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Abstract

Dental conditions, including caries, periodontal disease, plaque accumulation, malocclu-
sion, and oral mucosal abnormalities, remain highly prevalent worldwide. Early detection
is crucial for preventing disease progression, simplifying treatment, and improving patient
outcomes. Conventional diagnostic methods rely on subjective visual and tactile examina-
tions, which are often inconsistent. Recent advances in deep learning (DL), particularly
convolutional neural networks and vision transformers, enable automated, accurate de-
tection of dental diseases from intraoral images captured via smartphones or dedicated
imaging devices. DL-driven systems facilitate cost-effective virtual consultations, commu-
nity screenings, and remote oral health monitoring. This narrative review was conducted
following a structured search of PubMed, Scopus, Web of Science, Embase, and Google
Scholar (October 2020-October 2025), which identified 74 eligible studies on intraoral
photographic imaging-based DL systems, encompassing caries, gingival inflammation,
plaque, malocclusion, and soft-tissue lesions. Most studies focused on caries, plaque, and
periodontal disease using CNN and U-Net-based models, often reporting accuracies above
85% but with substantial performance drops in external validation. Despite promising
results, clinical integration remains limited by challenges such as class imbalance, limited
external validation, heterogeneous imaging protocols, and insufficient model interpretabil-
ity. Emerging approaches, including self-supervised and federated learning, explainable
artificial intelligence, multimodal data fusion, and smartphone-based diagnostics, offer
potential solutions. Standardized imaging workflows, high-quality annotations, and robust
clinical trials are essential to translate DL-based dental diagnostic systems into real-world
practice. This narrative review aims to guide the development of reliable, equitable, and
clinically deployable DL solutions for oral health assessment.

Keywords: deep learning; oral diseases; intraoral photographic images; convolutional
neural networks; transfer learning; explainable artificial intelligence

1. Introduction

Dental diseases constitute a major global public health burden, affecting an estimated
3.5 billion people worldwide. Dental caries is the most prevalent non-communicable
condition, while periodontal diseases remain a leading cause of tooth loss [1,2]. Early and
accurate diagnosis is essential for preventing disease progression, reducing treatment costs,
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and improving patients” quality of life. However, conventional diagnostic approaches rely
predominantly on visual-tactile examination, which is often insufficiently sensitive and
poorly reproducible, particularly in early disease stages [3,4].

Recent advances in artificial intelligence (Al), especially deep learning (DL), have
transformed image-based diagnostics across several medical specialties and now achieve
expert-level performance in fields such as dermatology [5], radiology [6], and ophthalmol-
ogy [7]. In dentistry, Al research has primarily concentrated on radiographic modalities
such as bitewing radiographs, panoramic imaging, and cone-beam computed tomography.
Although these imaging techniques offer valuable structural information, they necessitate
specialized equipment and involve ionizing radiation. In contrast, intraoral photographic
images (IOPIs), captured using smartphones or intraoral cameras, represent a non-ionizing,
cost-effective, and accessible alternative that supports tele-dentistry [8], community-based
screening, and remote oral-health monitoring, particularly in low-resource settings [9].

Despite these advantages, the direct translation of DL techniques developed for other
medical imaging tasks to dental intraoral photography is non-trivial. Unlike standardized
acquisition protocols commonly used in radiology, intraoral photography is characterized
by substantial variability in illumination, camera type, viewing angle, saliva presence,
reflections, and occlusions. Moreover, many dental pathologies manifest as small, visually
subtle lesions, often accompanied by pronounced class imbalance and a lack of large, well-
annotated, multicenter datasets. These domain-specific characteristics introduce challenges
related to robustness, generalizability, and reproducibility that are not adequately addressed
by DL models designed for more standardized imaging environments.

Several reviews have explored artificial intelligence (AI) and deep learning (DL) ap-
proaches for dental diagnosis, including systematic and umbrella reviews that primarily
focus on caries detection and Al-assisted interpretation of dental images. Schwendicke
et al. examined deep learning-based methods for caries detection across various imaging
modalities [10], whereas Kumar et al. conducted an umbrella review on Al-assisted caries
examination using digital dental photography [11]. Additionally, Noor Uddin et al. sum-
marized DL models developed for caries detection using intraoral images [12]. However,
these reviews vary significantly in scope, methodological approach, and reporting depth,
often combining radiographic and photographic modalities or concentrating on a single
disease entity [13]. As a result, a focused synthesis dedicated exclusively to deep learning
applications based on intraoral photographic images across multiple dental conditions
remains limited.

Despite promising performance, deep learning (DL) models using intraoral photo-
graphic images (IOPIs) continue to face significant challenges that impede their clinical
application. These challenges encompass class imbalance across disease categories, reliance
on single-center datasets, sensitivity to domain shifts due to heterogeneous acquisition
conditions, and limited model explainability, all of which collectively hinder generaliz-
ability and clinician trust [14]. Methodologically, research has advanced beyond initial
convolutional neural networks (CNNs) to include encoder—decoder architectures such as
U-Net for segmentation tasks [15], vision transformers (ViTs) for global context model-
ing [16], generative adversarial networks (GANSs) for data augmentation and imbalance
mitigation [17,18], self-supervised learning (SSL) for label-efficient training [19], and fed-
erated learning (FL) for privacy-preserving multi-center collaboration [20,21]. However,
these methodologies have not yet been systematically integrated within the specific context
of IOPI-based dental disease analysis. In this narrative review, deep learning approaches
are examined by their primary analytical task: image-level classification, lesion or region
detection, pixel-level segmentation, and multi-task learning frameworks that combine two
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or more of these objectives, applied to intraoral photographic images. Figure 1 depicts the
DL workflow for IOPI analysis.

Clean and Preprocess ety
Collect Data > > . —>» learning > Train Model
Prepare data images
model
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Deploy Final [<«— €—
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Figure 1. DL workflow of intraoral photographic image analysis.

To address this gap, the present review evaluates deep learning architectures ap-
plied to intraoral photographic diagnosis, summarizes model performance across major
dental pathologies, and examines how preprocessing and augmentation strategies affect
model robustness and generalizability. By focusing exclusively on intraoral photographic
imaging—rather than radiographic modalities—this review complements existing Al-in-
dentistry literature and fills a significant gap in current evaluations. Specifically, this review
addresses the following questions:

1.  Which deep learning architectures and learning paradigms (e.g., CNNs, encoder—
decoder networks, vision transformers, self-supervised learning, and federated learn-
ing) demonstrate robust performance for dental disease detection and segmentation
using intraoral photographic images?

2. How do preprocessing, data augmentation, and image enhancement strategies
influence diagnostic accuracy, robustness, and generalizability across primary
dental conditions?

3.  What methodological and translational challenges, including class imbalance, single-
center dataset bias, domain shift, and limited explainability, most strongly constrain
clinical adoption?

4.  What emerging research directions and implementation strategies are most promis-
ing for improving fairness, interpretability, privacy preservation, and real-world
deployment of Al-assisted intraoral photographic diagnostics?

These questions are addressed through:

(i). task- and disease-level framing (Section 4).

(ii). synthesis of deep learning architectures (Section 5).

(iii). review of preprocessing and augmentation strategies (Section 6).
(iv). task-wise synthesis of diagnostic performance (Section 7).

(v). evaluation metrics and generalizability considerations (Section 8).
(vi). analysis of translational and clinical challenges (Section 9)

(vii). identification of emerging research directions (Section 10).

2. Methodology
2.1. Search Strategy

A structured literature search was conducted across major academic databases
(PubMed, Scopus, Web of Science, Embase, and Google Scholar) from October 2020 to
October 2025. The search strategy combined terms related to Al and deep learning (“deep
learning,” “DL,” “convolutional neural network,” “CNN,” “vision transformer,” “machine
artificial intelligence”) with dental and oral health terms (dental, dentistry,

oral, tooth, teeth, “dental caries,” gingivitis, “dental calculus,” periodontitis, “oral lesion,”

i

learning,

“oral potentially malignant disorder,” OPMD, “oral cancer”) and with intraoral imaging
oral photograph,”

7oany

terms (“intraoral photograph,” “intraoral images,” “intraoral photo,

7o
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“smartphone image,” “intraoral camera,

” o

photographic images”). The PRISMA-inspired
flow diagram (Figure 2) illustrates the process of study identification, screening, eligibility
assessment, and final inclusion in this narrative review.
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Figure 2. PRISMA-inspired flow diagram of the study identification, screening, eligibility assessment,
and inclusion process.

2.2. Inclusion and Exclusion Criteria

The inclusion criterion was limited to peer-reviewed articles published in English. All
retrieved records were exported to EndNote and deduplicated. Studies were then screened
through a four-stage process conducted independently to minimize bias. Three reviewers
independently assessed all titles, abstracts and full text based on predefined inclusion and
exclusion criteria, removing records that clearly violated any of the following six eligibility
requirements: (1) non-English publications, (2) duplicate records, (3) content unrelated
to dentistry or Al, (4) conference abstracts, (5) retracted papers, and (6) non-empirical
materials, including editorials, case reports, and commentaries.

2.3. Study Selection

The initial database search yielded 194 articles. After eliminating duplicates,
172 unique studies remained and were evaluated based on their titles and abstracts. Out
of these, 112 articles were subjected to a full-text review to determine their eligibility. All
studies deemed relevant by keyword searches were thoroughly reviewed in full text. The
complete manuscripts were analyzed to gather information on methodologies, dataset
characteristics, validation strategies, performance metrics, and any reported limitations.
A structured quality assessment and risk-of-bias evaluation were then conducted using
predefined criteria, ensuring that conclusions were based on a comprehensive analysis of
the complete texts rather than just abstract-level information. Applying the inclusion and
exclusion criteria resulted in the selection of 74 articles for the final review. The choice of
studies was strictly guided by predefined eligibility criteria, with a focus on methodological
rigor and relevance. Independent screening was carried out at both the title/abstract and
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full-text stages to separate preliminary relevance assessment from detailed methodological
evaluation, thereby enhancing transparency and reducing selection bias.

2.4. Data Extraction and Synthesis
The following information was extracted from each eligible study:

e  Study information: author, publication year, and journal.

e  Dataset characteristics: type of intraoral images, dataset source, and preprocessing methods.

e DL model details: architecture (e.g., CNN, ResNet, ViT), transfer-learning methods,
and training/validation approaches.

e Performance metrics: accuracy, sensitivity, specificity, F1-score, and area under the
curve (AUC) of the receiver operating characteristic (ROC).

e  External validation: presence or absence of independent testing.

o Key findings and limitations.

Two reviewers independently conducted data extraction and resolved disagreements
through discussion. The extracted data were then qualitatively synthesized to identify the
emerging trends, methodological patterns, and gaps in the existing literature.

2.5. Quality and Risk of Bias Assessment Criteria

Following data extraction and synthesis, the methodological quality and risk of bias of
the included studies were assessed using a predefined seven-domain framework tailored to
dental photographic image analysis. Each domain was evaluated based on full-text review
and rated as low, Moderate, or high risk of bias. An overall risk-of-bias classification was
subsequently assigned using predefined, non-overlapping thresholds.

Q1. Is the dataset source of the dental photographic image dataset clearly described
(e.g., public/private, single- or multi-center)?

Q2. Is an appropriate strategy reported for splitting the dataset into training, valida-
tion, and test sets, with explicit measures to prevent data leakage (e.g., patient-level
separation or avoidance of duplicate images across splits)?

Q3. Was the developed model evaluated using external validation or an independent test
dataset to assess its generalizability to unseen data?

Q4. Are clinically meaningful performance metrics reported beyond overall accuracy,
such as sensitivity, specificity, precision, recall, F1-score, and area under the receiver
operating characteristic curve (AUC)?

Q5. Are ground-truth labels derived from reliable clinical reference standards, such as
expert dental annotation, consensus labeling, or validated diagnostic criteria?

Q6. Does the study explicitly discuss key methodological limitations, potential sources of
bias, and constraints affecting the interpretation or generalizability of the results?

Q7. Isimage acquisition standardized or quality-controlled, including reporting of camera
type, lighting conditions, acquisition protocols, or exclusion of poor-quality images?
Image acquisition standardization and quality control.

Risk of Bias (ROB) Scoring Criteria and Thresholds

Each study was evaluated across seven domains (Q1-Q7) using explicit criteria to
ensure transparency and replicability in the risk-of-bias assessment. Studies were catego-
rized as having low, moderate, or high risk of bias based on the thoroughness and rigor
of their methodologies. For Q1, which pertains to data source and representativeness,
studies were classified as low risk if the dataset source and population characteristics
were comprehensively documented, and as higher risk if they relied on single-center data
without adequate justification. Q2, which focuses on data splitting and leakage preven-
tion, necessitated transparent reporting of training, validation, and test splits, along with
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measures to prevent data leakage. Q3, concerning the validation strategy and general-
izability, was considered high risk in the absence of external or multicenter validation.
(4, regarding performance reporting transparency, was rated low risk when studies re-
ported multiple clinically relevant metrics beyond mere accuracy. Q5, addressing labeling
quality and reference standards, required expert or consensus annotations. Q6, on the
reporting of limitations, was based on a clear discussion of methodological constraints.
Q7, which evaluates image acquisition standardization and quality control, was assessed
using documentation of imaging protocols and quality assurance procedures. Each study
was independently evaluated using established decision criteria, and any discrepancies in
opinion were resolved through consensus.

An overall risk of bias for each study included in the analysis was evaluated by
examining the percentage of domains categorized as low, moderate, or high risk. A study

was considered to have Minimal Risk of Bias (High Quality) ©) if 70% or more of the
evaluated domains were rated as low risk, with no more than one high-risk rating in a
specified critical domain. Conversely, a study was deemed to have a moderate Risk of Bias

(Lower Quality) . If less than 70% of the domains were rated as low risk, and there
were high-risk ratings in two or more critical domains. A High Risk of Bias classification

X was assigned when 50% or fewer domains were rated as high risk, resulting in the
study’s exclusion from the qualitative synthesis. The use of explicit criteria and quantitative
thresholds was intended to minimize subjective judgment and improve reproducibility.

3. Results

The results of the study selection and subsequent analyses are presented below.
The characteristics of the included studies, the quality and risk-of-bias assessment out-
comes, and the distribution of evidence across dental applications are summarized in the
following sections.

3.1. Summary of Included Studies

The reviewed literature encompasses a wide array of dental applications, including
caries detection, assessment of periodontal and gingival diseases, analysis of dental plaque
and calculus, evaluation of malocclusion and crowding, screening for oral lesions and
potentially malignant disorders, and support for orthodontic diagnostics. The studies use
datasets from private clinical collections, institutional repositories, public datasets, and
images acquired via community or smartphone cameras, with dataset sizes ranging from a
few hundred to over 10,000 images. Imaging modalities primarily consist of professional
intraoral cameras, digital clinical photography, and smartphone-based imaging. A variety
of deep learning architectures are employed, including convolutional neural networks,
U-Net-based segmentation models, object detection frameworks like YOLO and Mask R-
CNN, and transformer-based models such as Swin Transformer and SegFormer. Reported
outcomes primarily focus on classification, detection, and segmentation performance,
using metrics such as accuracy, sensitivity, specificity, F1-score, AUC, Dice coefficient,
and mean intersection-over-union. Commonly noted limitations include small or single-
center datasets, limited population diversity, variability in image quality, lack of external
validation, and restricted generalizability. Table 1 summarizes the key characteristics of
studies that explore deep learning-based analysis of intraoral dental photographic images.
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Table 1. Performance summary of DL using Intraoral Photographic Images across Dental-disease Domains.

Author

Dataset Source

(Yean) Dental Study & Size Imaging Modality Model Used Outcomes Limitations
. Accuracy: 0.813 Limited internal
Parketal, Carlgs KNUDH’ Intraoral camera ResNet18, AUC:0.837 visibility and
2022 [22] Detection 2348 images Faster R-CNN Sensitivity: .
ensitivity: 0.890 occult lesions
Bharati .
X , Intraoral Dataset scarcity,
Mehta etal, Den.tal Vidyapeeth’s Dental digital RGB DenseNet201 Accuracy: 0.93 generalizability, and
2024 [23] Caries College, Pune, C X ¢ fittt
1164 images images risk of overfitting.
. A Multihospital s Data scarcity, poor
Sabriet él" G‘mglval Karnataka, X-Ray ‘and Mobile Net Accuracy: 92.7% interpretability, and
2025 [24] diseases . Intraoral images o .
2270 images clinical limits
. . . Optical Dataset expansion,
Park et a_L, Per} odontal GltH‘%b public, camera YOLOv5s F1 score: 99.9% synthetic bias, and
2023 [25] diseases 220 images . o
images low applicability
. Accuracy: 79.22%
Gingival School and Hospital .. U-Net with AUC:0.837 Limited dataset,
Wen etal., . . of Stomatology, Digital e o -
inflammation Dense Sensitivity: 83.75% regional gap, and
2024 [26] . Wuhan, Camera ) o . r
grading . Net encoder Specificity: 69.33% image bias
8214 images L
Precision: 0.867
. Accuracy: 81.82% L
Gargetal.,, Dental g utbhct RGB ResNet34 Recall: 75.00% Data demz;ndr,\;rammg
2023 [27] Calculus 220aina12e és Intraoral images esie Fl-score: 81.82% mamf;)ls ,ri\cessin
& Precision: 90.00% P &
. . s Data limitation, weak
Nantakeeratipat Sljlnak_harmwuot Smartphone camera Google Cloud’s Prec151on.. 0-964 generalization, and
etal,, 2024 [28] Dental plaque University, Bangkok, imaces Vertex Al AutoML Fl-score: 0.931 manual
v 299 images 8 AUPRC: 0.964 nual
cropping risk
. F1-score: 0.90 :
Zhangetal., Dentgl Private Digital Swin (Molar Occlusal) Quality flaw, Source
occlusion dataset, dependent, and
2025 [29] P . camera IOPIs Transformer Fl-score: 0.87 s
classification 7200 images . validation gap
(Canine Occlusal)
Seoul National Accuracy: 99.3%
Ryuetal, Orthodontic photo University Dental . . (Facial) Single dataset, no
2022 [30] classification Hospital, [OPIs Multi-domain CNN Accuracy: 99.9%) flip-handling
4448 images (Intraoral photos)
National Cheng . e el o .
Suetal, Oral Kung University Clinical ) Specificity: 97.0% Datasgt scarcity, class
; . . photographic CNN Kappa: 0.851 imbalance,
2025 [31] mucosal lesions Hospital, N . . o
. imaging AUC: 0.985 cross-validation
506 images
Zhangetal., Oral lesion Private Intraoral SegFormer-B2 Dice: 0.710 Data scarciﬁy, low
. dataset, . .. diversity,
2024 [32] segmentation . lesion images Transformer Precision: 0.886 A
838 images weak generalization
. . T Dice: 0.929 .
e, o Combedpilc el ol Uney  Dumeilen
2021 [33] Disorders P p img p U-Net AP: 0.855 hyil -
ages ages (YOLOVS5I) challenge
- F1 score:0.852 T
Vinayahalingam OPMD Private Clinical . AUC: 0.974 Site limitation, low
p X dataset, Mask R-CNN + Swin diversity, and
etal., 2024 [34] detection 4161 im photographs Flscore: 0.796 label inconsisten
ages AUC: 0.938 abel inconsistency
AUC: 95%
. L. . (DenseNet-121)
Warin et al., OPMD Private Digital DenseNet-121 AUC:95% Data scarcity and risk
- . dataset, dental ResNet-50 A
2022 [35] detection . (ResNet-50) of overfitting
600 images camera Faster R-CNN i
F1 Score: 0.743
(Faster R-CNN)
Talwar et al Indian Dental Intraoral Inconsistent quality,
M OPMDs Institute, photographic DenseNet-201 F1 Score: 0.84 focus, and
2023 [36] - ) nd
2178 images images angle variation
Rashid etal., Dental Public . ; . Accuracy between No explicit study,
2022 [37] Caries dataset Mixed dental images  Hybrid Mask RCNN 78% and 92% annotated datasets
Accuracy: 95.4%
. . (Oral Diseases) .
Ali & Sadeeq etal., Dental Kaggl'e Clinically obtained » Accuracy: 89.9% Class 1mba1an§e and
e Multi RGB EfficienNet-B3 - low recall in
2025 [38] Classification dataset intraoral images (Oral Infection) Hvpodontia
& Accuracy: 99.3% P
(Teeth Dataset)
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Table 1. Cont.
Author Dataset Source . . SR
(Yean) Dental Study & Size Imaging Modality Model Used Outcomes Limitations
Private Indonesian Accuracy: 90% Quality flaw,
Boy etal,, Dental clinical . . Precision: 90% . e
2025 [39] caries dataset, Smartphone images MobileNetV3 Sensitivity: 90% devigif:s;zﬂﬂzland
1200 images Specificity: 90%
. Device variability,
Pangetal., Private dataset, Raw oral endoscope . o .o . ¢
2022 [40] Dental Plaque 2884 images RGB images ResNet101 Accuracy: 83.86% I%nag}ng inconsistency,
quipment variation
Patel etal., . Private OCPP data, . Accuracy:75.45% S
2024 [41] Oral lesions 2765 images Intraoral images GAIN + ASP AUC99 7% No limitations stated
Seoul (Maxilla)
National University Accuracy: 0.922 Single-center data,
I;g;;[t le]' ! crowcllzi)xfmsae}veri Dental ;:ttéa(;;alhs VGG19 (Mandible) weak generalization,
& ty Hospital, P grap Accuracy: 0.898 quality flaw
2248 images
Accuracy:
Liuetal, Der}tal Private Intraoral ) Oral-Mamba 0.83 (gmglyltls) No explicit
) caries, dataset, photographic 0.83 (caries) L
2024 [43] N . . CNN limitations stated
calculus, gingivitis. 3365 images images 0.81 (calculus)
Jeong et al Dental plaque Private Camera Precision: 76.34% Single-dataset,
202% [44] v pl t‘_l dataset, 1OPI U-Net Recall: 65.15% Imaging and
accumuiation 1094 images s Fl-score: 66.15% Visualization limits
. Private Accuracy: 92.1% Single-center data,
21(,)12e1t[zl:;,] Gingivitis dataset, RGB photos li{egig‘go Sensitivity: 91.3% Subjective diagnosis,
; 10,000 images Specificity: 92.9% data scarcity
Accuracy 94.3% Heterogeneous images,
Neumayr et al., - Molar . Oper.l source sensitivity (94.4%) Subjective quality
) incisor hypominer- web images, IOPIs Al-based model . o, .
2024 [46] alisation 455 images specificity (94.2%) rating, No
8 AUC:0.89-0.94 standard criteria

3.2. Distribution of Study Characteristics and Evidence

Figure 3 presents a sunburst diagram that illustrates the hierarchical distribution of
the included studies, categorized by dental application, contributing authors, deep learning
model families, and reported performance outcomes. The innermost ring represents the
authors and the year. In contrast, the subsequent concentric rings depict the primary
dental conditions investigated in the corresponding studies using intraoral photographic
images, model architectures, and key outcome metrics. This visualization provides an
integrated overview of how deep learning approaches have been applied across various
dental conditions, highlights the diversity of model choices, and summarizes reported
performance trends within the current literature.

3.3. Quality and Risk of Bias Assessment

The quality and risk of bias in the included studies were assessed using the predefined
seven-domain framework outlined in Section 2.5. Table 2 presents a summary of the overall
risk-of-bias classification for each study, assessed across seven predefined methodological
domains (Q1-Q7), using explicit decision criteria and quantitative scoring thresholds.

Across the studies reviewed, the overall risk-of-bias profile revealed consistent method-
ological strengths alongside recurring weaknesses. Most studies clearly identified their data
sources and demonstrated satisfactory representativeness (Q1), although some were lim-
ited to data from a single center. Strategies for data splitting and preventing leakage (Q2)
were generally reported with low to moderate concern. The most significant source of
bias was linked to validation strategy and generalizability (Q3), as many studies lacked
external or multi-center validation, resulting in high-risk ratings in this area. Conversely,
transparency in performance reporting (Q4) was consistently strong, with most studies
providing multiple clinically relevant metrics beyond just accuracy. Labeling quality and
reference standards (Q5) were primarily rated as low risk, indicating reliance on expert den-
tal annotations or consensus labeling. Limitations (Q6) were often acknowledged, although
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a small number of studies reported higher risks due to insufficient discussion of method-
ological constraints. Reporting on image acquisition standardization and quality control
(Q7) were variable, with several studies reporting moderate to high risk due to limited
documentation of imaging protocols or quality assurance procedures. Overall, the main
contributors to the elevated risk of bias across the reviewed literature were deficiencies in

external validation and inconsistent re-porting of image acquisition.

Overview of Al summary in Dentistry
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Figure 3. Sunburst diagram of dental study types, models, and outcomes.

Table 2. Risk of Bias Assessment.

Study ID Question Number Overall Bias
Q1 Q2 Q3 Q4 Q5 Q6 Q7
Park et al., 2022 [22] low Moderate Low Low Low Low Low @
Mehta et al., 2024 [23] Low Low High Moderate Low Low Low @
Sabri et al., 2025 [24] Low Low Moderate Low Moderate Low Moderate V
Park et al., 2023 [25] High Moderate Moderate Moderate High Low High X
Wen et al., 2024 [26] Moderate Moderate Low Low Low Low Low @
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Table 2. Cont.
Study ID Question Number Overall Bias
Q1 Q2 Q3 Q4 Q5 Q6 Q7
Garg et al., 2023 [27] Moderate Moderate Low Low Low Low Low @
Nantakeeratipat Low Moderate Low Low Low Low Low @
etal., 2024 [28]
Zhang et al., .
2025 [29] Moderate Low High Low Low Low Low @
Ryu et al., 2022 [30] Low Moderate Low High Low Low High X
Su et al., 2025 [31] Moderate Moderate Low Low Low Low High
Zhang et al., .
2024 [32] Low Moderate High Low Low Low Low @
Tanriver et al., .
2021 [33] Moderate Low High Low Low Low Low @
Vinayahalingam
etal., Low Moderate High Low Low Low Moderate @
2024 [34]
Warin et al., 2022 [35] Low Moderate High Low Low Low Low @
Talwar et al, Low Moderate High Low Low High Low
2023 [36] & &
Rashid et al., .
2022 [37] Low Moderate High Low Low Low Low @
Ali & Sadeeq,
2025 [38] Low Low Low Low Moderate Low Moderate @
Boy et al., 2025 [39] Low Moderate High Low Low Low Low @
Pang et al., 2022 [40] Moderate Moderate Low Low Low Low Low @
Patel et al., 2024 [41] Low Moderate High Low Low Low Low @
Ryu et al., 2023 [42] Moderate Low High Low Low Low Moderate @
Liu et al., 2024 [43] Low Moderate High Low Low High Moderate X
Jeong et al., 2025 [44] Low Moderate High Low Low Low Moderate @
Lietal., 2021 [45] Low Moderate High Low Moderate Low Low
Neumayr et al., Low Low Low Low Low Low High @

2024 [46]

@ Low Risk Of Bias (High quality); Moderate Risk Of Bias (Low quality); X High Risk of Bias (Poor quality).
gh quality’ q Yy g q y

4. Discussion

IOPIs are widely used for documentation, patient monitoring, tele-consultations, and
Al-assisted diagnostic applications. In dentistry, IOPIs capture enamel, gingiva, plaque,
oral mucosa, and occlusal surfaces. However, image quality is affected by variations in
lighting, saliva reflection, camera angle, and device type. Consistency is often improved
through noise-reduction and image-enhancement techniques such as contrast-limited adap-
tive histogram equalization (CLAHE), color-constancy correction, and region-of-interest
(ROI) extraction.
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4.1. Detectable Dental Diseases in Intraoral Photographs
4.1.1. Dental Caries

Dental caries is a primary global oral health concern, affecting more than 2 billion
individuals and imposing significant clinical and economic burdens [1,2]. Carious lesions
exhibit characteristic visual features. Early, non-cavitated lesions typically appear as chalky
white spots due to subsurface enamel demineralization and loss of translucency. As the
disease advances, lesions may darken to brown or black, develop surface roughness, and
ultimately form cavities, primarily in occlusal pits, fissures, and proximal surfaces. IOPIs
clearly capture these changes, presenting DL models with diagnostic cues such as localized
color variation, texture inconsistencies, and morphological disruption [23]. Although the
contrast between healthy enamel and demineralized areas enhances lesion visibility, early
lesions may be obscured by lighting variability, saliva reflection, or device-dependent color
differences, challenging the distinction ability of Al systems [47]. Despite these limitations,
numerous studies have reported that CNNs and transformer-based architectures detect
both cavitated and non-cavitated lesions with high diagnostic performance.

4.1.2. Gingivitis and Periodontal Diseases

Gingivitis and periodontitis produce characteristic soft tissue changes that are readily
visible in IOPIs. Gingivitis typically manifests as erythematous, edematous gingiva with
reduced stippling and increased bleeding tendency. In a more advanced periodontal
disease [25], gingival recession and altered gingival margins may be observed. These color
and contour changes serve as reliable visual markers for DL models to classify inflammation
severity and estimate periodontal indices [24].

Detection accuracy can be affected by factors such as natural pigmentation differences,
variations in gingival biotypes, and inconsistent lighting across the vestibular region. Nev-
ertheless, standardized preprocessing techniques, including color-constancy correction and
image normalization, enable DL systems to accurately distinguish healthy from inflamed
tissues across diverse populations [26].

4.1.3. Dental Plaque

Dental plaque, a biofilm of bacteria and extracellular matrix, is a primary etiologi-
cal factor in both caries and periodontal disease. In IOPIs, plaque typically appears as
a yellowish-white or opaque film along the gingival margin, within fissures, or in inter-
proximal areas. High-resolution images provide sufficient contrast for DL algorithms to
recognize plaque-distribution patterns, even without disclosing agents [27].

Pixel-level segmentation models, such as U-Net [3] and DeepLabV3+, are widely used
to quantify plaque coverage and assess oral hygiene. These models demonstrate robust
performance despite variations in lighting and plaque translucency. By detecting subtle
textural differences between plaque and enamel, they are particularly suited for automated
plaque assessment from IOPIs [28]. Recent deep learning methods have also been utilized
in dental plaque analysis, including a self-attention-based segmentation framework that
combines local-to-global feature representations to accurately and automatically segment
plaque from IOPIs [40].

4.1.4. Orthodontic Conditions

IOPIs capture dental alignment, occlusal relationships, and arch forms, enabling
assessment of common orthodontic abnormalities such as crowding, spacing, anterior
crossbite, deep bite, and open bite. High-resolution photographs accurately depict tooth
angulation, incisal relationships, and midline deviations, allowing DL models to extract
both global structural patterns and local tooth-level features.
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Transformer-based models, which capture long-range spatial relationships across the
dental arch, achieve remarkably accurate multi-landmark detection and occlusal pattern
recognition. IOPI-based remote monitoring systems further demonstrate the practical
utility of this approach, especially in aligner therapy [29,30]. Machine learning based
methods have been employed for the automatic identification and analysis of photometric
landmarks on two-dimensional facial images, enabling objective facial measurements that
support orthodontic diagnosis and treatment planning [48].

4.1.5. Soft-Tissue Lesions and Potentially Malignant Disorders

Soft-tissue lesions, including oral leukoplakia, erythroplakia, candidiasis, aphthous
ulcers, and lichen planus, exhibit visually distinctive features in clinical photographs. These
may present as white keratotic plaques, bright red velvety patches, ulcerated areas, or
reticular patterns, which DL models can effectively leverage for classification. Photographic
analysis of potentially malignant disorders (PMDs) [33,34] is particularly valuable given
the critical importance of early detection. Although variations in mucosal color, lighting
conditions, and saliva can complicate interpretation, CNNs and attention-based models
have recently identified suspicious mucosal changes with promising sensitivity [31]. Collec-
tively, these studies indicate that while IOPIs are effective for detecting visually prominent
conditions such as dental plaque and gingivitis, diagnostic performance for early-stage
caries and subtle mucosal lesions remains constrained by class imbalance and variability in
image acquisition, underscoring the need for robust preprocessing strategies and multi-task
learning frameworks.

Table 3 synthesizes the relationships among major dental disease categories, their
characteristic visual manifestations in intraoral photographs, and the corresponding deep
learning tasks. As summarized in Table 3, conditions characterized by intense color or
texture contrasts—such as dental plaque and gingival inflammation—are well suited to
image-level classification and segmentation tasks, whereas diseases presenting subtle visual
cues, including early-stage caries and mucosal lesions, pose greater challenges for auto-
mated detection. This task—disease mapping highlights the importance of preprocessing,
region-of-interest extraction, and multi-task learning for improving diagnostic performance
across heterogeneous dental conditions. Figure 4 provides a visual reference for the diag-
nostic cues described across disease categories, thereby supporting the interpretability of
deep learning feature representations derived from intraoral photographs.

(C) Gingivitis

" g

(A)Healthy

White spot lesion Cavitated pit/fissure

Color change,

Texture disruption Altered gingival contour

Healthy Enamel
Normal color and contour

(D)Dental Plaque
T

(E)Orthodontic Conditions (F) Soft Tissue Lesions

Midline deviation  Crowding & spacing Chalky white lesion

Plaque biofilm

Figure 4. Visual diagnostic cues across dental disease categories in IOPIs.
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Table 3. Mapping dental diseases to visual cues and DL tasks.
Disease Category Key Visual Indicators in IOPIs Clinical Relevance Typical DL Tasks Representative Studies
Dental caries Whlte-sth lesmns., cavitation, Early prevention of Class1.f1ca.t10n, 3]
discoloration progression localization

S . . Gingival redness, Prevents progression and Classification,
Gingivitis/Periodontitis swelling, bleeding tooth loss grading 26]
Dental plague Yellowish biofilm Risk factors for caries Segmentation, [40]

paq at the gingival margin and gingivitis quantification

. - Crowding, spacing, . Classification, )
Orthodontic conditions occlusal imbalance Treatment planning Jandmark detection, [48]
Soft-tissue lesions/PMDs White/red patches Early oral cancer .Classmcatlon,. [33]
ulcers screening Lesion segmentation

5. Deep Learning Architectures and Applications for Intraoral
Photographic Image Analysis

This section integrates the discussion of deep learning architectures with their corre-
sponding applications in IOPI analysis. DL has achieved remarkable success in various
image-based medical diagnostic applications. Several model families from mainstream
computer-vision research have been adapted to dental imaging: CNNs such as Visual
Geometry Group (VGG), residual network (Res Net), Dense Net, and Inception [49];
encoder—decoder architectures, ViTs, generative adversarial networks (GANSs) [17], and hy-
brid models [37]. These early successes in radiographic interpretation provide a foundation
for extending DL techniques to photographic intraoral images.

5.1. Convolutional Neural Networks (CNNs)

CNN'’s remain central to IOPI analysis due to their ability to learn hierarchical spa-
tial representations. Initial convolutional layers capture low-level features such as edges,
contrast variations, and textures, while deeper layers encode higher-level semantic pat-
terns, including lesion morphology, plaque distribution, gingival contours, and occlusal
relationships [50,51].

Several CNN architectures have been effectively applied in dental diagnostics:

e ResNet employs skip connections to mitigate vanishing gradients, enabling more
profound and more discriminative models [22].

e DenseNet connects each layer to all subsequent layers, promoting feature reuse and
improving gradient flow; it is particularly advantageous for small or imbalanced
dental datasets.

o  EfficientNet uses a compound scaling strategy that jointly optimizes network width,
depth, and resolution, achieving high accuracy with reduced computational cost,
making it suitable for smartphone-based inference.

e  MobileNetV2/V3 is optimized for lightweight deployment and real-time tele-dentistry
workflows, facilitating rapid community-based screening [39,48].

CNN-based methods demonstrate robust performance across diverse IOPI tasks, in-
cluding caries detection [52], caries classification, gingival inflammation classification [45],
plaque segmentation [40] OPMD’s orthodontic assessment [35], and oral lesion identifica-
tion. Additionally, CNNs form the backbone of hybrid architectures integrating attention
modules, multi-task learning, and explainability tools such as Gradient-weighted Class
Activation Mapping (Grad-CAM) visuals, which were confirmed to accurately depict the
regions most significant for the model’s prediction, reflecting model focus rather than
conclusive disease [37]. While convolutional neural network (CNN) classifiers demon-
strate high performance on controlled datasets, their accuracy may diminish under con-
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ditions of variable lighting, diverse acquisition devices, and class imbalance. To mitigate
these limitations, robust preprocessing strategies, such as multi-scale feature extraction
and contrast-limited adaptive histogram equalization (CLAHE), have been implemented,
thereby enhancing the detection of subtle white-spot lesions.

5.2. Encoder—Decoder Networks for Segmentation (U-Net and Derivatives)

Precise pixel-level discrimination is essential for tasks such as plaque-region extrac-
tion, gingival-margin delineation, mucosal-lesion isolation, and teeth cropping prior to
classification. The U-Net architecture remains the benchmark in biomedical image seg-
mentation, as its symmetric encoder-decoder design with skip connections effectively
integrates contextual and fine-grained spatial information [53].

Extensions of U-Net have further enhanced performance on challenging intraoral im-
ages affected by saliva reflections, uneven illumination, and soft-tissue variability. Variants
such as U-Net++, Attention U-Net, DeepLabV3+, and hybrid convolution—transformer
models improve boundary precision and robustness in plaque segmentation [43], gin-
gival mapping, lesion delineation, and ROI extraction. These models support auto-
mated plaque-index estimation and enable remote monitoring for periodontal health pro-
grams [44]. Most state-of-the-art segmentation pipelines for IOPI analysis are based on these
encoder—decoder architectures. Attention-based extensions enhance robustness by effectively
suppressing background artifacts, such as saliva reflections and non-diagnostic soft tissue.

5.3. Vision Transformers

Leveraging global self-attention mechanisms that model long-range spatial depen-
dencies in dental images, transformer-based models have emerged as powerful alterna-
tives to CNNs, which operate only within localized receptive fields. Vision transformers
(ViTs, Swin transformer, DeiT) process images as sequences of patches, capturing both
tooth-level and mouth-level contextual relationships [54]. The global modeling capability
of vision transformers (ViTs) is particularly advantageous for tasks requiring multi-tooth
contextual understanding, such as orthodontic landmark detection, occlusal pattern as-
sessment, and multi-disease classification, in which inter-tooth spatial relationships are
diagnostically meaningful. In the domain of dental imaging, ViTs have demonstrated
high performance in classifying oral potentially malignant disorders (OPMDs) [34] and
multi-view fusion tasks, often capturing global shape and texture patterns more accurately
than conventional CNNs. Hybrid CNN-transformer models leverage CNNs for local
texture extraction and transformers for contextual reasoning, achieving state-of-the-art
results across diverse IOPI applications [55]. However, their primary limitation remains
the increased data and computational demands, which are frequently mitigated through
pretraining and hybrid model designs.

5.4. Self-Supervised Learning

Self-supervised learning (SSL) techniques, including SimCLR, BYOL, and MoCo,
have emerged as highly effective for dental imaging, particularly in the context of limited
annotated datasets [19]. SSL leverages contrastive learning and latent-space bootstrapping
to extract invariant and discriminative features, enhancing performance in downstream
tasks such as lesion detection, classification, and plaque segmentation without extensive
manual annotation [56].

Federated learning (FL) enables multi-center model training without sharing patient
data, addressing privacy and data-governance concerns while improving generalizability
across devices, demographics, and clinical settings. Integrating SSL and FL provides a
synergistic approach that accelerates the development of Al-driven dental diagnostic tools.
These advances facilitate scalable deployment of IOPI-based classification systems, support-
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ing clinical implementation, community health initiatives, remote oral health monitoring,
and ultimately improving the accessibility and equity of dental care [57].

5.5. Federated Learning

Dental image datasets are often confined to institutional silos, limiting data diversity
and raising concerns regarding privacy, governance, and regulation. FL is a decentralized
training paradigm in which multiple dental clinics or institutions collaboratively train a
shared model without exchanging raw patient data. FL offers several advantages in den-
tistry, notably mitigating domain shifts arising from variations in imaging devices, patient
demographics, and acquisition protocols. Early FL applications in IOPI analysis demon-
strated superior external generalization compared with single-center models, highlighting
its value for multi-population robustness. Additionally, FL supports continuous model
updates within real clinical workflows, enabling models to evolve with newly captured pa-
tient images while maintaining strict privacy safeguards. With its scalability, fairness, and
privacy-preserving properties, FL is poised to play a pivotal role in deploying real-world
dental Al systems [20,21].

5.6. Generative Adversarial Networks

GAN s are increasingly applied in dental imaging for tasks including synthetic image
generation, class-imbalance correction, data augmentation, image denoising, color correc-
tion, and cross-modal translation [18]. By generating realistic synthetic samples, GANs can
augment underrepresented disease categories such as early caries, rare mucosal lesions,
and specific orthodontic conditions. Beyond augmentation, GANs enhance image quality
by correcting illumination inconsistencies, reducing noise, and standardizing color profiles,
thereby improving feature extraction from intraoral photographs. GAN-based cross-modal
translation can convert low-quality smartphone images into standardized formats, en-
hancing diagnostic consistency across imaging sources. Empirical evidence indicates that
GAN-augmented datasets increase diversity, mitigate bias toward common presentations,
and improve performance in caries detection, lesion segmentation, and plaque analysis.
Consequently, GANs have become integral to modern dental Al workflows, particularly
when training is limited by data scarcity or heterogeneity. Table 4 presents a study-level
synthesis of deep learning applications for intraoral photographic images, mapping diag-
nostic tasks to their corresponding model architectures. Most classification tasks—such as
the identification of dental caries, gingivitis, and soft-tissue lesions—employ convolutional
neural network (CNN) backbones, reflecting their effectiveness in capturing localized color
and texture features. Segmentation-oriented studies, particularly those focused on dental
plaque and gingival regions, predominantly adopt encoder—decoder architectures such as
U-Net and its variants, which enable accurate boundary delineation through multi-scale
feature integration. Transformer-based models are more frequently reported in orthodon-
tic assessments and multi-disease classification settings, where modeling global spatial
dependencies across the dental arch is diagnostically relevant.

While Table 3 provides a study-level overview, Table 4 presents a consolidated compar-
ison of major deep learning architecture families applied to intraoral photographic image
analysis, summarizing their typical use cases, strengths, and limitations. CNN-based mod-
els deliver strong baseline performance for disease classification but can struggle to capture
long-range contextual dependencies. Encoder—decoder architectures excel in pixel-level
segmentation tasks—such as plaque quantification and gingival mapping—due to their
ability to preserve spatial detail and integrate multi-scale features. Vision transformers
offer enhanced global context modeling and multi-region reasoning, although they often
require larger datasets or extensive pretraining. Emerging paradigms, including generative
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adversarial networks, self-supervised learning, and federated learning, address challenges

such as class imbalance, limited annotations, and data privacy constraints. Together, these

developments highlight a shift toward more robust, scalable, and clinically applicable Al

systems for intraoral photographic diagnostics. Table 5 summarizes the DL architectures

for analyzing IOPIs based on dental diseases.

Table 4. DL Architectures used in dental IOPI studies.

Study . . .
(Author, Year) Imaging Task DL Architecture Key Methodological Focus Ref
Tooth surface caries Res Net-based Tooth-surface segmentation
Park, 2022 . . . . o [22]
detection and segmentation segmentation pipeline before classification
. . Classical ML/ Feasibility of smartphone )
Duong, 2021 Caries screening CNN prototype photographic ML [47]
i Caries CNN ensembles, High-performance
Khnisch, 2022 detection Transfer learning caries benchmarking (271
Plague Local-to-global attention Improved plague
Shuai L, 2022 se megtation (U-Net variant) bounlziar delfin(:lation (401
& Attention-based U-Net y
. Plaque Automated AutoML for plaque detection on
Nantakeeratipat, 2024 . permanent teeth [28]
detection ML frameworks .
Automated model selection
Ryu, 2022 Othodon.tlc CNN (IOPI Classification) Autor.nated classification of 130]
diagnosis intraoral photos
OPMD . .
Vinayahalingam, 2024 multi-class Vision Transformer Multl-class. PM].D detection [34]
d . using ViTs
etection
Tanriver, 2021 Oral 1e§1on CNN-based classifiers Early automated PMD detection [33]
detection
Kaissis, 2020 Federated training FL frameworks anac};;ﬁ?fr‘i];nri:;ﬁclg{ center [20,21]
Rischke, 2022 context (FedAvg/FedProx) . ng . !
imaging/dentistry
SSL paradigms . - .
Taleb, 2022 Label-efficient learning (SimCLR, BYOL, SSL promises efficient detection and [57]
labeling of dental caries
MoCo)
Table 5. Summary of DL architecture for analyzing IOPI-based dental disease.
. Typical Dental Roles s Representative Benchmark
Model/Architecture (IOPI) Strengths Limitations Studies
Res Net Caries gr}d 1§510n Strong fe{ature Limited global context; [22]
classification extraction needs augmentation
Efficient Net/ Smartphone screenin Good accuracy- Sensitive to IOPI [39]
Mobile Net P & compute tradeoff variability
U-Net/DeepLabV3+/ Plaque, gingiva, lesion Accurate boundary Limited global
. . o ; [15,53]
Attention U-Net segmentation localization reasoning
_ Multi-disease and Strong global y
Vision Transformers orthodontic analysis context modeling Data hungry [34,55]
GAN's Data augmentation, Mltlgate class Risk of unrealistic [17,18]
color correction imbalance samples
Self-Supervised Learning Label ef.ﬁc.1ent, Reduces annotation Sensitive fro [56,57]
pretraining burden augmentation
Federated Learning Multi-center training Privacy-preserving robust ~Communication overhead [20,21]
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6. Image Preprocessing and Augmentation

Preprocessing is critical for improving the quality, consistency, and diagnostic value
of IOPIs, which are often affected by variations, saliva reflections, color distortions, and
occlusal angulation. Effective preprocessing minimizes the irrelevant variability and high-
lights the diagnostically relevant structures.

6.1. Color Constancy and Normalization

IOPIs captured using smartphones or consumer-grade cameras often exhibit uneven
illumination, shadows, and color shifts. Techniques such as gray-world, shades-of-gray,
Retinex-based algorithms, and learning-based color-constancy models standardize color
appearance across sessions and devices, improving the visibility of white-spot lesions,
plaque films, gingival erythema, mucosal abnormalities, and other subtle features [58].

6.2. Contrast Enhancement

CLAHE is commonly applied to enhance local contrast, particularly for early caries,
plaque boundaries, and soft-tissue textures. CLAHE increases the discriminability of low-
contrast regions without excessively amplifying noise, enabling CNNs and transformers to
extract more informative features from enamel surfaces and gingival tissues [59].

6.3. Region-of-Interest Extraction

Automatic ROI extraction reduces background noise and directs the model’s focus
to clinically relevant areas. Prior to classification, teeth, gingiva, or oral lesions can be
cropped using detection models such as YOLOvV5, Faster R-CNN, or SSD. ROI-based
pipelines enhance classification accuracy by excluding extraneous regions such as lips,
tongue, cheeks, and specular highlights [42].

6.4. Image Augmentation

Image augmentation strategies—including rotation, scaling, horizontal flipping, color
jittering, Gaussian noise, elastic deformation, and Random Erasing—expand dataset di-
versity and mitigate overfitting [60]. Advanced techniques such as GAN-based synthetic
data generation and mix-up/cut mix produce realistic variations that improve model gen-
eralization, particularly for underrepresented categories such as early lesions or rare soft-
tissue abnormalities [18].

6.5. Standardized Photography Protocols

Despite advances in preprocessing, variability in image acquisition remains a major
challenge. Studies have emphasized the importance of standardized protocols that specify
a fixed camera distance, controlled lighting, use of retractors, tooth-surface drying, and
consistent framing [61]. Clinical guidelines for IOPI capture are essential for enhancing
model robustness and supporting future multi-center deployments [62].

Table 6 summarizes the reported performance of representative deep learning mod-
els across major intraoral photographic image-based dental diagnostic tasks, including
caries, gingivitis, plaque, orthodontic conditions, and soft-tissue lesions. It enables con-
cise comparison of evaluation metrics and highlights persistent performance gaps under
external validation.
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Table 6. Performance summary of state-of-the-art DL approaches for key IOPI-based dental disease tasks.

Best Reported . Reported Key
Task Model(s) Dataset Source Key Techniques Performance Reviewed Studies
Caries I Accurac
. Res Net/CNN models smartphone IOPIs segmentation, CLAHE, OY [22,47,52]
detection . ~85-93%
ROI cropping
Gingivitis/ . Clinical Gingival ROI, Accuracy ,
periodontal grading CNN classifiers RGB photos color normalization ~85-92% [25,26,45]
Plaque Attention Color normalization, Dice
que. . Masked datasets . L coefficients [28,40,44]
segmentation U-Net variants morphological cleaning ~0.82-0.95
Orthodontic CNNs, ViT/ Clinical Alignment/ Accuracy [29,42]
classification Swin variants 10OPIs ROI extraction ~90-99% !
OPMD detection CNN ensembles, ViTs Clinical photos Contrast enhancement, 0?51{ g; 6 [33,35]
Multi-center Federated Multi- FL training; Improved external [20,21]
robustness learning center datasets domain adaptation robustness g

7. Evaluation Metrics

When evaluating DL systems for IOPI analysis, the metrics must be tailored to classifi-
cation, detection, and segmentation tasks. Rigorous and consistent evaluation is crucial for
translating these systems into clinical practice.

7.1. Classification Metrics
7.1.1. Accuracy

Accuracy, defined as the proportion of correctly classified images among all predic-
tions, is commonly reported but may be insufficient for evaluating imbalanced dental
datasets, where conditions like caries are far more prevalent than soft-tissue lesions. For
screening applications, metrics such as sensitivity and specificity often provide more clini-
cally meaningful insights than accuracy alone.

7.1.2. Sensitivity and Specificity

Sensitivity (true positive rate) and specificity (true negative rate) measure a model’s
ability to correctly identify diseased and healthy cases, respectively. These metrics are
critical for detecting caries and gingivitis, as false negatives can lead to missed diagnoses
with remarkable clinical implications.

7.1.3. Precision, Recall, and F1-Score

Precision defines the proportion of accurate positive predictions among all positive
cases, while recall (also called sensitivity) indicates the proportion of accurate positive
predictions among all cases. The F1-score, calculated as the harmonic mean of precision and
recall, provides a balanced measure that is particularly useful for imbalanced datasets. The
F1-score is commonly used in IOPI research, particularly for tasks such as mucosal-lesion
classification and multi-disease detection.

7.1.4. Area Under the Receiver Operating Characteristic Curve

The AUC evaluates classification performance across varying probability thresh-
olds and is robust to class imbalance. High AUC values (typically 0.85-0.96) are com-
monly reported in DL-based caries detection, gingivitis classification, and multi-disease
screening tasks [10,63].
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7.2. Segmentation Metrics

Robust evaluation metrics are essential for assessing the spatial accuracy of pixel-level
tasks, such as dental plaque and lesion segmentation. The Dice coefficient measures the
overlap between predicted segmentation masks and ground-truth annotations, providing
sensitivity to small structures. Similarly, Intersection over Union (IoU) evaluates boundary
alignment and region matching, reflecting segmentation precision. State-of-the-art archi-
tectures, including U-Net and Deep Lab, consistently achieve Dice scores above 0.85 on
well-preprocessed intraoral datasets, highlighting their effectiveness in fine-grained dental
image analysis [22].

7.3. Calibration, Robustness, and Reliability Assessments

Calibration metrics such as the Brier score or expected calibration error are rarely
reported but are important for assessing prediction confidence. Robustness testing under
varied lighting conditions, low-resolution inputs, and real-world smartphone imagery is
increasingly recommended in model reliability assessments [64].

7.4. External Validation and Cross-Domain Generalization

Large-scale external validation remains conspicuously lacking in the current research.
The performances of many models decline by 10-30% on data from different institutions or
imaging devices, underscoring the need for domain adaptation and FL. External validation
on geographically and demographically diverse datasets remains the gold standard for
achieving clinical readiness [13].

7.5. Human-Artificial Intelligence Comparison and Clinical Utility

Multiple studies have shown that Al systems can match or exceed human perfor-
mance in tasks such as caries detection, plaque assessment, and lesion identification.
However, clinical utility depends not only on accuracy but also on explainability, robust-
ness, and seamless integration into real-world workflows, including tele-dentistry and
mobile health applications [65].

7.6. Interpretation of Evaluation Metrics and Acceptable Performance Ranges

In IOPI-based dental Al, evaluation metrics such as accuracy, sensitivity, specificity,
AUC, Dice, and IoU should be interpreted in a task-specific context and with considera-
tion of dataset imbalance; general guidance on metric reporting and pitfalls in medical
imaging Al is provided in recent methodological recommendations. For classification
tasks, accuracy and AUC values > 0.85 are commonly reported as acceptable for assistive
screening under controlled settings, as demonstrated in caries and periodontal or gingival
classification studies [25,26]. For segmentation tasks, including plaque and gingival-region
delineation, Dice and IoU values > 0.80 are generally considered acceptable and >0.85
strong, consistent with recent intraoral segmentation studies [11,43]. For photographic
soft-tissue and potentially malignant disorder (OPMD) screening, high sensitivity (ap-
proximately >0.85) is typically prioritized to reduce missed lesions [33,35]. Across all
tasks, reliance on a single metric is insufficient, and complementary metrics together with
explicit reporting of internal versus external validation are required for robust and clinically
meaningful evaluation [64]. Figure 5 presents a conceptual overview of the evaluation
metrics frequently employed in deep learning-based intraoral photographic image (IOPI)
analysis. It systematically maps each metric to its respective task type and underscores key
interpretational limitations.

https:/ /doi.org/10.3390/ai7030085


https://doi.org/10.3390/ai7030085

Al 2026, 7,85 20 of 27
Task Type Evaluation Metrics Common Limitations
é N | Misleading with
| Accuracy (Overall correctness) >
Sensitivity (Ability to detect positives) >/ e
L y 2 P specificity
Specificity (Ability to reject negatives) q Trade-oﬁ: I'ower
. sensitivity
Classification >> T ;
AUC-ROC (Performance across thresholds) > arder fo Interpre
L clinically
Precision (Purity of predicted positives) > Ignores false negatives
K / F1-score (Balance between precision & recall) » Masks per-class errors
Dice Similarity Coefficient (DSC) (Mask Dependent on
overla annotation qualit
Segmentation . ‘p) . o ey
loU (Intersection over Union) Overlap relative to Sensitive to small
union structures
Generalization External Validation Performapce (Independent } Often lower; rarely
dataset evaluation) reported

Figure 5. Evaluation metrics landscape for Deep Learning intra-oral photographic image analysis.

8. Challenges and Limitations

Despite notable advancements, the widespread adoption of DL for IOPI analysis
is limited by several key challenges, including data quality constraints, limited model
robustness, restricted interpretability, privacy and governance concerns, and workflow
integration barriers. Addressing these limitations is critical for developing reliable, clinically
deployable Al systems in dentistry.

8.1. Dataset Limitations and Class Imbalance

A major challenge in Al-based dental imaging is the limited availability of large,
diverse, and well-annotated datasets. Most studies rely on single-center cohorts with
narrow demographic representation and inconsistent imaging conditions. Rare condi-
tions, such as early enamel lesions or PMDs, remain underrepresented, leading to model
overfitting on common disease patterns. While augmentation strategies and GAN-based
synthetic image generation partially mitigate class imbalance, real-world variability re-
mains a significant obstacle [66].

8.2. Domain Shift and Variability in Image Acquisition

Intraoral photographs exhibit substantial variations in lighting, camera type, occlusal
angle, saliva reflections, and operator technique. These factors cause domain shift, wherein
models trained on one dataset perform poorly on another. Even minor changes in imaging
conditions can markedly reduce segmentation or classification performance. Techniques
such as color-constancy correction, standardized acquisition protocols, and domain adapta-
tion provide partial solutions, but multi-center validation remains limited [67].

8.3. Lack of Explainability and Clinical Transparency

CNNs, U-Nets, and vision transformers achieve strong predictive performance, but
often operate as opaque “black-box” systems. Most studies rely on Grad-CAM or attention-
based visualizations, which remain clinically unverified and frequently emphasize regions
unrelated to diagnostic decision-making. To earn the trust of clinicians, models must
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provide clear, reproducible reasoning pathways and demonstrate consistent interpretability
of their automated outputs across diverse disease categories [68].

8.4. Limited External and Prospective Validation

Many models achieve high accuracy on internal test sets resembling their training data,
yet performance often declines by 10-30% on independent external datasets. Few studies
report prospective validations or evaluate system performance in real-world tele-dentistry
environments. Without robust cross-institutional evaluation, these models may lack general-
izability across diverse patient demographics, imaging devices, and clinical workflows [46].

8.5. Privacy, Ethics, and Regulatory Constraints

IOPIs contain identifiable biometric features, including tooth morphology and sur-
rounding soft tissues. Data sharing is restricted by regulations such as the GDPR, HIPAA,
and institutional policies, limiting the creation of large multi-center datasets. While FL
partially addresses these challenges, regulatory oversight of Al-driven dental diagnostic
systems remains underdeveloped, and no DL tool based on IOPI analysis has yet received
FDA or CE certification [20,69].

8.6. Integration into Clinical Workflow

Despite strong experimental performance, most DL systems have not been adopted
in routine dental practice. Barriers include limited interoperability with electronic dental
records, unstable internet access in remote settings, hardware constraints in low-resource
clinics, and the absence of intuitive, clinician-centered interfaces. Effective integration
will require robust deployment frameworks, informative visualization tools, and targeted
clinician training programs [70].

9. Future Research Directions

To overcome current limitations and accelerate clinical translation, the following
research avenues should be prioritized:

9.1. Development of Large, Multi-Center, Standardized Datasets

Collaborative international datasets with standardized acquisition protocols can en-
hance model generalizability. Evidence indicates that cross-center training and multi-center
imaging repositories substantially reduce bias and strengthen the external validity of dental
Al models [66].

9.2. Advanced Learning Paradigms: Self-Supervised Learning, FL, and Multi-Task Models

SSL leverages unlabeled dental images, reducing annotation burden and improving
model performance. FL enables privacy-preserving collaboration across clinics, mitigating
domain shifts and promoting fairness. Multi-task architectures integrating detection of
caries, plaque, gingivitis, orthodontic findings, and soft-tissue lesions have shown promise
for simultaneous classification tasks [56,71].

9.3. Improved Explainability and Clinical Interpretability

Clinically validated explainability tools, including hierarchical attention maps, Shapley
additive explanation-based attributions, and rule-based overlays linked to diagnostic
criteria, are emerging in healthcare AL. Human—AlI collaborative studies are essential to
evaluate how explainability affects clinical trust and diagnostic confidence [14].
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9.4. Robustness, Calibration, and Continual Learning

Models must maintain performance under real-world imaging challenges, includ-
ing poor lighting, motion blur, and artifacts. Recent robustness-testing frameworks and
motion-correction techniques in medical imaging support reliable performance. Calibration
methods and continual learning strategies enable models to adapt over time, mitigating
domain drift in diagnostic applications [72].

9.5. Integration with Mobile and Tele-Dentistry Platforms

Lightweight architectures, such as MobileNetV3 and Efficient Net-Lite, can be de-
ployed on mobile platforms to expand access to underserved populations. Early studies of
mobile Al for plaque detection report only moderate accuracy, emphasizing the need for
improved usability and seamless workflow integration [39,73].

9.6. Regulatory Approval Pathways and Ethical Frameworks

Regulatory guidelines for Al applications are evolving rapidly. The FDA’s credibility
framework and CE guidelines prioritize safety, transparency, and reliability. Dentistry-
specific ethical checklists, emphasizing autonomy, fairness, and data protection, provide
essential guidance for the responsible deployment of Al in clinical practice [74]. Figure 6
presents a radial diagram illustrating the key future directions for deep learning based
IOPIs analysis. The radial representation highlights the translational advances expected to
collectively address current limitations related to data availability, privacy, interpretability,
and clinical deployment. Table 7 highlights the key challenges and prospective directions
for advancing IOPI-based dental disease detection.

Multi-modal /
Multi-view Al

Self-

Supervised
Learning
(ssL)

Al for IOPI-
Federated based

Learning (FL) Dental
Diagnosis

Explainable
Al (XAI)

Mobile &
Tele-dentistry
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Multi-Center
Standardized
datasets

Robust and
reliable Al

Regulatory
and ethical
readiness

Figure 6. Future Research Directions in Deep Learning-Based Intraoral Photographic Image (IOPI) Analysis.
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Table 7. Future directions of DL approaches for IOPI-based dental-disease detection.

Challenge Area Evidence from Literature Future Research Directions
Many studies rely on single-center datasets with Development of multi-center IOPI
Dataset heterogeneity limited demographic and clinical diversity [10,26], datasets with standardized

affecting generalizability [60].

acquisition protocols.

Image acquisition variability

Variations in lighting, device type,
viewing angle, and saliva artifacts
influence model performance [26,47].

Color normalization, illumination
correction, and guided
image-capture strategies.

Class imbalance and rare conditions

Rare conditions such as early caries and OPMDs
are underrepresented in available datasets [26,29].

Targeted data collection, synthetic
augmentation, and self-supervised pretraining.

Domain shift and
external validation

Performance degradation is commonly reported
on external datasets due to domain shift [60].

Domain adaptation techniques, external
validation, and federated learning.

Limited
explainability

Saliency-based explanations are not always
aligned with clinical reasoning [64,71].

Clinically interpretable explanation frameworks
and human-Al studies.

Annotation burden

Manual labeling is time-consuming and subject to
inter-observer variability [21,31].

Self-supervised, weakly supervised, and
consensus-based annotation methods.

Privacy and regulatory constraints

Data-sharing restrictions limit large-scale
multi-institutional collaboration [74].

Privacy-preserving learning and
regulatory-aligned Al development.

Model reliability and calibration

Confidence estimates are often poorly calibrated
for clinical decision support [68].

Uncertainty-aware modeling
and calibration strategies.

Clinical workflow integration

Limited deployment due to interoperability
and hardware constraints [8,50].

Lightweight models, interoperable
deployment frameworks, and
user-centered design.

Lack of prospective evaluation

Most studies rely on retrospective analysis.

Prospective and longitudinal
clinical validation studies.

10. Conclusions

DL has transformed IOPI analysis, enabling precise detection of dental caries, gingival
disease, plaque accumulation, orthodontic abnormalities, and soft-tissue lesions. CNNSs,
U-Net variants, and transformer-based architectures have demonstrated strong diagnostic
performance, while emerging strategies such as SSL, multi-task learning, and federated
collaboration offer further improvements in accuracy, generalizability, and scalability.

Despite these advances, key challenges remain, including limited dataset diversity,
domain adaptation, model interpretability, privacy compliance, and clinical integration.
Rigorous external validation, adherence to regulatory standards, and seamless workflow
incorporation are essential for widespread adoption in dental practice. With ongoing
progress in data quality, model architecture, privacy-preserving learning, and mobile
platform deployment, Al-driven IOPI analysis is poised to enhance diagnostic precision,
expand tele-dentistry services, reduce healthcare disparities, and enable early detection of
oral diseases worldwide.
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