evaluated based on CPU and memory utilization dur-
ing inference. These metrics are crucial to understand the feasibility of running
models in constrained environments such as mobile devices. More details and
measurement procedures are presented in Sectibi3.4

According to Wieringa's Design Science Methodologyroblem investigation focuses
on understanding the factors that a ect the artifact's performance in its intended
context before developing a solution. The chosen metrics were selected for their
direct relevance to stakeholder goals such as diagnostic reliability, accessibility, and
real-time usability.

4.2.1 Justi cation for Selected Metrics

Previous research in Al-driven healthcare applications highlights the critical role
of latency, accuracy, and resource e ciency in real-world deployments. Studies on
medical Al inference suggest that:

Latency: Low latency is crucial for maintaining user satisfaction, especially in
real-time applications. For example, a study on Al-enabled IoT healthcare solu-
tions highlighted that low latency is essential for timely patient care, which directly
impacts user satisfaction$2. To meaningfully assess latency, this thesis adopts rec-
ognized thresholds based on research on human-computer interaction by Niel&eh, [
who identi ed 0.1 and 1.0 seconds as critical perceptual boundaries for interactive
system performance. A latency of 0.1 seconds is considered the upper limit for the
system to feel instantaneous, while 1.0 second marks the threshold for maintaining
the users ow of thought without noticeable interruption.

Al Metrics: Al systems are increasingly used for diagnostic purposes, such as
medical imaging and disease detection. High accuracy in these systems is crucial to
avoid misdiagnoses, which can lead to inappropriate treatments and adverse patient
outcomes H4]. A strong Fl-score, such as th88.0% achieved in one of the studies
referenced in the related work section, demonstrates the potential of Al models in
diagnostic application. However, given the limited size of the dataset and class im-
balance, the objective is not to reach benchmark-level performance, but to compare
the relative trade-o s between edge and cloud deployment strategies. Model perfor-
mance is therefore interpreted in the context of deployment impact, rather than as
an absolute measure of diagnostic capability.
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Resource E ciency:  E cient resource management is vital due to limited com-
puting power and the need to optimize energy consumption, especially in edge com-
puting [55]. Optimizing resource usage in cloud computing is essential for upholding
a reliable service quality, and the high energy demands of such infrastructure high-
light the need for strategies to manage resource consumptidg], [57]. According

to performance thresholds de ned by BrowserStacl§], a third party app perfor-
mance testing platform, iOS applications should aim for CPU usage below 20% and
memory usage below 250 MB.

By evaluating these metrics, this study aims to quantify the trade-o s between edge
and cloud-based inference, ensuring that the Al system is not only technically viable
but also clinically usable and sustainable in practice.

4.3 Data Collection

To evaluate the trade-o s between the various architectures, the group collected
data for all the three di erent phenomena.

4.3.1 Training Data

The amount of data used to train the model is integral to its prediction quality.
Consequently, the group were given access to an unlabeled dataset of 477 close-up
images of individuals' smiles, taken by the stakeholder. The group gathered 149
additional images for a total of 626 images. Three members of the group indepen-
dently labeled the images by following the Skaneindex guidelines as explained in
section 3.1.1, with the addition of a fourth category "normal”, where malocclusion

is not prevalent. Note that Skaneindex is used to assess multiple orthodontic phe-
nomena, however, the group solely based the decisions on the degree of malocclusion
as requested by the odontologist. The pictures in which the three members of the
group independently decided on the same label were kept. In the instances where a
picture was assigned more than one label, the picture in question got forwarded to
the odontologist to assert a correct label. The distribution of the 626 images can be
seen in Table4.1

Table 4.1: Class distribution between the four classi cations; Normal, Low Priority,
Medium Priority and High Priority. The percentages are rounded to one decimal.

Classi cation Images Percentage of dataset
Normal 429 68.5 %

Low Priority 72 11.5%

Medium Priority 77 12.3 %

High Priority 48 7.7 %

Additionally, the group collected and processed data for a teeth visibility validation
model. A dataset consisting of 2495 segmented images of tedif] [was obtained

18






	List of Acronyms
	List of Figures
	List of Tables
	Introduction
	Problem
	Purpose
	Limitations

	Related Work
	Summary

	Background
	Healthcare Workflow in Orthodontics
	Skåneindex

	Convolutional Neural Networks
	CNN Architectures
	Transfer Learning and Fine-tuning 

	Edge vs Cloud Deployment
	ai Inference Runtime

	Method
	Research Methodology
	Problem Investigation
	Justification for Selected Metrics

	Data Collection
	Training Data
	Metrics
	Latency
	System Resources
	Classification Model Training
	Instance Segmentation Model Training

	Prototyping
	Prototype Evaluation and Stakeholder Validation
	Prototype Evaluation
	Stakeholder Evaluation
	Iteration and Future Improvement


	Application
	Edge vs Cloud configuration
	AI Inference

	Frontend
	User Interface
	Instance Segmentation for Teeth Detection
	Face Tracking and Alignment
	Image Capture and Processing
	Authentication

	Backend
	Authentication
	Data storage


	Result
	Classification Model Accuracy
	Instance Segmentation Model Accuracy
	Cloud vs Edge
	Stakeholder Validation

	Discussion
	Edge vs Cloud Deployment Trade-offs
	Latency
	Accuracy
	Resource efficiency
	Privacy Considerations

	Analysis of Classification and Segmentation Models
	Clinical Validation and Practical Impact

	Conclusion
	Bibliography
	Appendix 1
	Stakeholder Interview Transcript
	Overview of API Endpoints
	CPU Monitoring Code
	Stakeholder Validation Screening
	Use of AI Assistance


