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Abstract
Bitewing radiographs play an important role in dental diagnosis,
especially in the detection of caries, evaluation of restorations,
and follow-up of endodontic procedures. However, their manual
interpretation is time-consuming and subject to variability, par-
ticularly in cases involving overlapping structures, low contrast,
and restorative materials. In this context, deep learning methods
have emerged as promising tools for assisting radiographic analysis.
This paper presents an applied semantic segmentation pipeline for
bitewing radiographs based on U-Net with a ResNet50 backbone.
The proposed approach combines grayscale preprocessing, data
augmentation, transfer learning, and multi-class segmentation to
identify crowns, restorations, and root canal treatments. Experi-
mental evaluation yielded an Intersection over Union (IoU) of 0.43,
precision of 0.47, recall of 0.98, and F1-score of 0.44. These results
indicate high sensitivity but limited precision, mainly due to false
positives. Therefore, the present study should be interpreted as an
initial feasibility investigation rather than as a comparative bench-
mark or a clinically deployable solution. Even so, the model was
able to identify relevant dental structures and provides an applied
basis for discussing bitewing radiographs as Smart Medical Media,
in which AI-generated overlays may enrich visual interpretation,
documentation, and communication in digital dentistry.
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1 Introduction
Dental radiographs are essential resources in clinical practice be-
cause they support diagnosis, treatment planning, and follow-up in
several oral health conditions. Among the available radiographic

modalities, bitewing radiographs are particularly relevant for de-
tecting proximal caries, evaluating existing restorations, and mon-
itoring structures associated with conservative and endodontic
treatment [5, 15]. Their diagnostic value makes them one of the
most frequently used imaging modalities in routine dental care.

Despite their usefulness, the interpretation of bitewing radio-
graphs remains a demanding task. Anatomical overlap, image noise,
variable contrast, and the visual similarity between distinct dental
structures may complicate both human reading and automated
analysis [1, 2]. In addition, manual interpretation depends on clini-
cian experience and may be affected by interobserver variability,
especially in subtle or ambiguous cases. These factors motivate the
development of computational methods capable of assisting image
interpretation in a more standardized and reproducible manner.

In recent years, artificial intelligence (AI), especially deep learn-
ing, has shown strong potential in medical image analysis. Con-
volutional neural networks have been successfully applied to clas-
sification, detection, and segmentation tasks, with segmentation
being particularly relevant when precise localization of structures
is required [3, 9]. In dentistry, segmentation has practical impor-
tance because it can support the delineation of restorations, crowns,
endodontic materials, and other structures of clinical relevance,
potentially contributing to visual explanation and decision support.

Among segmentation architectures, U-Net remains one of the
most established approaches due to its encoder–decoder structure
and skip connections, which allow the combination of contextual
and spatial information [9]. When combined with pretrained back-
bones such as ResNet50, U-Net can benefit from transfer learning
and improve feature extraction, especially in scenarios with lim-
ited datasets [3]. For applied research settings, this combination
offers a robust baseline for investigating segmentation performance
without requiring highly specialized model design.

This paper presents an applied deep learning pipeline for se-
mantic segmentation of dental structures in bitewing radiographs
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using U-Net with a ResNet50 backbone. The target classes are
crowns, restorations, and root canal treatments. The contribution
of the work is primarily applied rather than methodological: in-
stead of proposing a novel architecture, we adapt and evaluate a
well-established segmentation pipeline in a specific dental imag-
ing context and discuss the results from the perspective of Smart
Medical Media. This perspective is relevant because radiographs
are not only diagnostic records, but also digital media artifacts that
can be computationally enriched with overlays, masks, and visual
annotations.

The remainder of the paper is organized as follows. Section 2
presents the clinical and conceptual context of bitewing radiographs
and Smart Medical Media. Section 3 describes the dataset, prepro-
cessing steps, architecture, and training setup. Section 4 reports and
discusses the experimental results. Section 5 outlines the main lim-
itations and implications of the study. Finally, Section 6 concludes
the paper and suggests directions for future work.

2 Bitewing Radiographs and Smart Medical
Media

Bitewing radiographs occupy a central place in digital dentistry
because they provide a compact but information-rich view of poste-
rior teeth and surrounding structures. They are commonly used to
reveal proximal caries, recurrent caries under restorations, coronal
adaptations, and radiopaque evidence associated with previous pro-
cedures [15, 16]. Their clinical value is therefore well established,
but their interpretation remains visually demanding.

From a computational perspective, bitewing radiographs are also
challenging images. Relevant structures may appear with subtle
boundaries, low local contrast, or partial overlap, while metallic or
restorative materials may create regions with strong intensity vari-
ations [1]. In addition, anatomical diversity between patients and
acquisition variability between exams reduce the uniformity of the
visual patterns available for learning. These characteristics make
bitewing radiographs a relevant but difficult application domain
for semantic segmentation.

The literature on AI in dentistry has grown considerably, in-
cluding studies on lesion detection, radiographic classification, and
image segmentation [10, 12]. Still, many contributions focus pri-
marily on predictive performance and less on how outputs can be
incorporated into broader digital workflows. In this sense, the no-
tion of Smart Medical Media offers a useful conceptual lens. Under
this view, medical images are not only passive data records, but
media objects that may be enriched, reorganized, and interpreted
through computational layers such as overlays, annotations, and
explanatory visual cues [6, 13].

Applied to dental radiography, this perspective suggests that
segmentation masks may serve not only as algorithmic outputs,
but also as visual resources that support communication, docu-
mentation, and interpretation. For instance, predicted masks could
highlight structures of interest during image review, facilitate expla-
nation in educational or clinical contexts, and integrate with digital
dental systems that manage records, visual assets, and patient-
facing media. However, such possibilities depend on the reliability
of the underlying segmentation process. For this reason, in the

present work the Smart Medical Media perspective is treated cau-
tiously: the current results support the feasibility of segmentation-
assisted visualization, but do not justify stronger claims of immedi-
ate clinical deployment.

3 Methodology
3.1 Dataset and Target Classes
The dataset is composed of bitewing radiographs and their corre-
sponding segmentation masks. The segmentation task is defined
over three target classes of clinical relevance: crowns, restorations,
and root canal treatments. These classes were selected because
they represent structures and interventions that are visually impor-
tant in radiographic interpretation and can benefit from explicit
delineation.

Rather than treating the problem as a generic binary segmenta-
tion task, the proposed pipeline adopts a multi-class configuration.
This choice increases the practical relevance of the experiment
by distinguishing structures with different diagnostic meanings,
while also increasing task complexity. Multi-class segmentation is
especially challenging in dental radiographs because some classes
may occupy small regions, present visual similarity, or appear less
frequently in the dataset.

3.2 Preprocessing
All radiographs are read in grayscale and resized to 512× 512 pixels.
Pixel intensities are normalized to the [0, 1] interval to improve
numerical stability during training. The corresponding masks are
resized to the same spatial resolution and stacked channel-wise,
resulting in a multi-class target tensor of shape (512, 512, 3).

This preprocessing choice aims to preserve the radiographic
content while standardizing the input dimensions. Because radio-
graphic datasets often contain images with different sizes and acqui-
sition settings, resizing and normalization are important to ensure
a consistent input distribution for the neural network.

3.3 Data Augmentation and Partitioning
To reduce overfitting and improve variability during training, data
augmentation is applied to both images and masks in a synchro-
nized manner. The augmentation pipeline includes horizontal flip-
ping, brightness and contrast adjustment, small translations, and
rotations restricted to 0◦ or 180◦ [7, 11]. These transformations
were chosen to increase diversity while preserving the spatial cor-
respondence between image content and segmentation labels.

The dataset is randomly divided into training and validation sub-
sets using a 70%/30% split. Input loading, shuffling, batching, and
preprocessing are implemented with TensorFlow pipelines, allow-
ing the training procedure to remain consistent and reproducible.

3.4 Model Architecture
The proposed model is based on U-Net with a ResNet50 encoder
pretrained on ImageNet. U-Net is a well-established segmentation
architecture composed of an encoder–decoder structure with skip
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connections that merge low-level spatial information with high-
level contextual features [9]. This design is especially useful in med-
ical image segmentation, where accurate localization and preserva-
tion of fine details are important.

The use of ResNet50 as encoder introduces the advantages of
transfer learning. Residual connections support deeper feature ex-
traction, while ImageNet pretraining provides a strong initializa-
tion for visual representations [3]. Since the input radiographs
are grayscale, a preliminary 1 × 1 convolution maps the single-
channel input into a 3-channel representation compatible with the
pretrained backbone. The decoder reconstructs the segmentation
masks progressively and combines encoder features through skip
connections. The final layer employs sigmoid activation over three
channels, enabling pixel-wise multi-label prediction.

Figure 1: U-Net-based segmentation architecture with a
ResNet50 encoder.

3.5 Training Setup
Training is performed using the Adam optimizer with an initial
learning rate of 10−4 [4]. To improve convergence and reduce over-
fitting, the training process also uses checkpointing, early stopping,
and learning rate scheduling. These strategies are common in ap-
plied deep learning workflows and are particularly useful when
working with limited datasets [14].

Model performance is evaluated through Intersection over Union
(IoU), precision, recall, and F1-score. Together, these metrics provide
a broad view of segmentation quality. IoU and F1-score indicate the
overlap between prediction and reference masks, while precision
and recall highlight the balance between false positives and false
negatives.

4 Results and Discussion
Table 1 summarizes the quantitative results obtained on the valida-
tion subset. Figure 2 presents representative qualitative examples
comparing predicted masks and reference masks.

The results reveal a clear imbalance between sensitivity and
selectivity. The recall of 0.98 indicates that the model is highly
sensitive to the presence of relevant structures, meaning that most
target regions tend to be captured by the predictions. On the other
hand, the precision of 0.47 shows that a considerable proportion of

Table 1: Segmentation performance on the validation set.

IoU Precision Recall F1-score

0.43 0.47 0.98 0.44

Figure 2: Representative segmentation outcomes. The exam-
ples illustrate both successful delineation of dental structures
and failure cases with false positives.

predicted positive pixels do not correspond to the reference masks.
This behavior is consistent with the observed false positives and
helps explain the relatively low IoU (0.43) and F1-score (0.44).

From a practical standpoint, this pattern suggests that the model
is more effective at broadly identifying candidate regions than
at producing accurate and compact delineations. In exploratory
settings, this behaviormay still be useful because high recall reduces
the risk of completely missing relevant structures. However, the
current precision level limits the reliability of the segmentation
output for more demanding use cases. In other words, the model
appears to capture meaningful radiographic patterns, but still lacks
sufficient selectivity to support stronger claims of robustness.

The qualitative examples reinforce this interpretation. Some
predictions successfully highlight structures associated with the
target classes, indicating that the model learned relevant visual
cues from the radiographs. At the same time, other cases exhibit
over-segmentation and spurious responses, particularly in regions
whose grayscale patterns may resemble the target categories. This
combination of useful detections and noisy predictions suggests
that the present configuration is promising as an initial applied
study, but not yet mature enough to support claims of precise
clinical automation.

These findings are also important for the Smart Medical Media
discussion. Even with modest segmentation scores, the predicted
masks can still function as visual overlays that enrich image in-
terpretation in a human-in-the-loop context. Their current value
lies less in replacing specialist judgment and more in supporting
exploratory analysis, digital documentation, and visual explana-
tion. Therefore, the experimental results do not validate a high-
confidence diagnostic tool, but they do support the feasibility of
using segmentation as a computational enrichment layer over bitew-
ing radiographs.

5 Limitations and Implications
This study has several limitations that should be made explicit. First,
the dataset is limited in size, which restricts the diversity of visual
patterns available during training and reduces the model’s capacity
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to generalize. Second, class imbalance likely affects the learning pro-
cess, especially for structures that appear less frequently or occupy
smaller regions in the images. Third, the work does not include
direct comparisons against baseline approaches or alternative seg-
mentation architectures, which limits the strength of the technical
validation. Fourth, per-class metrics were not reported, preventing
a more detailed analysis of which structures were segmented more
or less effectively.

These limitations are directly reflected in the interpretation of
the results. The current performance is better understood as evi-
dence of feasibility than as a definitive technical benchmark. The
study shows that a U-Net + ResNet50 pipeline can learn patterns
associated with crowns, restorations, and root canal treatments in
bitewing radiographs, but it also shows that false positives remain
a relevant challenge. As a consequence, the system should not be
interpreted as a standalone clinical tool.

Even so, the work remains relevant from an applied and media-
oriented perspective. In digital dentistry, segmentation outputs
may be useful as interpretative layers that highlight structures of
interest, support documentation workflows, and facilitate commu-
nication in settings where human review remains central [8, 12].
In this sense, the main implication of the study is not immediate
diagnostic automation, but the demonstration that radiographic
segmentation can contribute to the broader notion of Smart Medical
Media, especially when used as an assistive visual resource rather
than as a final authority.

6 Conclusion
This paper presented an applied deep learning pipeline for multi-
class segmentation of bitewing radiographs using U-Net with a
ResNet50 backbone. The model was trained to identify crowns,
restorations, and root canal treatments through a workflow involv-
ing grayscale preprocessing, data augmentation, transfer learning,
and semantic segmentation.

The results indicate that the model is able to identify relevant
dental structures, but also that false positives substantially reduce
precision and overall overlap quality. For this reason, the study
should be interpreted as an initial feasibility investigation in a spe-
cific dental imaging context, rather than as a comparative bench-
mark or a clinically ready solution. Its main contribution lies in
demonstrating that segmentation of bitewing radiographs is viable
as an applied research direction and in framing the resulting masks
as potential enrichment layers within Smart Medical Media.

Future work should expand the dataset, report per-class perfor-
mance, and compare the proposed approach with baseline models
and alternative segmentation architectures. Such steps are neces-
sary to strengthen the technical contribution and to better assess
the role of AI-assisted segmentation in digital dentistry.
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