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Abstract

Introduction. Panoramic dental radiographs provide an overview of the teeth, jaws, and surrounding
structures. Automated segmentation may support the quantitative analysis of dental images. This study
evaluated a modified Mask R-CNN approach with residual feature extraction for the segmentation of individual
teeth in panoramic radiographs.

Material and Methods. A sequence of residual blocks was used to construct a reported 62-layer feature
extraction network for a modified Mask R-CNN (MRCNN). The UFBA-UESC and Tufts dental image datasets
comprised 2,500 panoramic radiographs: 1,800 were assigned to training, 448 to validation, and 252 to testing.

Results. The modified model achieved a reported training accuracy of 99.67% and validation accuracy of
98.94%. Averaged across validation runs, the author-reported corrected Dice score was 98.67%, intersection
over union (loU) was 97.8%, and pixel accuracy was 96.53%. On the separate test set of 252 radiographs, the
Dice scores were 96.0% for the modified model and 83.0% for the original model. Training, validation, and test
metrics are reported separately.

Conclusion. The findings support the potential of the proposed approach for automated tooth segmentation in
panoramic dental radiographs. Accurate delineation of individual teeth may provide a useful component for
future computer-assisted dental image analysis. Its possible contribution to oral cancer assessment, treatment
planning, or follow-up requires dedicated clinical validation, as these applications were not evaluated in the
present study.
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Introduction

Panoramic radiographs provide an overview of the
teeth, jaws, and surrounding structures and are
widely used in dental image assessment. Automated
tooth segmentation may support image analysis by
delineating individual teeth and providing a basis for
quantitative measurements. In the context of oral
oncology, such tools could potentially contribute to
future image-analysis workflows. However,
segmentation of teeth does not by itself establish the
ability to detect malignancy or assess treatment
response. The present study therefore evaluates
technical tooth-segmentation performance rather
than clinical performance in oral cancer diagnosis or
management.

Poor contrast, limited resolution, and noise in
panoramic radiographs can make image
interpretation and segmentation difficult. Medical
image segmentation assigns image pixels to objects
or regions of interest. The aim here is to delineate
individual teeth, including adjacent teeth that may be
difficult to separate.

Silva et al. reviewed conventional approaches to
tooth segmentation and introduced the UFBA-UESC
dataset of 1,500 panoramic radiographs (1). Earlier
studies used region-based, threshold-based, and
boundary-based techniques for dental or jaw-image
analysis (2-6). Separation of teeth from surrounding
bone can remain challenging.

Deep-learning methods have been investigated for
semantic and instance segmentation. Jader et al.
used Mask R-CNN for instance segmentation of
teeth (6,7). Koch et al. used U-Nets for segmentation
of panoramic dental radiographs (8,9).

This study examines a modified Mask R-CNN with
residual feature extraction. The original report also
includes results labelled FPN, U-Net, U-Net++,
PSPNet, DeepLabV3, and DeeplLabV3+; limitations
of these comparisons are described below.
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Material and Methods

A. Data

The UFBA-UESC dental image dataset (1)
contributed 1,500 images, reported as 1991 x 1127
pixels, with tooth-number annotations in FDI notation
and COCO format. The original report describes
eight groups according to tooth presence,
restorations, and appliances. The Tufts Dental
Database (19) contributed 1,000 annotated
panoramic radiographs. The combined dataset
contained 2,500 images.

According to the original study report, 1,800 images
were assigned to training, 448 to validation, and 252
to testing. The training-to-validation ratio among the
2,248 non-test images was approximately 8:2.

The authors confirm that the corrected validation
metrics were averaged across validation runs: Dice
98.67%, loU 97.8%, and pixel accuracy 96.53%.
Individual validation-run results are not available.
Test-set performance is reported separately and was
not included in these validation means.

The original report described four groups of 112
validation images, but the available records do not
establish whether these represented independent
training folds or subdivisions of a fixed validation set.
A reproducible four-fold cross-validation protocol
therefore cannot be specified.

The original report also states that different training,
validation, and test proportions were explored before
selecting the final allocation. The selection criterion
and whether test outcomes informed this choice are
not documented. The test results are consequently
described as results on the reported test set, without
asserting an independently protected holdout.

Patient-level separation, random seeds, and split
files were not available for verification in this revision.
This limits assessment of generalisability; it does not
itself establish that overlap occurred.
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B. Mask R-CNN architecture

The architecture is based on Mask R-CNN (7),
illustrated in Figure 1A. Region-based convolutional
neural networks detect candidate objects and refine
their class assignments and bounding boxes. R-CNN
used convolutional features with a classifier (10);
Fast R-CNN introduced ROI pooling (11), and Faster
R-CNN introduced a region proposal network (RPN)
(12). Feature pyramid networks combine information
at multiple scales (13).

The RPN predicts objectness and bounding-box
coordinates. Mask R-CNN adds a mask-prediction
branch alongside classification and box regression.
Fully convolutional approaches provide the broader
context for pixel-level prediction (15).

SJORANM.COM

C. Proposed residual CNN

The original study describes a 62-layer feature
extraction network consisting of 20 residual blocks.
The diagram divides it into six stages, S1-S6 (Figure
1B). The baseline backbone is inconsistently named
ResNet50 and ResNet101 in the original materials;
its exact configuration cannot be established from
the available implementation records.

Figure 1B shows 4, 4, 6, 3, and 3 residual blocks in
stages S2-S6, respectively, giving 20 blocks in total.
Each illustrated bottleneck block contains three
convolutions: 1 x 1,3 x 3, and 1 x 1. The original
description of three blocks per stage has been
corrected to distinguish convolutional layers from
repeated residual blocks.

A 1 x 1 projection on a shortcut is described for
matching dimensions at stage transitions. Adam was
reported as the optimiser.
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Figure 1. A: Original Mask R-CNN schematic, showing the CNN, RPN, ROI Align, mask branch, and fully connected (FC) outputs for
classes and bounding boxes. B: Reported modified residual backbone; xn denotes block repetitions. C: Implementation workflow:
conversion from TensorFlow 1 to TensorFlow 2, training, testing, and evaluation. Original image panels are retained.
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Material and Methods D. Proposed modifications

The residual backbone and modified model are

C. Proposed residual CNN (continued) . R
illustrated in Figures 1B and 2A. Input dental

The original description divides the network into radiographs are processed layer by layer to obtain
Network-1 (S1-S5), using conventional convolutions, feature maps, with an FPN structure combining

and Network-2 (S6), described as using dilated multi-scale information. The backend performs
convolutions. Figure 1B shows a 7 x 7 convolution classification, bounding-box regression, and instance
and 4 x 4 max pooling before the residual stages, segmentation. Within each predicted box, the mask
followed by global average pooling and a fully distinguishes tooth from background.

connected layer. The text states that the
feature-extraction portion does not use the final fully
connected layer.

ROI cropping is proposed to introduce location
information into the segmentation pathway (Figure
2A). These architectural features describe the

The original records describe both 512 x 512 image proposed design; their individual contribution was not
resizing and random square input patches of that established through a reported ablation study. The
size. Stride settings and the precise relation between mapping of all diagram components to the trained
these preprocessing descriptions are not implementation remains a reproducibility limitation.

documented consistently. No unverified settings
have been reconstructed.
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Figure 2. A: Modified Mask R-CNN with ROI cropping. B: Aggregate Dice scores, separated into validation and test results. The
modified-model validation mean is corrected to 98.67%; the other three scores are retained from the original report. No run-level
values or error bars are available. C: Original training/validation accuracy (upper curves) and loss (lower curves), blue/red
respectively. Curves are retained as reported; the accuracy definition and loss implementation cannot be verified. Panel B replaces
the earlier four-group chart.
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E. Loss function and training

The authors confirm that Dice loss was used for
mask-segmentation optimisation. The exact loss
implementation is not available for verification in this
revision; consequently, its mathematical variant,
smoothing, reduction and weighting, and
combination with the other model-loss components
cannot be specified retrospectively. No reconstructed
formula is presented as the training objective used in
this study.

The original and modified models were compared.
Images were reported as resized to 512 x 512 pixels.
The training description specifies 64 feature maps
initially, doubling with downsampling to 512. Their
precise correspondence to the channel counts up to
2048 in Figure 1B is not documented.

The reported initial learning rate was 0.0001, with
Adam optimisation, batch size 2, and 100 epochs.
When validation performance did not improve, the
learning rate was halved every 15 epochs.
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F. Implementation and evaluation workflow

The reported hardware was an NVIDIA RTX 3060
with 12 GB GPU memory and 32 GB system RAM,;
mean epoch duration was approximately 85
seconds.

The workflow is shown in Figure 1C. TensorFlow
2.7.0, Keras, and Python 3 were reported, with a
public Mask R-CNN implementation cited as the
starting point (20). This reference does not identify a
verified commit, trained weights, or the complete
implementation of the modified 62-layer network.

The modified model was trained using 1,800
annotated panoramic radiographs, with 448 images
assigned to validation. The trained model was then
evaluated on the reported test set of 252 images.
The original model was reported as trained and
evaluated using the same procedure.

Figure 2C preserves the original training curves. The
reported training-process accuracy values are kept
distinct from Dice, loU, and pixel accuracy. Exact
definitions and underlying logs for these curves are
unavailable.

(c) Predicted mask by
Original MRCNN

(d) Predicted mask by
Modified MRCNN

Figure 3. A: Examples of (a) panoramic input images, (b) ground-truth masks, (c) original-model predictions, and (d) modified-model
predictions. Circles identify segmentation errors, including an error in the third modified-model example. B: Individual tooth masks
and bounding boxes generated by the proposed model, displayed in different colours. Original panels are retained.
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G. Performance metrics

Dice score measures overlap between a predicted
segmentation and a reference mask. Pixel accuracy
is the proportion of correctly classified pixels among
evaluated pixels. Intersection over union (loU) is the
intersection of predicted and reference foreground
regions divided by their union. Mean loU refers to an
average over specified classes.

These descriptions identify the intended metrics. The
exact class inclusion, handling of empty masks,
reduction, and weighting used in the reported
calculations cannot be established retrospectively.
The corrected validation figures are author-reported
means across validation runs.

H. Residual blocks

Deep networks such as VGG (16) and GooglLeNet
(17) motivated research into greater depth while
controlling computational cost and optimisation
difficulties. He et al. introduced residual learning (18),
in which a block learns a residual mapping added to
a shortcut input.

If the desired mapping is F(x), the residual can be
written R(x) = F(x) - x, so that the block output is R(x)
+ Xx. A two-layer block can contain two 3 x 3
convolutions; a bottleneck block uses 1 x 1, 3 x 3,
and 1 x 1 convolutions. The 1 x 1 layers control the
channel dimension around the spatial convolution.

The proposed design uses three-convolution
bottleneck blocks. Residual connections assist
optimisation; they do not establish a clinical benefit
or guarantee freedom from overfitting.

Bhalerao et al. - Automatic Joint Teeth Segmentation
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Results

Training performance

The final training accuracy reported for the modified
model was 99.67%. The training and validation
curves are shown in Figure 2C. These
training-process metrics are distinguished from the
segmentation metrics reported below.

Validation performance

Averaged across validation runs, the
author-confirmed corrected values for the modified
model were 98.67% for the Dice score, 97.8% for
intersection over union (loU), and 96.53% for pixel
accuracy (Table 1). Individual run-level values are
unavailable; variability and confidence intervals
cannot be reconstructed. The original model had a
reported validation Dice score of 85.0%. The
difference between the reported validation Dice
scores was therefore 13.67 percentage points.

The validation accuracy reported during training was
98.94% (Figure 2C). This value is reported
separately and should not be interpreted as the Dice
score or pixel accuracy in Table 1.

Test performance

On the reported test set of 252 panoramic
radiographs, the Dice score was 96.0% for the
modified model and 83.0% for the original model.
The difference was 13.0 percentage points. These
test results are distinct from the validation results and
form the basis for describing performance on the
reported test set.

Interpretation

The reported Dice scores were numerically higher for
the modified model on the validation and test data.
These are aggregate author-reported estimates; the
unavailable implementation details and individual
validation-run results limit independent verification
and interpretation of comparative performance. The
findings concern tooth segmentation and do not
establish diagnostic accuracy for oral cancer,
treatment-response assessment, or improvement in
patient outcomes. The unresolved compatibility of
loU and pixel accuracy is addressed in the
limitations.
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Results and Discussion

Table 1. Reported segmentation metrics. The corrected modified-model row contains validation means across runs. Comparator

SJORANM.COM

values are retained from the original report, which associated the comparison with Tufts data; their exact split and evaluation protocol

are not established. Rows should not be treated as a verified like-for-like ranking.

Model loU (%) Pixel accuracy (%) Dice (%)

FPN (13) 86.37 95.17 92.24
U-Net (9) 86.67 95.22 92.46
U-Net++ (21) 86.62 95.19 92.47
PSPNet (22) 86.08 95.00 91.77
DeeplLabV3 (23) 86.21 95.00 92.00
DeepLabV3+ (24) 86.41 95.13 91.80
Modified MRCNN - validation 97.8 96.53 98.67

Qualitative results

Figure 3 shows input radiographs, reference masks,
and predictions from both models. The displayed
modified-model examples separate some adjacent
teeth that are merged in original-model predictions.
Errors nevertheless remain, including the circled
example in the third row. These selected examples
illustrate behaviour and do not quantify its frequency.

Discussion

The study examines a modified residual backbone
and ROI cropping for tooth segmentation in
panoramic radiographs. The reported Dice scores
are numerically higher for the modified model: by
13.67 percentage points in validation and 13.0
percentage points on the reported test set. These
differences are descriptive and do not establish
statistical or independently verified superiority.

The proposed ROI pathway may help convey
location information, but the available comparison
does not isolate this component from other
architecture and training changes. A causal
attribution of the observed difference to ROI cropping
alone is therefore not supported.

Bhalerao et al. - Automatic Joint Teeth Segmentation

Panoramic tooth segmentation is challenging
because of noise, uneven contrast, overlapping
structures, restorations, and variability in tooth
position. Similar tooth shapes and grey-level
intensities can make boundaries difficult to
distinguish. Missing teeth and changes in
neighbouring tooth positions can reduce the
usefulness of location priors.

Jader et al. investigated Mask R-CNN for instance
segmentation of teeth (6). The present results can be
considered alongside this work, but differences in
datasets, splits, training, and evaluation prevent an
unqualified comparison. Table 1 retains the originally
reported comparator values with their provenance
limitations. The segmentation head associated with
the FPN row and complete common comparison
protocols are not documented.

The observed segmentation performance provides a
basis for further research into computer-assisted
dental image analysis. Any application to oral cancer
assessment would require disease-specific
evaluation beyond the technical segmentation
experiments reported here.

Future technical work could improve detection and
mask quality, investigate tooth numbering and
missing teeth, and evaluate robustness across
imaging conditions. These remain research
objectives.

Corrected version - 15 September 2026

ISSN 2813-7221 - Swiss J. Radiol. Nucl. Med. (2024) 12(1):5-14 - DOI 10.59667/sjoranm.v12i1.18 p11


https://sjoranm.com/sjoranm/article/view/43
https://doi.org/10.59667/sjoranm.v12i1.18

ORIGINAL ARTICLE | Swiss J. Radiol. Nucl. Med. | 2024 12(1):5-14 | 10.59667/sjoranm.v12i1.18

Limitations

The results should be interpreted as author-reported
aggregate estimates. The exact loss implementation
and individual validation-run outputs are unavailable,
limiting reproducibility and preventing reconstruction
of between-run variability or confidence intervals.
The averaging and weighting procedures within each
metric cannot be independently verified.

The reported validation loU exceeds the reported
pixel accuracy. For binary masks evaluated on the
same pixels with consistent weighting, loU cannot
exceed pixel accuracy; averaging over the same
runs does not remove this constraint. Thus, the
compatibility of these aggregate values cannot be
established from the available records. Differences in
metric computation or weighting might account for
the discrepancy, but this explanation cannot be
confirmed retrospectively. The reported figures
should therefore not be treated as independently
verified evidence of comparative superiority.

The study assessed tooth segmentation. It did not
evaluate oral cancer detection, treatment response,
recurrence, or patient outcomes. Potential clinical
applications require dedicated validation with
appropriate reference standards.

The exact backbone configuration, preprocessing
sequence, split-selection procedure, patient-level
separation, and common comparator protocols are
not fully documented. The original descriptions and
diagrams are retained only to the extent that they
can be identified as reported design information.
They do not substitute for executable code, trained
weights, or evaluation records.

The reported test results have not been newly
recalculated or independently confirmed in this
revision. No uncertainty estimates, significance tests,
or external-validation claims can be derived from the
available aggregate values.
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Clinical interpretation

Accurate tooth segmentation may be useful as a
supporting component of computer-assisted dental
image analysis. Potential applications include
anatomical delineation, quantitative comparison of
dental images, and the development of tools for
planning or follow-up. These possibilities should be
distinguished from the outcomes evaluated in the
present study, which concern segmentation
performance.

The present results do not establish diagnostic
performance for oral cancer, the detection of
recurrence, assessment of treatment response, or
improvements in patient outcomes. No dedicated
disease-specific or longitudinal evaluation of these
endpoints was reported. Accordingly, the proposed
method should be considered a technical foundation
for further investigation rather than a clinically
validated tool for these purposes.

Before use in oral oncology, the method would
require evaluation in representative patient cohorts
with appropriate clinical reference standards. Such
studies should assess its added value within a
clinician-led workflow, including robustness across
imaging conditions and the consequences of
segmentation errors. Potential applications to
treatment planning, prosthetic design, or follow-up
remain subjects for future research and should not
be interpreted as demonstrated benefits of the
current model.

Conclusion

This study evaluated a modified Mask R-CNN
approach with residual feature extraction for
automated tooth segmentation in panoramic dental
radiographs. The reported results suggest potential
for delineating individual teeth and support further
development of computer-assisted dental
image-analysis methods.

The clinical implications should be interpreted within
the scope of the study. Oral cancer detection,
treatment response, recurrence, and patient
outcomes were not evaluated; therefore, no
conclusions about clinical effectiveness in these
areas can be drawn. Future work should address
external validation, reproducibility, computational
efficiency, and disease-specific clinical evaluation
before such applications are considered.
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