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ABSTRACT

Panoramic dental radiographs are essential in modern dental diagnostics, pro-
viding a comprehensive two-dimensional view of the oral cavity to identify abnormali-
ties, restorations, and pathologies. However, manual interpretation is prone to variability
caused by human fatigue, radiographic artifacts, and overlapping anatomical structures,
which can reduce diagnostic precision and consistency. Although deep learning methods
have improved automated segmentation and identification, most existing systems operate
as static and isolated models, limiting their ability to adapt, collaborate, and improve once
deployed in clinical environments.

This dissertation develops and evaluates a collaborative deep reinforcement learn-
ing framework to address these limitations by enabling adaptive cooperation among mul-
tiple learning components. The proposed framework integrates complementary percep-
tion and identification models through a reinforcement-driven collaboration mechanism
that dynamically optimizes their joint predictions. Rather than relying on fixed ensemble

rules, an agent learns to adjust collaboration strategies based on performance-driven re-
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wards, improving robustness under challenging conditions such as missing teeth, restora-
tions, and orthodontic appliances.

The framework operates through three key stages: independent model learning,
collaborative inference via adaptive fusion, and reinforcement-based refinement guided
by policy optimization. A carefully designed reward function promotes accurate local-
ization, boundary consistency, and anatomically valid predictions, allowing the system to
reduce uncertainty and iteratively improve its performance.

Experimental evaluation on a publicly available panoramic radiograph dataset
demonstrates that the proposed approach consistently outperforms conventional deep learn-
ing baselines in both tooth segmentation and identification. The framework achieves
segmentation and identification accuracies that exceed 98%, while significantly reducing
false detections and improving F1-scores in various test scenarios. Qualitative analyzes
further confirm the improved boundary delineation and numbering consistency.

From a clinical perspective, this work advances the development of self-improving
and autonomous dental imaging systems capable of supporting diagnostic decision-making
with greater accuracy and reliability. By bridging static inference with adaptive reinforce-
ment driven collaboration, the proposed framework offers a scalable and interpretable
solution with potential for extension to three-dimensional imaging, restoration analysis,

and other real-world dental and medical applications.
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CHAPTER 1

INTRODUCTION

1.1 Challenges and Motivation

Panoramic dental radiographs are a core modality in dental diagnosis and treat-
ment planning because they provide a comprehensive two-dimensional overview of the
dentition and supporting oral structures. However, clinical interpretation is frequently
challenged by superimposition, variable exposure, imaging artifacts, restorations, and
prostheses, and patient-speci ¢ anatomical variability. These factors increase diagnostic
variability and reduce reproducibility. Recent advances in deep learning demonstrate that
automated tooth detection, enumeration (numbering), and treatment-related ndings can
be achieved reliably on panoramic radiographs, including explicit handling of restorations
and prostheses that deform the normal appearance of teeth [3, 4].

Despite this progress, many pipelines remain single-model or single-task and do
not explicitly optimize coordination among heterogeneous predictors. In practice, seg-
mentation and identi cation models often fail in complementary ways: segmentation may
produce anatomically plausible masks with incorrect labels, while detection may provide
correct labels with poor localization. These failure modes motivate inference-time col-
laboration in which multiple predictors are fused and re ned using explicit consistency
constraints and adaptive decision policies. In parallel, foundation segmentation models

and universal segmentation architectures provide strong substrates for generalization and



zero-shot transfer; however, reliable clinical deployment still requires task-aware re ne-
ment, quality control, and anatomical validation [5].

To address these challenges, this dissertation introduces a Collaborative Deep Re-
inforcement Learning (CDRL) framework for dental panoramic radiographs that com-
bines multiple independently trained models within a uni ed collaboration-and-re nement
loop. In this work, collaboration refers to explicit inference-time coordination among
independently trained models so that complementary predictions are jointly evaluated,
reconciled, and re ned rather than combined by static ensemble averaging. The proposed
framework uses a policy-driven mechanism to adapt fusion weights and corrective actions
based on task signals including localization quality, overlap agreement, and class-level

consistency while enforcing anatomical plausibility constraints.

Why reinforcement learning: Reinforcement learning is used as an inference-time
coordination and re nement mechanism, not as a replacement for supervised learning.
Base models are trained using standard supervised objectives, while Reinforcement learn-
ing (RL) governs inference-time decisions by modeling prediction re nement as a sequen-
tial decision-making process. This design aligns with recent ndings that Reinforcement
learning (RL) enables adaptive correction and consistency enforcement in medical image

analysis when supervised losses do not fully capture clinical constraints [6].

CDRL pipeline: The proposed CDRL framework operates in three stages:

1. Independent learning: Each model is trained for a specialized task (e.g., instance-
level segmentation or tooth-level detection and identi cation) using supervised ob-

jectives and data augmentation. This follows evidence that strong task-speci c



models, including self-con guring medical segmentation pipelines, provide robust

foundations for downstream collaboration [7].

2. Collaborative inference: Outputs from independently trained models are fused
through an aggregation policy that emphasizes complementary strengths while sup-

pressing inconsistent or redundant predictions.

3. Reinforcement re nement: A policy optimizer iteratively re nes collaboration
actions, such as reweighting, suppression, and con ict correction, guided by reward
signals linked to predictive correctness, cross-model consistency, and anatomical

validity.

Positioning with contemporary vision models: Recent advances in vision back-
bones and universal segmentation architectures enable stronger representations and im-
proved mask quality for dense prediction. Hierarchical vision transformers provide general-
purpose feature extraction [8], while universal segmentation frameworks achieve robust
performance in diverse settings [9]. Promptable foundation models further expand the
feasibility of zero-shot segmentation and interactive re nement, which is attractive for
heterogeneous dental imaging conditions [5]. The proposed framework leverages these
advances, but adds task-based re nement and policy-based quality control to improve

clinical reliability.

Motivation for 3D extension: Beyond two-dimensional panoramic analysis, three-
dimensional CBCT (Cone Beam Computed Tomography) introduces voxel-level ambigu-

ity, inter-slice consistency requirements, and stronger global anatomical constraints. Self-



con guring volumetric segmentation pipelines provide strong baselines for 3D modeling
and serve as effective backbones for knowledge-guided and policy-driven re nement [7].
In addition, structured biomedical knowledge graphs can encode domain constraints and
relationships, allowing improved reasoning, consistency enforcement, and interpretability
in medical Al systems [10, 11].

Unlike prior work that relies on static ensembles or monolithic architectures, this
dissertation formulates inference as a controlled sequential coordination process in which
independently trained models are explicitly reconciled through reinforcement-driven poli-
cies under anatomical constraints. Also unlike prior work that combines collaboration, re-
inforcement learning, or knowledge graphs in isolation, this dissertation uni es all three

within a single inference-time decision loop.

1.2 Objectives

This dissertation develops a uni ed framework for medical image analysis by
progressing from collaborative deep learning to reinforcement-driven multimodal coor-
dination and knowledge-guided three-dimensional understanding. The research rst es-
tablishes collaboration between independent segmentation and identi cation models for
panoramic radiographs, then introduces policy-based re nement, and nally advances to
3D CBCT by combining volumetric modeling with knowledge graph constraints and dy-

namic re nement policies [6, 7, 10].

Key contributions:

» Adecoupled collaborative inference paradigm that coordinates independently trained



segmentation and identi cation models at inference-time.

* A reinforcement-driven inference controller that resolves cross-model con icts

through sequential re nement under anatomical and consistency constraints.

* A vision knowledge graph formulation for structured 3D reasoning that enforces

global anatomical consistency beyond voxel-wise predictions.

» A constrained, evidence-based Large Language Models (LLM) interpretability
component that produces auditable explanations without in uencing clinical deci-

sions.

Research objectives:

» Objective 1 — DeepCollab: Collaborative Deep Learning for Multimodal Rep-
resentation Learning. Develop a collaborative deep learning framework that in-
tegrates independent tooth segmentation and identi cation models to improve ro-
bustness and automated tooth numbering in panoramic radiographs, consistent with

recent advances in panoramic enumeration and treatment detection [3, 4].

* Objective 2 — MedFusion-RL: Collaborative Multimodal Deep Reinforcement
Learning with LLM-Based Interpretability. Extend Objective 1 by introducing
reinforcement learning as an inference-time controller that re nes and reconciles
detection and segmentation outputs under policy-based coordination, while using
large language models only for a constrained, evidence-based interpretability rather

than decision-making [6].



* Objective 3 — VisionKG-3D: Vision Knowledge Graph with Dynamic Deep
Reinforcement Learning for 3D Multimodal Semantic Understanding. Extend
Objective 2 to CBCT by combining nnU-Net-based volumetric segmentation with
knowledge graph reasoning and dynamic reinforcement learning to improve global

anatomical consistency, interpretability, and robustness [7, 10, 11].

1.3 Objective 1: Collaborative Deep Learning for Multimodal Representation

Learning

The Objective 1 establishes a collaborative framework for panoramic dental ra-
diographs that integrates independently trained tooth segmentation and tooth identi ca-
tion models. Rather than relying on monolithic architectures or static ensembles, this
objective studies how task-specialized models can be coordinated at inference-time to ex-
ploit complementary strengths and reduce failure modes that arise when segmentation and
identi cation are performed in isolation.

The framework emphasizes consistency-aware fusion and re nement, aligning
anatomically plausible masks with semantically correct tooth labels and ISO-standard
numbering. By structuring collaboration as an explicit inference process (rather than im-
plicit loss coupling), Objective 1 improves robustness, precision, and generalization in
various clinical scenarios, including missing teeth, restorations, and orthodontic appli-

ances. The methodology and validation are presented in Chapter 3.



1.4 Obijective 2: Collaborative Multimodal Deep Reinforcement Learning with

LLM-Based Interpretability

Objective 2 extends Objective 1 by introducing deep reinforcement learning as
an inference-time coordination and re nement mechanism. Inference is reframed as a
sequential decision process in which the detection and segmentation output is iteratively
evaluated, corrected, and reconciled under policy-based control. The policy explicitly
trades off localization accuracy, semantic correctness, and anatomical consistency, partic-
ularly in heterogeneous and clinically challenging cases.

Objective 2 also incorporates large language models as constraint interpretability
agents that generate evidence-based explanations from re ned predictions and structured
output. Importantly, LLMs do not perform decision-making or prediction and do not
access raw image data; they are used solely to produce auditable post-hoc explanations.
This design explicitly prevents hallucinated rationales from in uencing clinical decisions.

The complete framework and evaluation are presented in Chapter 4.

1.5 Objective 3: Vision Knowledge Graph with Dynamic Deep Reinforcement

Learning for 3D Multimodal Semantic Understanding

Objective 3 generalizes the collaborative and reinforcement-driven paradigm to
three-dimensional CBCT by integrating volumetric segmentation, structured knowledge
representation, and dynamic re nement policies. This objective addresses the limitations
of purely voxel-based 3D models by introducing a vision knowledge graph that encodes

anatomical, spatial, and semantic relationships among dental structures.



Within this framework, nnU-Net-based volumetric segmentation provides instance-
level predictions, while knowledge-graph reasoning and reinforcement learning enforce
global anatomical consistency through iterative hypothesis re nement. By coupling struc-
tured domain knowledge with policy-based decision control, Objective 3 advances robust,
explainable, and clinically meaningful 3D dental image understanding. The methodology

and results are presented in Chapter 5.

1.6 Conclusion

This chapter introduced the clinical motivation and the central limitations of con-
ventional deep learning pipelines for multimodal dental image analysis: isolated model
design, static inference rules, and supervised loss formulations that do not fully encode
multi-objective clinical constraints or heterogeneous imaging conditions. These limita-
tions motivate collaborative, adaptive, and knowledge-based paradigms that enforce con-
sistency and anatomical plausibility during inference.

To address these challenges, this dissertation proposes a uni ed framework that
progresses from collaborative deep learning to reinforcement-driven coordination and
knowledge-guided 3D understanding. The proposed CDRL paradigm enables indepen-
dently trained models to cooperate through policy-based re nement rather than rigid loss
coupling or static ensemble averaging. By framing re nement as sequential decision-
making, the approach supports adaptive trade-offs among segmentation delity, identi -
cation correctness, and structural validity through reward—penalty optimization, thereby

improving decision-level consistency and clinical robustness.



1.7 Dissertation Organization

This dissertation is organized around three core research objectives, each ad-
dressed in a dedicated chapter following the introductory material.

Chapter 1 presents the context of the problem, clinical motivation, research ob-
jectives, and key contributions.

Chapter 2 reviews the foundational concepts and related literature relevant to the
proposed framework, including collaborative learning (CL), deep reinforcement learn-
ing (DRL), Proximal Policy Optimization (PPO), dynamic deep reinforcement learning
(DDRL) and large language models (LLMs). Positions the dissertation within the broader
medical image analysis landscape and summarizes the research gaps addressed by this
work.

Chapter 3 presents DeepCollab and details the independent training of segmen-
tation and identi cation models, the collaborative inference strategy, and ISO-standard
tooth numbering, with extensive empirical evaluation.

Chapter 4 presents MedFusion-RL and formalizes the PPO-based policy re ne-
ment mechanism, along with the constrained interpretability based on LLM, demonstrat-
ing robustness and adaptability in various imaging scenarios.

Chapter 5 presents VisionKG-3D and details knowledge-guided re nement, hypoth-
esis editing actions, and reward formulation for three-dimensional CBCT analysis, demon-
strating improved anatomical consistency and interpretability.

Finally, Chapter 6 concludes by summarizing contributions, discussing limita-

tions, and describing future work.



CHAPTER 2

FOUNDATIONS AND RELATED WORK

2.1 Introduction

Deep learning has reshaped computer vision and medical image analysis, en-
abling automated systems to approach expert-level performance in segmentation, detec-
tion, identi cation, and other clinically relevant tasks. However, the gains reported can
be sensitive to validation design, dataset composition, and computational scaling, partic-
ularly in three-dimensional segmentation, where rigorous benchmarking remains essen-
tial [12]. Recent surveys also highlight persistent barriers to deployment, including ro-
bustness to acquisition variability, domain shift, scarcity of annotations, and uncertainty
calibration [13]. Critically, these limitations are not merely engineering details: they di-
rectly affect reliability under real clinical distributions.

A core limitation of many pipelines is their monolithic and static design: models
are trained for narrowly de ned tasks and then deployed with xed inference rules. In
practice, clinical imaging data are heterogeneous between scanners, protocols, and popu-
lations, and performance can be substantially reduced under distribution shift. This moti-
vates strategies that explicitly address domain shift and generalization [14,15]. Moreover,
volumetric anatomy exhibits strong structural constraints and inter-object dependencies;
voxel-wise predictions alone do not ensure globally coherent or anatomically plausible

outputs [16,17]. As a result, systems that optimize only the local prediction accuracy can

10



still produce clinically invalid structures.

A second limitation is the scarcity of adaptive inference mechanisms. Many
systems rely on single-pass prediction followed by heuristic post-processing, allowing
early errors to propagate without targeted correction. Foundation models for segmen-
tation highlight both potential and risk: promptable generalist models can succeed in
some medical contexts, but may fail unpredictably in modalities, anatomies, and bound-
ary regimes [18, 19]. The convergence of work toward large-scale medical segmentation
illustrates the promise of universal segmentation, but also underscores the need for prin-
cipled control, validation, and safety-aware integration [19]. In short, stronger backbones
do not eliminate the need for inference-time control.

Motivated by these gaps, this dissertation advances a uni ed framework that inte-
grates (i) collaborative inference across heterogeneous models, (ii) reinforcement-driven
adaptive re nement, and (iii) structured knowledge representations to improve robust-
ness, structural consistency, and interpretability. Unlike previous work that studies these
components in isolation, the proposed framework treats collaboration, adaptation, and

reasoning as coupled processes within a single inference loop.

2.2 Deep Learning for 2D and 3D Visual Understanding

Modern medical image segmentation is dominated by encoder—decoder archi-
tectures and their volumetric extensions, with performance driven as much by train-
ing/validation rigor, optimization, and system con guration as by architectural novelty

[12, 13]. Transformer-based and hybrid CNN transformer approaches are increasingly
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being used to capture long-range dependencies; for example, Swin Transformer—based
architectures demonstrate strong performance in 3D MRI segmentation benchmarks and
challenges [20]. However, architectural improvements alone are insuf cient when de-
ployment distributions differ from training.

Robust generalization remains a central obstacle. Multi-site and multi-protocol
shifts frequently induce performance regressions, motivating domain adaptation and gen-
eralization research tailored to medical imaging [14,15]. In addition, clinically usable sys-
tems require uncertainty-aware behavior, including calibrated con dence estimates and
failure detection. Systematic reviews indicate that uncertainty estimation is increasingly
recognized as essential for safe deployment, but is inconsistently evaluated and opera-
tionalized in studies [21]. These observations motivate complementary strategies that
operate at the inference and decision-making levels rather than exclusively at the feature-

learning stage.

2.3 Collaborative Deep Learning

To mitigate robustness limitations of monolithic models under domain shift and
heterogeneous failure modes, the proposed framework employs a set of K diverse vi-
sion models ff,gf_, , each parameterized by and designed to encode complementary

inductive biases. For an input image X, each model produces an intermediate prediction:

Y =1 k(X ) (2.1)
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where¥, may correspond to probabilistic segmentations, detections, or learned represen-
tations.

Rather than static averaging, collaborative inference is de ned through an adaptive
aggregation operator:

9C0||ab =A kaQE:l yW(X) (2.2)

where the fusion weights w(X) depend on predictive disagreement and uncertainty sig-
nals. Intuitively, this design allows each model to remain independently optimized while
enabling uncertainty-aware coordination at inference-time, which is important for relia-
bility in medical imaging work ows [21]. Rather than averaging predictions uniformly,
the aggregation policy emphasizes models that agree and appear con dent for a given in-
put while down-weighting inconsistent or uncertain predictions, enabling complementary
strengths to dominate without architectural coupling.

Consistency between collaborators is encouraged through the following:

X
L cons = le 9] K (2.3)

6=

leading to the collaborative objective:

L collab = L task+  cond- cons (2-4)

This formulation explicitly separates representation learning from inference-time coordi-
nation, avoiding architectural entanglement while enabling systematic con ict resolution

across predictors.
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2.4 Adaptive Inference through Deep Reinforcement Learning

In this dissertation, reinforcement learning is employed as an inference-time coor-
dination and re nement mechanism rather than as a feature-learning paradigm. Inference
is formulated as a sequential decision process in which predictions are iteratively eval-
uated and re ned rather than produced in a single pass. Previous work has shown that
reinforcement learning can support iterative control, targeted correction, and ef ciency-
oriented optimization in medical image analysis settings where static inference rules are
insuf cient [6].

In the re nement step t, the state is de ned as

s, = 9O -uv.co - (2.5)

collab?

capturing the current collaborative prediction, uncertainty estimates, and structured con-

straints. The agent selects actiop®RaA according to a policy

(@ j st); (2.6)

optimized to maximize the expected cumulative reward;

" #
XT
E Yro (2.7)
t=0

where rewards encode improvements in predictive accuracy, structural validity, and re-

nement ef ciency [6]. The learned policy determines when agreement between models
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is suf cient and when intervention—such as reweighting, suppression, or correction—is

necessary to resolve anatomical or semantic inconsistencies.

2.5 Vision Knowledge Graph Representation

To enforce global structural reasoning and improve interpretability, predictions are

merged into a Vision Knowledge Graph (VKG):

G =(V;E;R);

(2.8)

where nodes represent visual entities, and edges encode spatial and semantic relations.

Knowledge-graph-based approaches can encode domain constraints, support relational

reasoning, and improve transparency in medical imaging pipelines [16,17]. A key ad-

vantage is that global validity can be enforced over relationships (e.g., adjacency and

hierarchy) rather than only local pixels/voxels.

Each node stores semantic labels, geometry, and uncertainty:
Vi =(YiiPis i)

Graph message passing propagates relational context via:
0 1

X
hi(l D= @ i Wh j(I)A ;
2N ()

(2.9)

(2.10)

enabling constraint-aware re nement beyond local voxel inference. Intuitively, this sup-
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ports enforcing anatomical plausibility by propagating context through explicit relation-

ships that are not accessible to grid-based representations alone.

2.6 LLM-Assisted Interpretability

Large Language models have been explored for the generation of explanations;
however, peer-reviewed evaluations indicate that high response accuracy can coexist with
awed rationales and clinically unsafe failure modes. More broadly, hallucination re-
mains a central barrier to reliable deployment, motivating constrained and veri able ex-
planation strategies [22].

Within the proposed framework, interpretability is formalized as a constrained
explanation function:

E : Peotar; G;D) ! T; (2.11)

where D denotes evidence from the retrieved domain. The LLM is restricted to an au-
diting and communication role, generating explanations ground&ig, and G. Im-
portantly, the LLM has no access to raw image data and does not in uence prediction or
re nement decisions; its role is strictly post-hoc explanation based on validated model
outputs and structured knowledge. This separation explicitly prevents hallucinated ratio-
nales from affecting clinical decisions.

The overall learning objective integrates task performance, collaboration, graph

reasoning, and adaptive re nement:

I—total =L task T consJ— const grapt’— graph RLE [R]: (2-12)
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2.7 Supervised Learning vs. Deep Reinforcement Learning

Coordinating multiple objectives across heterogeneous components remains a cen-
tral challenge in multimodal medical imaging, particularly under domain shift and non-
stationary deployment conditions [14, 15]. Although supervised learning excels at opti-
mizing task-speci ¢ performance given xed objectives, it provides limited mechanisms
for enforcing global structural constraints, uncertainty-aware decision making, or adap-
tive correction during inference [21].

Therefore, recent work in medical image analysis has explored reinforcement
learning as a complementary mechanism for inference-time control, including region pro-
posal re nement, active correction, and policy-driven post-processing [6, 23, 24]. These
approaches demonstrate that reinforcement learning is particularly effective when predic-
tion quality depends on sequential decisions, global consistency, or constraints that are
dif cult to encode as a single supervised loss.

Motivated by these ndings, this dissertation adopts a hybrid learning strategy in
which supervised learning is used to train strong base predictors, while reinforcement
learning operates at inference-time to arbitrate trade-offs among objectives, allocate re-
nement effort, and enforce structural and uncertainty-aware constraints. This separation
improves controllability and supports the systematic enforcement of global consistency

during deployment.
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2.8 Summary of Research Gaps

Despite signi cant advances in deep learning for visual understanding, several
critical research gaps remain unresolved, particularly in complex multimodal and three-

dimensional medical imaging scenarios.

2.8.1 Gap 1: Limited Collaboration in Vision Systems

Most state-of-the-art pipelines rely on monolithic architectures or independently
trained models optimized for isolated tasks. Although ensembles are sometimes used,
they are often static and lack mechanisms for coordinated interaction, con ict resolution,
and uncertainty-aware collaboration. Consequently, complementary failure modes across
models are not explicitly identi ed or corrected, limiting robustness under heterogeneous

clinical conditions.

2.8.2 Gap 2: Static and Non-Adaptive Inference Pipelines

Inference is commonly treated as a single-pass process with xed aggregation and
post-processing. This prevents feedback and targeted correction, allowing early prediction

errors to propagate and reducing reliability in non-ideal or out-of-distribution cases.

2.8.3 Gap 3: Insuf cient Global Structural Reasoning in 3D Vision

Grid-based pixel/voxel representations struggle to encode global anatomical rela-
tionships and part—whole hierarchies. As a result, locally accurate predictions may still

violate anatomical plausibility and clinically valid structural constraints.
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2.8.4 Gap 4: Fragmented Use of Knowledge Graphs

Knowledge graphs are rarely integrated into the core inference loop to dynami-
cally in uence the behavior of the model. Instead, they are often used post-hoc for valida-
tion or visualization, limiting their ability to provide active feedback and reasoning-driven

re nement during prediction.

2.8.5 Gap 5: Lack of Grounded and Auditable Interpretability

Many interpretability approaches rely on post-hoc explanations detached from
the decision process and not veri ably grounded in model outputs or structured domain

knowledge. This limits trust, auditability, and clinical accountability.

2.8.6 Gap 6: Absence of Uni ed End-to-End Frameworks

Although collaborative learning, reinforcement learning, structured reasoning, and
language-based interpretability have been explored independently, most existing approaches
integrate these components only in isolation or as post-hoc modules rather than within a
single inference-time decision framework. As a result, coordination across models, adap-
tive re nement, and structured reasoning are not jointly optimized, limiting scalability,
consistency, and reliable deployment in complex multimodal and 3D medical imaging

settings.
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2.9 Summary and Research Motivation

The motivation for this research arises from the mismatch between real-world
clinical complexity and the predominantly static and fragmented nature of existing deep
learning solutions. Robust multimodal and three-dimensional understanding requires col-
laborative reasoning, adaptive re nement, and structured knowledge integration.

This dissertation addresses these challenges through a uni ed framework that
combines collaborative deep learning, reinforcement learning—based inference control,
vision knowledge graphs, and constrained LLM-assisted interpretability. Together, these
components establish the foundation for the methodologies developed and evaluated in
the following chapters. These gaps motivate the rst instantiation of the proposed frame-

work, DeepCollab, presented in Chapter 3.
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CHAPTER 3

DEEPCOLLAB: COLLABORATIVE DEEP LEARNING ARCHITECTURE FOR
MULTIMODAL REPRESENTATION LEARNING

3.1 Introduction

Panoramic dental radiographs play a vital role in the detection of impacted teeth,
infections, malignancies, and other dental pathologies by providing a comprehensive two-
dimensional overview of the dentition and surrounding oral structures. However, reliance
on manual interpretation alone can lead to diagnostic inconsistencies due to anatomi-
cal complexity, overlapping structures, imaging artifacts, and inter-observer variability.
These challenges complicate treatment planning and reduce reproducibility in clinical
decision-making. Recent advances in deep learning—based segmentation and object detec-
tion have signi cantly improved the automation and reliability of dental image analysis,
enabling more precise evaluation of mineralized oral structures and supporting clinical
work ows.

Despite these advances, most existing approaches rely on single-task or mono-
lithic models that perform tooth segmentation or tooth identi cation in isolation. Such
models often struggle to generalize across heterogeneous clinical scenarios involving
missing teeth, restorations, orthodontic appliances, and dental implants. Moreover, they
lack mechanisms to reconcile complementary strengths or correct task-speci c failures

across multiple architectures. To address these limitations, this work introduces a collab-
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orative learning framework that integrates independently trained tooth segmentation and
tooth identi cation models for panoramic radiographs.

By jointly aggregating and re ning segmentation and recognition outputs at infere-
nce-time, the proposed framework achieves more accurate tooth detection and standard-
ized ISO/FDI numbering (up to 32 permanent teeth) than individual models. The ap-
proach exceeds existing state-of-the-art methods and exhibits robustness in diverse clini-
cal scenarios, including normal dentition, missing teeth, orthodontic treatments, and the

presence of dental implants.
Key Innovations. Major contributions of the proposed collaborative learning framework

include:

» Development and optimization of two high-performance classi ers for tooth segmen-

tation and tooth identi cation using publicly available panoramic radiograph datasets.

» Design of a collaborative inference framework that coordinates independently trained

segmentation and identi cation models without joint parameter training.

* Introduction of a collaborative re nement strategy that improves prediction accuracy

by resolving inconsistencies between models.

» Demonstration of superior performance compared to previously reported single-model

and ensemble-based approaches.

Accurate tooth segmentation and identi cation on panoramic radiographs remain
challenging due to anatomical variability, overlapping boundaries, inconsistent illumina-

tion, and unbalanced data sets. Conventional manual interpretation is time-consuming
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and subjective, while existing automated approaches based on individual deep learning
models—such as U-Net [25], Mask R-CNN [26], or Faster R-CNN [27] often fail un-
der complex clinical conditions. These models typically specialize in segmentation or
identi cation, but lack collaborative mechanisms to leverage complementary representa-
tions across tasks and architectures. As a result, misclassi cation and reduced precision
frequently occur in multi-task settings. Therefore, there is a critical need for a collabora-
tive deep learning framework that integrates multiple models, re nes predictions through
consistency-aware optimization, and improves diagnostic accuracy, robustness, and au-
tomation in tooth segmentation and identi cation from panoramic radiographs.

We categorize recent progress into three primary paradigms that align with our
evaluation framework: (A) Tooth segmentation and joint segmentation—numbering for
panoramic radiographs, and (B) Tooth identi cation. (C) ensemble and collaborative
modeling. This taxonomy mirrors the grouping used in our collaborative learning frame-
work and supports a clear contextualization of the proposed approach within the existing

literature.

3.2 Related Work

Automated analysis of dental panoramic radiographs has evolved rapidly with ad-
vances in computer vision and deep learning. Early approaches relied on handcrafted
features, geometric heuristics, and rule-based systems to locate and identify teeth. Al-
though these methods provided initial information on dental image analysis, their per-

formance was highly sensitive to variations in tooth morphology, overlapping anatomical
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structures, and imaging artifacts commonly present in panoramic radiographs.

The introduction of deep convolutional neural networks (CNNSs) signi cantly im-
proved robustness by enabling data-driven feature learning for tooth segmentation, detec-
tion, and classi cation. Architectures such as U-Net, Mask R-CNN, Faster R-CNN, and
YOLO have been widely adopted for dental imaging tasks because of their ability to cap-
ture spatial context and hierarchical representations. However, most existing systems are
designed as monolithic or single-task models that perform segmentation or identi cation
independently, often requiring task-speci ¢ tuning and large annotated datasets.

In clinical practice, tooth segmentation and tooth identi cation are inherently in-
terdependent. Accurate numbering relies on precise localization and boundary delin-
eation, while segmentation quality can be improved through contextual cues provided
by tooth identity and anatomical ordering. Despite this interdependence, few approaches
explicitly coordinate these tasks or exploit cross-task feedback during inference. As a
result, failures in one task often propagate to downstream predictions, leading to reduced
accuracy in complex clinical cases involving missing teeth, restorations, orthodontic ap-
pliances, or implants.

These limitations have motivated an increasing interest in ensemble and collabo-
rative learning strategies, where multiple models are combined to improve robustness and
generalization. However, most ensemble methods rely on static fusion rules or simple
averaging and lack mechanisms for consistency-aware re nement or task-level coordina-
tion. The following section reviews the existing literature within this context and situates

the proposed collaborative learning framework in relation to prior work on ensemble mod-
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eling, tooth segmentation, and tooth identi cation.

3.2.1 Ensemble and Collaborative Model

It is critical to consider how to design ensemble models in order to maximize
performance by combining multiple models [36]. Sagi et al. [37] demonstrated how en-
semble models could be used to enhance the predictive performance of a single model by
training and integrating multiple models. Kendall et al. demonstrated that collaborative
networks outperform task-trained networks [38].

Hasan et al. [39] proposed using a multifunction fusion model in conjunction with
an ensemble classi er to determine the optimal dental impression tray from the images
of the maxillary arch. In the face of a restricted dataset, a unique multi-feature fusion
model combined with an ensemble classi er would improve image labeling. Finally, the
goal was to automate the dental process to assist the clinical judgment of the dentist and
provide a second level of analysis con rmation.

Lee et al. [40] used a variety of transfer learning approaches in conjunction with
deep convolutional neural networks (CNNSs) to monitor osteoporosis in dental panoramic
radiographs (DPRs). Several transfer learning strategies affect deep CNN models, in-
cluding the basic CNN3 and Visual Geometry Group 16 (VGG-16). VGG-16 was more
optimal, as transfer learning and ne-tuning improved the overall effectiveness of deep
CNN in detecting osteoporosis in DPRs.

Yaduvanshi et al. [41] explored the use of automated segmentation techniques,

more speci cally ensemble-based segmentation methodologies, to diagnose oral cancer
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Table 1: Representative Deep Learning Approaches for Tooth Segmentation and Identi -

cation on Panoramic Radiographs

Deep Learning Methods for Dental Panoramic Radiographs

Work Method Task Key Limitation
Our Work Collaborative inference Joint tooth segmenta- Limited handling of severe
using Mask R-CNN| tion and identi cation | overlap and implants; eval-
and Faster R-CNN uated on 2D panoramic im-
ages only.
Zhao et| Two-stage attentiont Tooth segmentation Imprecise separation of ad-
al. [28] based segmentationand identi cation jacent tooth regions.
(TSASNet)
Koch et| U-Net—-based FCN Tooth segmentation No support for joint segmen-
al. [29] with ensembling and with weak annota4 tation—identi cation model-
symmetry constraints | tions ing.
Jader et Mask R-CNN with| Detection of teeth and No full-mouth segmentation
al. [30] ResNet-101 backbone| prostheses or structured clinical output.
Oktay et| RCNN-based region Tooth  recognition, Fails on missing or im-
al. [31] masking segmentation, and planted teeth; task-specic
numbering pipelines.
Pinheiro  et| Mask R-CNN for| Tooth numbering and Poor robustness to overlap-
al. [32] panoramic X-rays segmentation ping and deciduous teeth.
Leeetal [33]| Mask R-CNN for| Automated tooth segt Limited evaluation on ab-

panoramic radiographs

5 mentation and identi
cation

normal dentition.

Wirtz et | Coupled shape model Segmentation and la- Reduced robustness for third
al. [34] with deep features beling of 28 teeth molars.
Silva et| Mask R-CNN, HTC,| Segmentation and Sensitivity to noise and lim-
al. [35] PANet, ResNeSt numbering in com- ited training data.

plex cases
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in its early stages and thus increase the survival rate through computer-aided diagnosis
(CAD). Although there are numerous ensemble models for segmentation problems, no
combination is suf ciently dynamic to handle every dataset.

Similarly, the requirement for a larger dataset and the usage of Ef cientNet-based
designs are designed to facilitate future work to address the limitations of PaXNet [42].
Additionally, incorrect categorization occurs due to the absence of original data, which
requires additional training images for deep learning algorithms to function correctly.
Therefore, the importance of having more quali ed, labeled and validated datasets, as
well as an adequate amount of datasets, to achieve results by combining deep learning

methodologies has been emphasized [40].

3.2.2 Tooth Segmentation and ldenti cation

Due to the ef cacy of deep learning, numerous tooth segmentation techniques
have demonstrated promising results. Some works on tooth segmentation or tooth identi-
cation tasks are based on U-Net [43]. Krois et al. [44] investigated the generalizability of
expert systems for segmenting and identifying apical lesions on panoramic radiographs.
Training and testing of U-Net-based CNNs with a root-canal lling data set reveals that
dental practice experience in the training dataset is more essential than image features
for improved results. Additionally, when panoramic radiographs are segmented, the un-
clear behavior of deep learning architectures in terms of generalizability. It is critical to
evaluate models using neutral datasets to avoid unduly optimistic outcomes due to data

memory. According to [34,45], small training datasets worsen the model's impracticality
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due to lower data variances. Their work is based on U-Net, whereas our collaborative
model is robust enough to use a variety of individual models for tooth segmentation and
tooth identi cation. The collaboration may be broadened to encompass a range of distinct
individual models and datasets.

Mask R-CNN based works [28-30, 32, 46] are the most pertinent for segment-
ing teeth and accurately identifying and numbering teeth. Zhao et al. [28] created a
two-staged attention segmentation network (TSASNet) to localize and classify teeth in
radiographs. The rst stage uses the attention model to determine the tooth's approximate
location. Following that, the precise tooth borders are recognized using a fully convolu-
tional network with an accuracy of 96.94%. It demonstrates the superiority of the fully
convolutional network over previous models. Koch et al. [29] proposed an accurate tooth
segmentation model for panoramic radiographs that combines fully convolutional net-
works (FCNs) [47]. Several strategies, such as network grouping, symmetrical data man-
agement, test-time extension, and bootstrapping of low-quality annotations, were used
to improve segmentation performance. Jader et al. [30] investigated the use of Mask R-
CNN (regional convolutional neural network) for segmenting individual teeth in the most
dif cult panoramic radiographs. Oktay et al. [46] proposed concurrently detecting, seg-
menting, and counting teeth in panoramic X-ray images employing Mask regions with
convolutional neural network features (RCNN) and multi-class labeling each tooth type
with a unique class name. Pinheiro et al. [32] built an end-to-end deep learning architec-
ture for deciduous teeth segmentation and numbering using Mask R-CNN and PointRend.

Lee et al. [33] proposed developing a deep learning solution for automated teeth
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segmentation on dental panoramic images using a Mask R-CNN algorithm with a custom
annotated datasets. This approach applies to both interpretable diagnostic systems and
forensic classi cation, which need comparable segmentation tasks. Wirtz et al. [34] pro-
vided a coupled shaped model for robust and accurate tooth segmentation in low-quality
panoramic radiographs, so assisting dentists in their diagnostic work. The model em-
ploys a deep neural network to obtain the binary mask of the teeth to statistically identify
form and space changes and therefore improve segmentation quality. Silva et al. [35]
tested four neural networks on testing datasets, including Mask R-CNN, HTC (hybrid
task cascade), PANet (path aggregation network) and ResNet (residual neural network),
to perform tooth numbering and segmentation on dif cult dental radiographs. The re-
sults indicate that while all frameworks are possible in certain situations for estimating
the size, number, and placement of teeth, the accuracy of the PANet in the particular case
was superior to that of the other frameworks in the competition. Furthermore, the models
above performed well when the teeth were in good condition but failed when the teeth
were damaged or incorrectly labeled.

However, these studies have not explored collaborative models or learning via
multi-task re nement. Our approach to these problems, on the other hand, is fundamen-
tally different, as our work is focused on collaborative modeling aided by autonomous
models for multi-task scenarios. For example, rather than combining both tasks into a
single model, we demonstrate the collaboration of two distinct models for tooth segmen-
tation and tooth identi cation. Due to the adaptability of the proposed work, other tasks

such as recognizing dental restorations or clinical situations can be easily added, and their
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outcomes can be summarized. We discuss the bene ts and shortcomings of these studies
in Table 1 and explain in detail on how we surpassed them on both tasks using individ-
ual and collaborative models trained on the UFBA's panoramic radiography dataset [48].
However, we omitted some recent tooth segmentation work, such as Wu et al. [49], Lian et
al. [50], Wu et al. [51], Tian et al. [52], Tian et al. [53], from our comparative evaluation.
This is because their proposed work did not report their performance measures such as
accuracy, F-1, and mAP. Lei et al. [54] was not included since it was proposed for images

of the retinal fundus.

3.2.3 Tooth Identi cation

Tooth identi cation in dental panoramic radiographs has evolved signi cantly
with the advent of deep learning and computer vision. Early techniques relied on hand-
crafted feature extraction and shape-based heuristics, which often failed to generalize due
to variations in tooth morphology, rotation, and overlapping structures. These limitations
motivated the transition toward deep convolutional architectures for robust detection and
identi cation. We discuss the bene ts and shortcomings of these studies in Table 2.

Lai et al. [55] proposed a Connected Learning Attention Network to accurately
match panoramic radiographs, recognizing the practical value of human recognition based
on tooth identi cation in forensic odontology. The design collects interdependent infor-
mation from the coordinating features retrieved from the channel attention module and
the learnable connected module to forecast the precise results. Sathya and Neelaveni [56]

recommended a novel three-step transfer learning method to automatically detect human-
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Table 2. Deep Learning-based Tooth Identi cation Cutting Edge Research

Work Approach Objective Limitation

Our Work Collaborative Learn+ Identi cation of 32| Requires robust re nement under
ing using Faster Rt distinct teeth on extreme occlusion and implant ar-
CNN [27] and Mask| panoramic  radio+ tifacts.
R-CNN [26] graphs

Lai et al. [55] Channel attention Classi cation Limited generalization to missing
mechanism teeth cases.

Sathya et al. [56]| Transfer  learning Tooth numbering Restricted to coarse tooth cate-
(AlexNet) gories.

Thanathornwong| Faster R-CNN Compromised tooth No expert validation.

etal. [57] detection

Chung et al. [58] | Point regression Tooth localization | Data scarcity.

Li etal. [59] CNN-based classi -| CBCT tooth categot Limited class granularity.

cation

rization

based features on panoramic radiographs. The rst stage involves determining the tooth's

position and classifying it into one of the four previously outlined categories. Finally, the

teeth are compared to the source images to positively identify persons in forensics once

they have been assigned numbers. The suggested framework beats CNN, D-CNN, Seven-

layer CNN, and ResNet-50 under the speci ed circumstances, with a 95% accuracy rate.

Thanathornwong and Suebnukarn [57] introduced the Faster R-CNN model [27] to detect

compromised teeth on panoramic radiograph to reduce the' diagnostic work of dentists.

The Faster R-CNN was successfully trained on a minimal amount of labeled imaging data

to detect unhealthy teeth.

Chung et al. [58] developed a loss-based method of spatial distance regularization

for the location of teeth based on point regression. The proposed network recognized each

tooth autonomously using center point regression for all anatomical teeth (i.e., 32 points

in the permanent dentition). The L2 regularization loss for Laplacian spatial distances
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improved the accuracy of center point detection. The nal detection was performed using
a multitasking, class-agnostic identi cation neural network with parallel training of center
offsets. The proposed approach accurately identi es both missing and existing teeth. In
terms of restrictions, the scarcity of training data is the primary problem [59]. Sathya
et al. [56] examined dataset expansion, the use of contemporary CNNs, and advanced
augmentation approaches.

Krois et al. [44] proposed using a seven-layer deep CNN with global average and
max pooling to categorize teeth into four categories: molar, premolar, canine, and incisor.
Experiments demonstrated that this method outperforms three contemporary teeth clas-
si cation methods, with an average accuracy of 87%. There are many MapReduce-like
approach for estimating the depth of periodontal pockets that includes mapping, CNN,
and reduced phases. The mapping process identi es tooth numbers and photographs of
pocket regions. CNN estimates the depth of the pocket based on the premises of the
pocket, and the lowering component totals the projected depths for all identical pockets.
The experimental results indicate that the suggested approach can detect acute periodontal
disease autonomously.

In comparison to some previous research, which identi ed just four unique tooth
types (molars, canines, premolars, and incisors), our collaborative model enables the ac-
curate recognition and identi cation of 32 individual teeth through model improvement.
The tooth identi cation models have been improved by the aggregation of tooth identi-
cation and tooth segmentation, followed by the improvement of collaborative learning

with better accuracy. The qualitative and quantitative comparative evaluations for tooth
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identi cation have been presented in Table 2.

3.3 Background and Motivation

This section presents the foundational techniques that underpin the proposed col-
laborative learning framework. The design of the collaborative model)(Milds upon
established components in object detection and instance-level segmentation, which are
integrated and coordinated to enable cross-task re nement. Speci cally, three core el-
ements form the basis of the framework. First, Non-Maximum Suppression (NMS) is
employed as a re nement mechanism to resolve overlapping predictions during collab-
orative inference. Second, tooth identi cation is formulated as an object detection task
using Faster R-CNN with a Region Proposal Network (RPN) [27] and YOLO-v5 [60].
Third, tooth segmentation is addressed using an instance segmentation strategy based on
Mask R-CNN [26]. Together, these components provide complementary spatial and se-

mantic representations that enable effective collaborative learning.

3.3.1 Bounding Box Regression

Bounding box regression [61] is used to re ne object localization by predict-
ing offsets relative to prede ned anchor boxes. Each bounding box is parameterized
by four values: the center coordinates (x;y) and the width and height (w; h). Given
a predicted bounding box p = (tty;ty;ts) and its corresponding ground truth box
g = (ty;ty;t,;t,), scale-invariant transformations are applied to normalize positional

and dimensional differences, as shown in Eq. 3.1.
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ty = oty =

X W, y ha

tw =log wﬂ ; th =log hﬂ
2 2 (3.1)

t = X X a t = Y Ya

X Wa ’ y ha

t, =log v ; 1, =log h

Wj ha

Intuitively, this formulation allows the network to learn relative spatial adjust-
ments rather than absolute coordinates, improving robustness to scale variation and anatom-
ical differences between patients.

Let d (p) denote the predicted correction function for each parameter of the bound-
ing box i 2 fx; y; w; hg. The regression objective minimizes a sum-of-squared-error loss
with *, regularization, as de ned in Eq. 3.2.

X
L= (ti di(p)®+ kwk 2 (3.2)

i2fx;y;w;hg
During training, only bounding boxes that suf ciently overlap with a ground truth

box are considered. The overlap is quanti ed using the Intersection-over-Union (loU)
metric:
Xa \ X

ou= o (3.3)

Bounding boxes with an loU greater than a threshold = 0:7 are retained, ensur-

ing that regression learning focuses on meaningful spatial correspondences.
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3.3.2 Non-Maximum Suppression

To resolve multiple overlapping detections corresponding to the same anatomical

structure, Non-Maximum Suppression (NMS) is applied. NMS iteratively selects the

bounding box with the highest con dence score and removes all other boxes whose loU

with the selected box exceeds the threshold .

Intuitively, NMS enforces spatial exclusivity so that each tooth is represented by

a single, most con dent prediction—an essential requirement for anatomically consistent

tooth numbering.

Algorithm 1: Non-Maximum Suppression (NMS)

© 0o N o g b~ W N P

=
0w N oo oA W N R O

Input: Model outputs Q., loU threshold
Output: Filtered bounding boxes B
begin
| NMS(Q; )
end
B BoundingBox(O )
C Condence(O ()
Br ;
forh 2B do
discard False
forh 2 B do
if loU(bi; ) > andscore(b) > score(h) then
| discard True
end
end
if not discard then
| Br B ¢ [b;
end
end
return B¢

We carried out object identi cation modeling with YOLO-v5 [60] and Faster R-

CNN [62], which are composed of convolutional layers for training extract Iters and
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classi cation layers to predict classes and bounding boxes. YOLO-v5 predicts the relative
offset of the predicted bounding box's center point from the linked cell's top left corner,
whereas Faster R-CNN is based on RPN indicating the offset of the prediction box and
anchor. The following sections detail the steps involved in detecting objects using YOLO-
v5. It will begin by taking an image as input, reshaping it, and then extracting its features
via a CNN architecture. The data is then transferred to two entirely connected layers
that reshape and transform it into a predetermined grid. Once the entire image has been
transformed into a grid, the data for object detection is provided. Next, it will attempt to
determine whether an object is present or not in each grid. After establishing these values,
the bounding box is determined using NMS (non-maximal separation) (Algorithm 1).

RPN is a fully convolutional network that anticipates object borders using object
scores at each detection. Based on the RPN model based on non-maximum suppression
(Algorithm 1) was designed. The positive label will be assigned to one of two types of
anchors (Eq. 3.3): (i) the anchor/anchors with the greatest Intersection-over-Union (loU)
overlap with a ground-truth box, or (ii) any anchor with an loU overlap more signi cant
than = 0:7 with any ground-truth box.

The object detection loss is calculated as the product of the log and bounding-box
losses. The projected probability porresponds to an anchor (an object's index i) in
a nxn mini-batch. p ={1,0} indicates whether the anchor is positive or negative. The
vector representing the anticipated bounding hos ttompared to the related ground-
truth box to establish whether the anchor is positive. The wprdp, indicates that the

regression loss is active only when the anchors are positive (p) and is deactivated
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otherwise (p = 0).

Lo =L(fp igftig)
1 X X (3.4)

1
= N_c Le(pisp) + N_b P Lo(tis t)

For the regression loss, the loss functign 8e ned in [62] is used, i.e., k(ti;t;) =
S.,(t t;)asdenedinEqg.3.5.
8
2 0:5%; if jxj < 1;
S, (X) = (3.5)
“jxj 0:5; otherwise
Thus, the object detection model;fpand ft;g make predictions based on the

classi cation ¢ and region detection b layers' compositions, respectively.

3.3.3 Image Segmentation Modeling

We employed image semantic segmentation and instance segmentation approaches
to segment teeth. U-Net [43] is a well-known model for segmenting biological images se-
mantically. 1t has shown exceptional performance on several natural and medical image
segmentation tasks. The U-Net generates a lower-dimensional representation of the im-
ages using a CNN network, which is then upsampled to create the nal segmentation
map. The weight map is a segmentation of the ground truth that has been prede ned. The
ground truth segmentation is subjected to morphological image processing to establish
the ne borders that separate cells. A weight map is generated, with a signi cant weight

assigned to these brief cell division borders. By incorporating this weight map into the
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calculation of cross-entropy loss, the U-Net is severely penalized for failing to establish
these speci c cell borders or for doing so in an inef cient manner. The loss function
of the U-Net is de ned to compare the predicted mask to the ground truth mask, hence
optimizing the model's parameters for the upcoming training sample.

For the instance segmentation, Mask R-CNN [26] was created to forecast the class
label used to pick the output mask. For each Rol, the mask branch produces-a Km
dimensional output encoding K binary masks of resolution m m, one for each of the K
classes. Assume that lis the classi cation loss, L.is the loss of the bounding-box, and
L is the Rol associated with the kth mask's ground-truth class. In each sampled Rol, the

multi-task loss was estimated as de ned in Eqg. 3.6.

Li =L ¢(p;u)+L p(t";v)+L 1

X
= logp ¢ + | smooth (ti' Vv i) (3.6)
i2(x;y;w;h)
1 X k
mZ Vi |099ilf +(1 y jlog(l ¢ )l

lijm
L . is a multinomial cross-entropy loss that can be calculated using softmax on a
per-pixel basis. L is calculated using loU (Eq. 3.3), whereas smaqqtlis the smooth
loss L; (Eg. 3.5). Ly, is de ned as the average binary cross-entropy loss calculated using
a sigmoid on a per-pixel basis. Thus, the network can construct masks for each class
without regard for a class competition.
Transition to Methodology. The techniques described in this section establish the foun-

dational components required for collaborative reasoning in dental panoramic radiograph
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analysis. While bounding box regression, non-maximum suppression, object detection,
and segmentation are effective independently, their isolated use limits robustness in com-
plex clinical scenarios. The central premise of this dissertation is that structured coordina-
tion of these components can mitigate error propagation, enforce anatomical consistency,
and improve overall performance. Building on this background, the following section

presents the proposed methodology, which formalizes collaborative inference, aggrega-

tion, and re nement into a uni ed learning framework.

3.4 Methodology

We propose combining multiple deep learning models to improve the accuracy of
tooth segmentation and identi cation on panoramic radiographs. Mask R-CNN is used,
for example, for segmentation in individual teeth, while Faster R-CNN performs detection
and classi cation. The outputs of both models are merged through a collaborative learning
framework, where overlapping predictions are re ned using non-maximum suppression
and aligned to ISO/FDI numbering for standardized labeling. This integration enables the
system to take advantage of the strengths of each model, improving precision, boundary
accuracy, and overall diagnostic reliability across diverse dental datasets. Our approach

comprises the following steps:

* Model Integration: Two independent deep learning models — Mask R-CNN for
instance-level tooth segmentation and Faster R-CNN for tooth identi cation — are

trained separately on annotated panoramic radiographs.

» Collaborative Framework: the output of both models is merged through a collabo-
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rative inference process, aligning the segmentation masks with the detection boxes

to improve the labeling and precision of the boundaries.

» Post-Processing and Mapping: A non-maximum suppression (NMS) and mapping
mechanism re nes overlaps, removes redundant detections, and assigns FDI/ISO

tooth numbering.

» Performance Evaluation: The integrated framework is evaluated on multiple panoramic
datasets to measure accuracy, precision, and consistency compared to individual

model baselines.

3.4.1 Design of the Collaborative Learning Model

We proposed a collaborative learning approach to supplement the existing ob-
ject recognition and instance segmentation algorithms Figure 1. Note how segmentation
and identi cation models are trained independently and only interact during inference,
preserving task-speci c learning while enabling coordination. The re nement stage ex-
plicitly resolves con icts between localization and labeling, which cannot be addressed
by static averaging or single-pass inference. Collaborative learning can be de ned as in-
tegrating two deep learning models to obtain better results. First, the segmentation and
identi cation models are trained and developed individually. The optimizer is Stochastic
Gradient Descent (SGD) with momentum that attempts to accelerate gradient vectors in
the right direction, resulting in a more rapid convergence. The con guration of the deep
neural network models used for tooth segmentation and identi cation training is shown

in Table 3. Then, the outputs of the two models are combined to create a panoramic ra-
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diograph image that incorporates detection from both models. When ndings are related,

re nement is utilized to further re ne them.

Figure 1: Collaborative inference to jointly perform instance-level segmentation and iden-
ti cation. Predictions are fused via collaborative aggregation and re ned for consistent
and accurate instance representations.

3.4.2 Step 1: Modeling and Inferencing

We developed two distinct models for tooth segmentation and tooth identi cation.
Also, we performed inference utilizing these models, which are forwarded to the conse-
guence phase for aggregation of the inferencing results.
Model 1: Tooth Segmentation Modeling. To segment teeth, we used two segmentation
models, Mg;: Mask R-CNN [26] and Ms,: U-Net [43] with the panoramic radiograph
dataset. While both M; and M; are CNN-based techniques to recognize and segment
teeth, Mask R-CNN (M) is instance segmentation that recognizes 32 individual teeth

using dental masks, and U-Net () is semantic segmentation that does not distinguish
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Figure 2: ISO Numbering And Dental Panoramic Radiographs with Masks and Annota-
tions.

between distinct individual teeth. As demonstrated in a panoramic radiograph in Fig-
ure 2(b), the normal number of teeth is 32 in the permanent dentition, and the mask of
teeth shown in Figure 2(c) is annotated for the 32 teeth segmentation. Mask R-CNN
uses ResNet-101 as the backbone for feature extraction. After extracting features us-
ing ResNet-101, FPN (Feature pyramid Network) with anchors is created with identi ed
ROIs (Region of interests). After the ROIs are aligned, classi cation and localization are
applied by regressing the bounding boxes. Finally, each object is detected and segmented
by the complete convolution network indicated using bounding boxes. The U-Net model
creates a binary mask comprised of 1s and Os from an input image, a grayscale radio-
graphic image of teeth (including borders between teeth). Until the instance segmentation
(Mask R-CNN), all teeth are labeled as "tooth" without distinction of individual teeth.
The tooth segmentation model was created using the panoramic radiograph dataset [59]
and Facebook Research's Detectron2 Library [63] for python 3.7.

Model 2: Tooth Identi cation Modeling. Our modeling of tooth identi cation is based

on two models, M; and M, using the most recent object detection algorithms, the
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Table 3: Con guration for Individual Models

Segmentation ldenti cation
Parameter/Task M 4 M i1
Network Mask R- | Faster R-

CNN CNN
Pretrained ResNet-101
Model
Stepsize 50000
Learning Rate 0.001
Batch Size 2
Max Itera- 300
tions
Threshold 0.7
loU
ROI 64
Heads/image
Optimizer SGD with Momentum

Faster R-CNN framework [27] and YOLO-v5 [60]. These models aim to construct a tooth
identi cation model capable of sorting teeth into four categories (molar, premolar, canine,
incisor). The M;j; model based on the Faster R-CNN framework [27] is also one of the
most acceptable frameworks for object detection due to its region classi cation and RPN
architecture based on anchor boxes and non-maximum suppression (Algorithm 1). The
M ;> model based on YOLO-v5 [60] recognizes objects in real-time with high precision
by incorporating anchors into the detection process and employing a pre-trained version
generated from the COCO dataset. First, the image is divided into cell boxes since Anchor
boxes are essential for a high detection rate. Second, if the bounding box's center is in a
cell, the bounding box is predicted by each cell box.

For the Mj; modeling, the bulk of human tooth structures resemble one another;
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the model detected multiple overlapping bounding boxes for each object during initial-
ization. When the precision is 0.7, an optimal non-maximum suppression algorithm is
used to resolve the overlapping, eliminating any bounding boxes with a value less than
0.7. The balance of the data is retained and used to make nal forecasts. The tech-
nique for achieving optimal non-maximum suppression in thg Model is illustrated in
Algorithm 1. The Mj, model (YOLO-v5 network [60]) is composed of a single-stage,
whereas the M; model (Faster R-CNN network) is composed of two stages, & an
FPN-based network, whereas;Mis based on SPP (Spatial pyramid pooling) and PANet
for multi-channel feature fusion with mosaic training and self adversary training.

Due to a scarcity of available radiographs for training, the architecture is utilized
to practice multi-class detection (molar, premolar, canine, incisor). First, 100 radiographs
were annotated, and the augmentation technique was used to produce additional images
during the pre-processing portion of the identi cation model. Next, the tooth identi ca-
tion model was used in conjunction with the collaborative approach is depicted in Fig-
ure 1. When compared to the M (Faster R-CNN) model, the M (YOLO-v5) model
performed well for the four different tooth kinds (molar, premolar, canine, incisor). The

detailed results are reported in Section 3.5.5.

3.4.3 Step 2: Inferencing Aggregation

The second stage of the collaborative framework, referred to as Inferencing Ag-
gregation, integrates the outputs from multiple trained models to consolidate detection

results and summarize their joint performance. This step functions as an ensemble mech-
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anism without any direct re nement, focusing purely on aggregating the inferencing out-
puts from two independently trained models: the tooth segmentation modglgivi the
tooth identi cation model (M;).

Let As and A denote the accuracies of the segmentation and identi cation models,

respectively. The ensemble accuragyi®\computed as a weighted average:

Ae = WsAs +WiAi

where the initial weights are set equallys(ww; = 0:5), and the nal weights are
updated based on each model's contribution after evaluation on the validation dataset. The
aggregated inference results are stored in the MS COCO format to maintain a standardized
structure for subsequent re nement and evaluation. The weighted aggregation of both
segmentation and identi cation outputs is shown in Table 4.

Table 4: Weighted Aggregation of Segmentation and Identi cation Outputs

Model Accuracy (%) Weight (w) Contribution (%)
Tooth Segmentation (M) 96.2 0.5 48.1
Tooth Identi cation (M) 97.1 0.5 48.6
Ensemble Output (M ¢) 98.4 - 96.7 (effective)

This inferencing aggregation ensures balanced representation of both structural
(mask-level) and semantic (class-level) information, effectively reducing uncertainty and

improving the robustness of panoramic dental analysis before collaborative re nement.
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3.4.4 Step 3: Inferencing Re nement

The third stage of the proposed collaborative framework is Inferencing Re ne-
ment, which enhances the outputs from the ensemble phase by re ning predictions from
both segmentation and identi cation models through a mapping-based collaborative pro-
cess. This phase, also referred to as Collaborative Inference (ClI), integrates outputs from
independent classi ers—Mask R-CNN for segmentation and Faster R-CNN (or YOLO-
v5) for identi cation—to correct mutual inconsistencies and improve model robustness.

Two distinct classi ers, Ms (segmentation) and M (identi cation), are re ned
through iterative mapping. The mapping functiop s improves the alignment of seg-
mentation masks and bounding boxes by applying mutual feedback between the two mod-
els. For instance, when identi cation con dence is low or teeth are missing, segmentation
feedback corrects misclassi cations. Conversely, identi cation outputs enhance segmen-
tation boundaries by centering each tooth and removing extraneous detections extending
beyond anatomical limits.

Mathematically, the re nement process can be expressed as:

Oret = F map(Os; Oi)

where Q and Q denote the segmentation and identi cation outputs, respectively, and
O\ Is the re ned collaborative output. This process may operate sequentially or concur-
rently, depending on the inferencing pipeline.

The inferencing re nement signi cantly enhances both mean average precision
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(mAP) and F1-scores across multiple test cases by leveraging bidirectional feedback. This
re nement ensures that the nal collaborative model:.Ndroduces anatomically consis-
tent, high-precision segmentation and accurate tooth identi cation across diverse clinical

scenarios, including missing teeth and dental implants.

3.4.5 Collaborative Learning Algorithm

The Collaborative Learning Algorithm forms the nal phase of the proposed frame-
work, which harmonizes the outputs of individual models — Mask R-CNN for segmen-
tation (M g) and Faster R-CNN/YOLO-v5 for identi cation (M) — into a uni ed model
M .. This algorithm iteratively re nes and fuses predictions using multi-task consistency
mapping and weighted feedback. The key objective is to enhance precision and robustness
across different clinical cases by leveraging complementary strengths of each model.

The algorithm operates in three main phases: (1) independent inference of seg-
mentation and identi cation; (2) inferencing aggregation using weighted averaging; and
(3) collaborative re nement guided by mapping functiog,Js for cross-model correc-
tion. This yields the nal collaborative output Qwith improved mean average precision
(mAP) and F1-score.

The proposed collaborative learning strategy demonstrates a substantial improve-
ment in segmentation and identi cation performance. It achieves synergistic enhancement
through bidirectional feedback, resulting in anatomically consistent tooth numbering, ac-

curate mask delineation, and superior model generalization across panoramic radiographs.
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Algorithm 2: Collaborative Learning Model
Input : Training set Dy, Validation set [, Test set R
Output: Collaborative summary ©
I/l Preprocess each task's data
1 Preprocess(S, DD,);
2 Preprocess(l, B, D,);
/I Train individual models

3 Mg Train(S;D ;D,); /I Segmentation
4 M Train(l;D ,;D,); /I 1dentification
5 repeat

/I Run inference

6 Os Predict(S;M g;Dy);

7 O; Predict(l;M  ;;Dy);

/I Ensemble and base loss
8 O. O s[O;

9 Le L s(Ms)+Li(M )

/Il Refine collaboratively

10 O. Renement(O ;0));

/l Add collaboration regularizer
11 L L ¢+L,(M M),

12 until no morere nementis possible;

13 return O¢[fL Q;

3.5 Experimental Results for Tooth Segmentation and Identi cation

This section presents the experimental setup, dataset, evaluation metrics and per-
formance analysis of the proposed collaborative deep learning framewgrfoiMooth
segmentation and identi cation in panoramic radiographs. All experiments were per-
formed using the UFBA-UESC public dataset, which consists of panoramic X-ray im-
ages of varying resolutions and dental conditions, including cases with missing teeth,
restorations, and orthodontic appliances. The results demonstrate that the collaborative

integration of segmentation and identi cation networks leads to signi cant improvements
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Algorithm 3: Re nement

Input : O ¢ (segmentation outputs),;@denti cation outputs)
Output: O (re ned outputs)
/I () Non-maximum suppression on identification boxes
1 Oc NMS(O ));
/I (i) Remove boxes with no target by seg-id
agreement
2 O, Filter(O s[O);
/[ (i) ISO numbering via box midpoints
3 foreachB 2 O . do
4 Let Xmin (B); X max (B); Y min (B); Y max (B) be bOUﬂdS;

Xmin (B)*X max (B) . Ymin (B)+Y max (B)
M b 2 ’ 2 ’

6 Update B ISO(M y);
/I (iv) Eliminate out-of-bounds segmentations
foreachb 2 O, do

Bb Xmin (b), Xmax (b)1 Ymin (b), Ymax (b) ;

O. BoundFilter(B b);

10 return Og;

5

~

© o

Table 5: Collaborative Learning Performance Improvement Summary

Model Accuracy (%) mAP (%) F1-score (%)
Segmentation Model (M) 96.00 95.00 98.00
Identi cation Model (M ;) 98.00 96.00 98.50
Collaborative Model (M) 98.77 97.30 98.83

in accuracy and robustness over single-model baselines. The results of the collaborative

approach against the indvidual models are shown in Table 5.

3.5.1 Dataset and Experimental Setup

The UFBA dataset includes 1,500 panoramic images divided into categories C1-C10

(Table 6). Each category represents a different dental condition, ensuring the generaliz-

ability of the model in normal and pathological cases. Images were resized to 1024 512
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pixels and normalized before training. Data augmentation (horizontal ip, brightness,
contrast, hue, and rotation) was performed to improve the robustness of the model. The
segmentation and identi cation models were implemented using the Detectron2 frame-
work with pre-trained ResNet-101 backbones. The collaborative modeadfjregates
predictions from the Mask R-CNN (\) and Faster R-CNN / YOLO-v5 (M) models.

Table 6: Dataset distribution and con guration for model training and testing.

Model Training Images \Validation Images Testing Images Epochs
Segmentation (M) 193 83 1224 300
Identi cation (M ;) 100 (650 Aug.) 45 (105 Aug.) 100 300
Collaborative (M) - - 150 -

Each image was manually annotated for primary teeth, permanent teeth, and dental
llings (amalgam, composite, and glass-ionomer types). Table 7 summarizes the dataset

composition.

Table 7: Datasets used for tooth Segmentation and Identi cation [1].

Dataset Train Val. Test With Fillings Epochs Time (min)
UFBA-UESC 368 246 65 117 300 45

Generalization across clinical environments is encouraged through the use of multi-
model collaborative learning, modality-independent feature extraction, and reinforcement-
based inference re nement. By combining outputs from heterogeneous model architec-
tures and enforcing consistency constraints during inference, the framework reduces re-
liance on dataset-speci c biases. However, external validation across multi-institutional

datasets remains an important direction for future work
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3.5.2 Evaluation Metrics

To quantitatively assess model performance, ve standard metrics were used: Ac-

curacy, Precision, Recall, F1-score, and mean Average Precision (mAP). They are de ned

as:
..o TP TP
Precision TP TEP" Recall = TP+EN" (3.7)
Precision Recall TP +TN
Fi=2 < ;A = . (38
' Precision + Recall ceuraly = T TN +FP +EN (3.8)
1R
mAP = —  AveP(q) (3.9)
Q.

These metrics measure pixel-level segmentation accuracy, detection precision, and
overall model reliability. Higher F1 and mAP values indicate stronger localization and

classi cation performance.

3.5.3 Training and Convergence Behavior

Both segmentation (Mask R-CNN, U-Net) and identi cation (Faster R-CNN, YOLO-
v5) models were trained for 300 epochs using stochastic gradient descent with a learning
rate of 0.001 and batch size of 2. Training and validation loss curves (Figure 3) show
smooth convergence and minimal over tting due to data augmentation and early stopping.
Mask R-CNN reached stable validation loss after 250 epochs, while Faster R-CNN con-
verged around epoch 200. Observe that individual segmentation and identi cation models

converge stably and independently, indicating that performance gains from collaboration
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are not due to improved base training. Instead, improvements arise from inference-time

coordination rather than changes to supervised optimization

Figure 3: Training and validation loss curves for individual models. (Top) Identi cation
networks (Faster R-CNN, YOLO-v5). (Bottom) Segmentation networks (Mask R-CNN,
U-Net).

3.5.4 Category-wise Evaluation

Performance across the ten UFBA categories (C1-C10) demonstrates the model's
ability to generalize over complex dental variations such as restorations, implants, and
missing teeth. As shown in Table 8, categories with high structural variation (C5—C10)
bene t the most from the collaborative re nement phase. The fusion of &d M;
reduces false detections and enforces the consistency of ISO/ FID numbering. Dataset
distribution on how many images were used for each category and each model is shown

in Table 9.
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Table 8: UFBA dataset categories and distribution for segmentation, identi cation, and
collaborative learning.

Category Segmentation Identi cation Collaborative
C1: 32 teeth + Appliance + Restoration 73 73 25
C2: 32 teeth — Appliance + Restoration 220 60 15
C3: 32 teeth + Appliance 45 2 10
C4: 32 teeth — Appliance 140 67 50
C5: <32 teeth + Implant 120 120 10
C6: >32 teeth 170 170 5
C7: <32 teeth + Missing + Appliance 115 115 10
C8: <32 teeth + Missing — Appliance 457 457 5
C9: <32 teeth + Missing + Appliance 45 45 5
C10: <32 teeth + Missing — Appliance 115 115 15
Total 1500 1224 150

The visual comparisons in Figures 4-5 illustrate improved boundary delineation
and more accurate ISO numbering in the collaborative model. Note how the collabora-
tive output corrects mislabeling and boundary inconsistencies present in individual model
predictions, particularly in regions affected by restorations and partial occlusions. False
positives and fragmented masks are suppressed by consistency-aware aggregation. Across
diverse clinical scenarios, including missing teeth, orthodontic appliances, and implants,
collaborative inference produces more anatomically consistent numbering and segmen-
tation than standalone models. Improvements are most pronounced in challenging cases

where individual predictors fail in complementary ways
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Figure 4. Comparative Evaluation for Categories 1 - 5: (a) Input (b) YOLO-v5 Detection
(c) Faster R-CNN Detection (d) U-Net Segmentation (e) Mask R-CNN Segmentation (f)
Collaborative Learning.

Figure 5: Comparative Evaluation for Categories 6 - 10: (a) Input (b) YOLO-v5 Detection
(c) Faster R-CNN Detection (d) U-Net Segmentation (e) Mask R-CNN Segmentation (f)
Collaborative Learning.
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Table 9: Dataset for Segmentation, Identi cation, Collaborative Models
M s: Tooth Segmentation Model, M Tooth Identi cation Model, M.: Collaborative Model,
D, : Training Data, Q: Augmented Data, [ Validation Data, R: Testing Data

ID | Category Total | Segmentation (M) Identi cation (M ;) M .
D, | Dy |Ds D;(Da) | Dy(Da) | Ds Ds
Cl|32 teeth+Dental Appli4 73 | 0 0 73 6(54) |2(10) |6 25
ance+Restoration
C2| 32 teeth-Dental Appli1 220 | 116 | 44 | 60 5(49) |3(3) |10 15
ance+Restoration
C3 | 32 teeth+Dental Appliance 45 131 |12 |2 22 12(29) | 5 10
(163)
C4 | 32 teeth-Dental Appliance 140 | 46 |27 | 67 8(66) |5(11) |40 50
C5 | <32 teeth+Dental Implant 120 | 0 0 120 14 (62) | 6 (4) 4 10
C6 | >32 teeth 170 | 0O 0 170 6(60) | 4(10) |5 5
C7 | <32 teeth+Missing+Dental Apt 115 | 0 0 115 11 (72) | 2(9) 5 10
pliance
C8 | <32 teeth+Missing-Dental Ap4 457 | O 0 457 12(33) | 4(5) 10 5
pliance
C9 | <32 teeth+Missing+Dental Ap1 45 | 0 0 45 10 (47) | 3(8) 10 5
pliance
C10 <32 teeth+Missing-Dental Ap+1 115 | 0 0 115 6(44) | 4(6) 5 15
pliance
Total 1500| 193 | 83 | 1224 | 100 45 100 | 150
(650) | (105)

3.5.5 Comparative Evaluation with State-of-the-Art Models

Tables 10 and 11 present a comparative analysis with contemporary works. Our
model achieved 98.77% accuracy and 98.83% F1-score on the UFBA dataset, surpassing

Mask R-CNN, U-Net, and other benchmark approaches.

3.5.6 Collaborative Learning Performance Summary

Table 12 and Table 13 shows our model performance compared to the cutting
edge research and our model out performs all state of-the-art research work.Table 14

summarizes the performance gains obtained from collaborative learning. By integrating

55



Table 10: Comparison of segmentation performance with state-of-the-art methods.

Model / Study Dataset Accuracy (%) F1(%) mAP (%)
M ¢ (Ours) UFBA 98.77 98.83 97.30
Mask R-CNN (Ours) UFBA 96.00 98.00 95.00
U-Net (Ours) UFBA 96.97 93.63 92.08
Zhao et al. [28] Panoramic 96.94 - —
Oktay et al. [46] Panoramic 98.11 93.00 82.00
Silva et al. [35] Jader Dataset 96.70 91.60 -

Table 11: Comparison of identi cation performance with state-of-the-art methods.

Model / Study Dataset  Accuracy (%) F1 (%) mAP (%)
M ¢ (Ours) UFBA 98.44 98.75 97.78
Faster R-CNN (Ours) UFBA 91.00 90.00 91.00
YOLO-V5 (Ours) UFBA 99.50 99.85 99.50
Lai et al. [55] Panoramic 95.00 — —
Sathya et al. [56] Panoramic 95.00 - -

Mask R-CNN and Faster R-CNN predictions through aggregation and re nement, overall
accuracy improved by approximately 2—-3% and F1-score by nearly 1.8% compared to
individual networks.

In summary, the collaborative framework Meffectively enhances boundary precision,
numbering accuracy, and robustness against variations in tooth structure, outperforming

previous panoramic radiograph segmentation and identi cation approaches.

3.5.7 Case Study

Five case examples are presented to illustrate the performance of the tooth seg-
mentation model (M;;) and the tooth identi cation model (M ) and collaborative model
(M o). These ve cases include those involving restored teeth, missing teeth, and dental

implants.
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Table 12: Cutting Edge Research: Testing Accuracy for Tooth Segmentation and Identi-

cation Models with Dental Panoramic Radiographs, CBCT Datasets {aining, D, :
Validation, Ds: Testing)

Deep Learning Modeling for Dental Panoramic Radiographs

Research Dataset Data Split (Images) | Accurac¥1- mAP
Score
M . Collaborative| Panoramic Radiot Ds: 150 98.77% 98.83% 97.30%
(Ours) graphs:
M 41: Mask R-CNN| UFBA [48] D;, Dy, Ds: 193, 83, 96% | 98% 95%
(Ours) 1224
M s2: U-Net (Ours) D,, Dy, Ds: 193, 83,| 96.97% 93.63% 92.08%
1224
Zhao et al [28] D,, Ds: 1200, 150 96.94% NA NA
Koch et al. [29] D,, Ds: 80%, 20% 94.76% NA NA
Jader et al. [30] D;, Ds: 193, 1224 98% | 88% NA
Oktay et al. [31] D,, Ds: 200, 278 98.11% 93% 82%
Pinheiro et al. [32] 6-fold CV: 450 NA NA 77.3%
Lee et al. [33] Panoramic Radiot D,, Dg: 40, 10 NA 87.5% | NA
graphs
Wirtz et al [34] Panoramic Radiot D,, Dg: 10, 14 81.8% | 80.3% | NA
graphs
Silva et al. [35] Jader Dataset [30] | Dy, Dy, Ds: 324, 108,| 96.7% | 91.6% | NA
778
Deep Learning Modeling for 3D Dental Images
Research Dataset Data Split (Images) | Accuracy1- mAP
Score
Cui et al [64] CBCT Scans D;, Ds: 12, 8 Subjects 99.55% NA NA
Cui et al [65] 3D Dental Models D,, Dy, Ds: 1500, NA 94.2% | NA
100, 400
Lee et al. [50] CBCT Scans D,, Dy, Ds: 80, 20, 20| NA NA 90.91%
Kakehbaraei et al [45] CBCT Scans 30 Subjects 99.93% NA NA
Zhang et al. [66] 3D Dental Models D,, Ds: 100, 20 98.87% NA NA

Example 1: As illustrated in Figure 6, each of the two individual models, as well as the

ensemble (pre-re nement) and collaborative (post-re nement) model, were effectively
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Table 13: Cutting Edge Research: Testing Accuracy for Tooth Identi cation for Dental
Panoramic Radiographs, CBCT, and Oral Photographs Dataset3r@ning, Ds: Test-
ing, D,: Validation)

Research Dataset Class# Data Split (Images#) Accuraci1 mAP
M .. Collaborative| Panoramic | 32 Ds: 150 98.449% 98.75% 97.78%
(Ours)
M j;: Faster R-CNN UFBA [48] | 4 D,, Dy, Ds: 750,| 91% |90% | 91%
(Ours) 150, 100
M ip: YOLO-v5 | Radiographs4 D,, Dy, Ds: 750,| 99.5% | 99.85% 99.5%
(Ours) 150, 100
Lai et al. [55] Panoramic | NA D,, Ds 22,262,| 87.21% NA NA
Radio- 1,168
graphs
Sathya et al. [56] Panoramic | (s1)2 D, Ds: (s1)120042, Precision:
Radio- (s2)4+4 200 (s2)120042, 800 (s1)100%

graphs (s3)6+6 (s3)191449, 1600 | (s2)95.24%
(s3)90.5%

Thanathornwong et Panoramic | 1 D,, Dy, Ds: 70, 10,| NA 81% NA
al. [57] Radio- 20 subjects
graphs
Chung et al. [58] Panoramic | 32 D;, Dy, Ds: 574,| NA 98.43% 91%
Radio- 162, 82
graphs
Li et al. [59] CBCT 4 D,, Ds: 200, 200 87% | NA NA
Dataset

implemented. The output of the segmentation and identi cation models is integrated,
and the ensemble model and summary of the results are displayed. In addition, individ-
ual model detection ndings were incorporated into the ensemble model. The ensemble
model was subjected to a post-re nement process to improve the accuracy of the collab-
oration model. First, segmentation accuracy was 98.75%, as all 32 permanent teeth were
accurately segmented and recognized. Second, the identi cation model allocated each

tooth a unique number; however, one tooth was mistakenly labeled with two separate
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Table 14: Overall performance gains achieved through collaborative learning integration.

Model Accuracy (%) F1 (%) mAP (%)
Segmentation (M) 96.00 98.00 95.00
Identi cation (M ;) 98.00 96.00 96.00
Collaborative (M) 98.77 98.83 97.30

Figure 6: Case 1: Healthy dentition example: This is a set of 32 healthy teeth with no
dental treatment that was successfully segmented and identi ed using both segmentation
and identi cation models. All 32 teeth were discovered.

numbers. It correctly identi ed the number and type of all teeth, including molars, pre-
molars, canines, and incisors, and then achieved an accuracy of 98.50%. Third, when the
conclusions from these two models were combined, the ensemble model had an accuracy
of 98.65%. Finally, after post-processing, the image and using ISO numbering standards,
the accuracy of the collaborative model was 99.12%.

Example 2: As illustrated in Figure 7, the segmentation model accurately identi ed all

32 permanent teeth, with a 99.20% mAP score. In addition, the identi cation model ac-
curately recognized the tooth numbers and types, including molars, premolars, canines,

and incisors; however, a few teeth were duplicated for the same type. For example, a pre-
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molar in the mandible, also known as the lower jaw, was recognized as a molar using the
Identi cation model. One of the incisors in the maxilla, also known as the upper jaw, was
likewise misidenti ed as canine but retained a 90.7% mAP score. The ensemble model
included the results of the segmentation and identi cation models, whereas the collabo-
rative model improved accuracy through a collaborative re ning process. As a result, the
combined accuracy of these two models on the ensemble model was 94.97%. However,
after post-processing the ensemble model ndings to compensate for incorrectly identi-
ed tooth numbers using ISO numbering standards, the collaboration model's accuracy
was 97.77%. Figure 7 illustrates the respective output images, as well as a summary of
the number of teeth and missing teeth.

Example 3: As illustrated in Figure 8, we analyzed a panoramic radiographs image with
orthodontic braces. Although the braces appear radiopaque on the panoramic radiograph,
the segmentation model with an mAP score of 98.63% accurately segmented and recog-
nized 32 teeth. Although most of the teeth were accurately recognized with the number
of teeth given, a few were mistakenly identi ed. The identi cation model correctly clas-

si ed an incisor as both an incisor and a canine. In the maxilla, a canine was categorized
as both a premolar and a canine, and a premolar as both a premolar and a canine in the
mandible, with an accuracy (mAP) of 88.83%. These two model detection ndings were
incorporated into the ensemble model with an accuracy (mAP) of 93.73%, which was then
further re ned. The accuracy of the collaborative model was increased through a re ning
process. By comparison, post-re nement of the ndings of the ensemble model improved

the accuracy of the collaborative model (mAP) to 98.83% by appropriately naming the
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