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Abstract

Dental radiographs are an essential diagnostic tool for
identifying oral pathologies, missing teeth, and maxillo-
facial structures. Manual interpretation of these radio-
graphs can be time-consuming, inconsistent, and prone to
human error, motivating the development of automated ap-
proaches for tooth detection, classification, and reconstruc-
tion. In this study, we present a multi-stage pipeline combin-
ing object detection, segmentation, classification, and gen-
erative modeling to automate tooth identification and syn-
thesis in dental radiographs. We evaluate three segmenta-
tion methods: fine-tuned MobileSAM, YOLOv8 segmenta-
tion, and YOLOv8 bounding boxes refined with MobileSAM.
These are evaluated on two dental datasets and demonstrate
that YOLOv8 achieves superior segmentation performance
across Dice, IoU, and recall metrics. We further implement
post-processing heuristics to enforce anatomical plausibil-
ity, improving classification accuracy from 0.951 to 0.967
by correcting mirrored and duplicate tooth predictions. Fi-
nally, we train a diffusion model on cropped tooth images
to generate anatomically realistic reconstructions of miss-
ing teeth, demonstrating the feasibility of high-quality syn-
thetic tooth generation. These results highlight the potential
of integrating detection, classification, and diffusion-based
synthesis to advance automated dental radiograph analysis
and lay the groundwork for future clinically oriented dental
AI systems.

1. Introduction

Dental radiographs, or dental x-rays, are used to analyze
features and deformities that wouldn’t otherwise be notice-
able in route oral exams and inspection (Fig. 1). These im-
ages can pinpoint issues such as cavities, restorations, im-
plants, and impacted teeth, while also highlighting other
maxillofacial anatomical structures. Accurate and careful
radiographic interpretation is essential for the diagnosis and

Figure 1. Example dental radiograph.

treatment of dental diseases. In particular, as the result of
severe cavities, gum diseases, or accidents (e.g. sports or
trauma), missing teeth are common in dental x-rays; how-
ever, manual charting of missing tooth spaces can be in-
consistent between dental professionals (dentists, dental hy-
gienists, dental assistants, etc.). Manual workflow can also
be time intensive, leading to inaccurate documentation, es-
pecially in high-volume clinics or time-sensitive settings.

There is a need to automate the charting of both the
present and missing teeth for clinical applications. Au-
tomating this step would improve communication, improve
patient safety, and optimize clinical workflows. Models
for accurately identifying tooth numbers would be a key
component in multi-step dental AI systems. Selective re-
alistic modification of dental radiographs such as genera-
tion of synthetic teeth to fill in the empty spaces, adding
pathology or incorporating potential treatment options (im-
plants, restorations, root canals, etc.) would be a valuable
tool to generate robust digital libraries for future develop-
ment of dental AI tools and to perform AI Interpretability
research. In addition, this technology could aid patient ed-
ucation, treatment planning, and dental education.



2. Related Works

2.1. Real-time Object Detection

Faster R-CNN is a convolutional neural network for ob-
ject detection. It uses a Region Proposal Network (RPN)
to create a set of rectangular object proposals, which are
then fed into Fast R-CNN, the previously state-of-the-art
object detection network [1, 10]. Faster R-CNN proves to
have state-of-the-art accuracy on MS COCO and PASCAL
VOC, two commonly used datasets for object detection.

Mask R-CNN furthers the goal of Faster R-CNN by
adding a third output of an object mask [3]. This is done
by predicting segmentation masks on each Region of Inter-
est in parallel with the preexisting Mask R-CNN branches.
Mask R-CNN adds the ability to detect bounding boxes and
objects by each pixel.

You Only Look Once (YOLO) improved on this by
approaching the image at once split into smaller grids.
YOLOv8 improves on this idea with better performance,
flexibility, and efficiency [12]. YOLOv8 was chosen due
to its extensive community adoption and support, its strong
segmentation performance in medical tasks and domains
beyond natural image datasets, and its ability to be fine-
tuned effectively on relatively small datasets.

2.2. Diffusion Models

Variational Auto-Encoders (VAEs) are probabilistic gen-
erative models that use a neural network to encode input
data into a latent distribution with reduced memory cost [5].
With VAEs, the model can understand the latent distribu-
tion itself and refer to specific features as coordinates along
a continuous vector.

Generative Adversarial Networks (GANs) improve on
the images generated by VAEs and similar papers by in-
troducing Adversarial Training [2]. In Adversarial Train-
ing, the generator creates synthetic samples which are then
passed to a discriminator with real data which is tasked with
distinguishing the real data from fake. This process trains
the network to create increasingly realistic data.

Denoising Diffusion Probabilistic Models (DDPMs) re-
frame generative modeling as an iterative denoising pro-
cess [4]. By progressively adding noise and denoising to
train, DDPMs achieve high quality and diverse results with-
out the need for adversarial training.

Instead of running directly on the pixel space like
DDPMs, Stable Diffusion converts images into a latent
space using VAEs for the diffusion process [11]. This
method not only improves the quality and diversity of re-
sults from previous diffusion methods, but also allows for a
variety of extensions to be used in tandem including condi-
tioning and inpainting. Stable Diffusion was chosen due to
its fast inference time and low memory cost.

Figure 2. Example of a dental radiograph with its ground truth
segmentation overlaid.

Figure 3. Example of a pediatric radiograph excluded from the
dataset due to the presence of baby teeth beyond the standard 1–32
Universal Numbering System.

3. Materials & Methods
3.1. Dataset

We used two datasets for this study, both dental radio-
graphs with ground truth segmentations and labellings from
1-32 as is standard in the Universal Numbering System.
The first dataset contains 598 images taken in Asuncion,
Paraguay [7, 8]. The second dataset contains 1000 images
from various hospitals [9]. Both datasets were segmented
and labeled by a team of researchers (Fig. 2). For our needs,
in both datasets, we removed any pediatric images (where
baby teeth other than 1-32 are shown; see Fig. 3). Using
both datasets allowed for increased variability and improved
generalization of the model.

3.2. Computing Resources

To train our model and perform inference, we utilized
the Newton GPU Cluster at the UCF Advanced Research
Computing Center (ARCC) Our model was trained utilizing
NVIDIA Tesla V100 or H100 GPUs.

3.3. Segmentation

Finding an accurate, fast, and computationally efficient
segmentation method was crucial for this study. We wanted
something that could easily be implemented in dental cen-
ters across the globe, including those in resource-limited
settings. After deliberation, we decided on testing Mobile-
SAM, YOLOv8, and a combination of the two.



(a) Radiograph before post processing. (b) Radiograph after post processing.

Figure 4. Example of a radiograph with mirrored classifications before and after post processing.

(a) Radiograph before post processing. (b) Radiograph after post processing.

Figure 5. Example of a radiograph with a duplicate tooth 3 classification before and after post processing.

Segment Anything Model (SAM) is one of the leading
segmentation models. SAM performs particularly well in
zero-shot scenarios and was trained on a wide variety of
datasets [6]. However, its large size and computational de-
mands limit its practicality in low-resource environments.

MobileSAM adapts SAM to work effectively in con-
strained conditions [13]. MobileSAM is 50 times smaller
than SAM and about 40 times faster, making it the ideal
candidate for our preferably low resource model.

MobileSAM, however, has the noticeable limitation of
not being able to classify separate teeth on its own. That,
and the fact that MobileSAM tends to perform poorly on
complex shapes with fine details, such as a group of tightly
packed teeth, encouraged us to compare MobileSAM with
other segmentation methods such as YOLOv8.

The benefit of YOLOv8 is that it can be trained to seg-
ment and classify individual teeth. YOLOv8 also can be
trained to generate bounding boxes, which can then be fed
to MobileSAM to fine tune the segmentation masks of each
tooth individually. We were curious to see if this method
could outperform YOLOv8’s built in segmentation. These
three approaches formed the basis of our segmentation ex-
periments.

Since we are using two datasets, the way the ground truth
masks were created vary slightly. The ”Teeth Segmentation
on dental X-ray images” dataset from Humans In The Loop

uses tight polygons while the ”Tufts Dental Database” uses
slightly larger and more complex composite masks. Due
to this difference, we tested our three approaches on each
dataset individually as well as combined.

3.4. Classification

YOLOv8 not only segments, but classifies images as
well. YOLOv8 was trained to detect 32 objects correspond-
ing to each tooth using the Universal Numbering System,
as in the dataset. For classification and segmentation infer-
ence, we used Class Agnostic Non-Maximum Suppression
with an IoU Threshold of 0.45. This means if any bounding
boxes (whether the same class or not) overlap with an IoU
of 0.45 or greater, the bounding box with the lower confi-
dence is removed.

After segmenting and classifying the data, we applied
a post-processing step to enforce anatomical plausibility.
This script identified and corrected predictions that would
be infeasible in real-world dental anatomy, such as dupli-
cate instances of the same tooth or teeth detected on the
incorrect side of the mouth (e.g., tooth 13 predicted on the
left side rather than the right). In cases where YOLOv8
mirrored a tooth to its counterpart (Fig.4a), we flipped the
classification to the anatomically correct label (Fig.4b). For
duplicate classifications, we confirmed adjacency and ad-
justed labels incrementally based on the surrounding teeth



Figure 6. Table showcasing results from the nine experiments per-
formed.

(Fig. 5).
Post processing improves the quality of cropped inputs

for diffusion model training and increases the frequency of
correct tooth representations during model learning.

3.5. Diffusion

We chose to use Stable Diffusion as our diffusion model
for this study due to its efficient latent space implementa-
tion, which significantly reduces computational cost. Its
ability for inpainting and conditioning is also advantageous,
as it facilitates future extensions incorporating these meth-
ods. Our implementation utilizes a U-Net architecture for
the denoising process, coupled with batch normalization
to accelerate training convergence. Cropped tooth images
from YOLOv8 were resized to 28×28 pixels for training
within the latent space and then restored to the mean height
and width of their respective tooth class during inference.

4. Results
4.1. Segmentation

For segmentation, we evaluated three approaches: (1)
fine-tuned MobileSAM, (2) fine-tuned YOLOv8 segmen-
tation, and (3) fine-tuned YOLOv8 bounding boxes with
fine-tuned MobileSAM segmentation. We evaluated seg-
mentation performance using Dice similarity coefficient
(DSC), Instersection over Union (IoU), and recall, com-
puted against ground truth masks. Figure 6 shows the re-
sults from these three experiments on each dataset individ-
ually and combined. As shown, YOLOv8’s fine-tuned seg-
mentation (Fig.7) outperforms MobileSAM with and with-
out individual bounding boxes in all categories.

4.2. Classification

For classification, we applied our post-processing script
to reassign severely misplaced predictions. Prior to

Figure 7. Example of a radiograph segmented by YOLOv8.

Figure 8. Example of the confusion matrix after YOLOv8 infer-
ence without any post processing. This classification had an accu-
racy of 0.951.

post-processing, YOLOv8 achieved an accuracy of 0.951
(Fig. 8). The confusion matrix revealed mirrored misclas-
sifications (e.g., tooth 3 predicted as tooth 14), visible as
northeast diagonals in the top-left and bottom-right quad-
rants. These errors arise from YOLOv8 internally flipping
images during inference.

After post-processing, accuracy improved to 0.967
(Fig. 9), with the mirrored diagonals eliminated. This cor-
rection removed implausible predictions not addressed by
YOLOv8 alone, enhancing the anatomical plausibility of
classifications and improving downstream diffusion train-
ing by providing more accurate tooth-specific inputs. The
remaining errors were primarily adjacent misclassifications
(off-by-one errors), reflecting inherent difficulty in distin-
guishing neighboring teeth.

4.3. Diffusion

Our diffusion model, trained on cropped tooth images
from the previous steps, successfully generated realistic and
anatomically plausible reconstructions of missing teeth. As
shown in Fig. 10, the model produces diverse outputs for
the same tooth (e.g., teeth 3 and 18) while maintaining the
correct morphology for the given tooth. This diversity re-
flects the model’s ability to capture natural variation in tooth



Figure 9. Example of the confusion matrix after post processing.
This classification had an accuracy of 0.967.

Figure 10. Example of diffusion results from generating tooth 3
and 18, showing diversity in results.

shape while preserving anatomical consistency.
These results demonstrate the potential of diffusion-

based methods for tooth synthesis in dental radiographs.
However, occasional imperfections were observed in the
generation of thinner teeth, due to their height to width ra-
tio. While our current evaluation is qualitative, future work
will include quantitative metrics such as structural similar-
ity (SSIM) and expert assessment to further validate clinical
applicability.

5. Conclusion and Future Work
5.1. Conclusion

In this work, we developed an integrated pipeline for au-
tomated analysis and reconstruction of teeth in dental ra-
diographs. By evaluating MobileSAM, YOLOv8 segmen-
tation, and a hybrid YOLOv8+MobileSAM approach, we
demonstrated that YOLOv8 provides superior segmentation
performance across multiple metrics and datasets. Post-
processing further enhanced classification accuracy by cor-

recting anatomically implausible predictions such as mir-
rored and duplicate teeth. Building on these improvements,
we trained a diffusion model capable of generating realis-
tic and diverse synthetic teeth, demonstrating the feasibility
of generative modeling for reconstructing missing teeth in
dental radiographs. Collectively, these contributions illus-
trate a viable path toward automated dental charting and ra-
diograph augmentation, offering potential benefits for clin-
ical workflows, education, and the development of robust
dental AI systems.

5.2. Future Work

Future directions include incorporating quantitative eval-
uation of the diffusion model using image similarity met-
rics (e.g., SSIM) and expert clinical assessment to vali-
date anatomical realism. Expanding the dataset to include
more diverse patient populations, varied imaging modali-
ties (e.g., panoramic and periapical radiographs), and patho-
logic cases will improve model generalizability. Addi-
tionally, integrating conditional diffusion with treatment
planning (e.g., generating reconstructions with implants
or restorations) could directly support clinical decision-
making. Finally, deploying the pipeline in real-world dental
settings and conducting prospective studies will be critical
to assess its clinical utility and refine the system for practi-
cal adoption in resource-rich and resource-limited environ-
ments alike.
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