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Abstract

Accurate assessment of radiographic bone loss (RBL) is essential for periodontal diagnosis
and staging; however, manual measurement from dental radiographs is labor-intensive,
time-consuming and subject to inter- and intra-examiner variability. Existing Al-based
methods primarily formulate bone loss assessment as classification, landmark prediction,
or direct segmentation of thin anatomical structures, limiting measurement interpretability
and robustness. This study proposes clinically interpretable two-phase framework for
automated and clinically interpretable RBL estimation from periapical radiographs. The
framework explicitly separates anatomical structure recognition from geometric measure-
ment, improving transparency and reducing error propagation. In the first phase, deep
learning models segment key anatomical structures, including the crown, root, third root
and alveolar bone. In the second phase, a deterministic geometric algorithm extracts clini-
cally relevant landmarks, including the cemento—enamel junction (CE]J), bone crest, and
root apex, and computes root length, CE]-bone crest distance, and radiographic bone loss
following established periodontal measurement principles. The framework was evaluated
on a curated dataset of annotated radiographs. DS-TransUNet achieved the best segmenta-
tion performance. Quantitative evaluation yielded mean absolute errors of 0.81 mm for
CEJ-bone crest distance, 0.71 mm for root length, and 5.89% for RBL estimation. Bland-
Altman analysis demonstrated minimal systematic bias (—1.03%) and good agreement
with expert measurements across different disease severities, supporting the framework’s
potential as an objective and clinically applicable tool for periodontal bone loss assessment.

Keywords: radiographic bone loss (RBL); periodontal disease; periapical radiographs;
medical image segmentation; geometric modeling; landmark extraction; deep learning;
dental image analysis

1. Introduction

Periodontitis is a chronic inflammatory disease characterized by progressive destruc-
tion of the periodontal supporting tissues, including alveolar bone, periodontal ligament,
and gingiva. It remains one of the leading causes of tooth loss in adults worldwide and has

Algorithms 2026, 19, 562

https:/ /doi.org/10.3390/a19070562


https://crossmark.crossref.org/dialog?doi=10.3390/a19070562&domain=pdf&date_stamp=2026-07-08
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0002-0789-4479
https://orcid.org/0000-0002-7040-7207
https://doi.org/10.3390/a19070562

Algorithms 2026, 19, 562

2 0f29

been associated with systemic conditions such as cardiovascular disease [1,2]. Accurate
assessment of alveolar bone loss is therefore central to diagnosis, staging, prognosis, and
treatment planning.

Radiographic evaluation of periodontal bone level is routinely performed using pe-
riapical or panoramic radiographs [3-5]. Clinically, radiographic bone loss (RBL) is de-
termined by measuring the distance between the cemento—enamel junction (CEJ) and the
alveolar bone crest relative to total root length. This measurement-based approach forms
the basis of contemporary periodontal staging systems [6]. However, manual radiographic
measurement is inherently subject to inter- and intra-examiner variability [3-5]. Variability
arises from difficulty in precisely identifying CE]J endpoints, bone crest contours, and root
apices, particularly in images affected by contrast variation, anatomical superimposition,
or multi-root morphology. Because periodontal staging thresholds depend on percentage-
based measurements, small landmark localization discrepancies may result in clinically
relevant differences in disease classification.

Recent advances in artificial intelligence (Al), particularly deep learning (DL), have
enabled automated analysis of dental radiographs. Existing Al-based approaches for
periodontal bone loss assessment can be broadly categorized into classification-based,
segmentation-based, and hybrid geometric methods, each with distinct advantages and
limitations. Early DL-based systems focused primarily on classification or detection of
periodontal bone loss from panoramic images [7-10], demonstrating promising diagnostic
performance but without explicitly modeling anatomical landmarks or reproducing the
geometric measurement procedure used in clinical practice. These approaches function
primarily as screening tools rather than quantitative measurement systems.

More recent approaches have adopted segmentation-based strategies using U-Net and
related encoder-decoder architectures [11,12] to detect tooth structures, alveolar bone, and
CE]J lines. Lee et al. proposed a deep learning framework integrating multiple segmen-
tation networks to compute RBL percentages from radiographic images [11]. Although
segmentation accuracy was reported to be high, modeling the CEJ as a thin segmentation
output introduces sensitivity to pixel-level noise and discontinuities. Since RBL compu-
tation depends directly on CEJ-bone intersection points, segmentation inaccuracies may
propagate into measurement variability.

Hybrid frameworks integrating object detection, segmentation, and geometric fitting
have also been explored. Chen et al. proposed an ensemble deep learning approach
combining YOLO-based tooth localization [13], U-Net segmentation [12], and ellipse fitting
to estimate tooth long axes and compute bone loss percentages. While this approach
integrates structural detection and geometric modeling, detailed specification of the axis-
fitting procedure and robustness to anatomical variability, particularly in multi-root teeth,
remains limited.

Despite the considerable progress achieved by recent Al-based periodontal assessment
systems, several challenges remain. Many existing approaches formulate bone loss assess-
ment as a classification or regression task, providing limited insight into the anatomical
basis of the generated predictions. Segmentation-based methods improve interpretabil-
ity but often rely on direct segmentation of thin anatomical structures such as the CE]J,
making the resulting measurements sensitive to segmentation discontinuities and local
noise. Furthermore, most existing frameworks tightly couple structural recognition with
the final measurement process, limiting the ability to independently analyze segmentation
and measurement errors. These limitations may become more pronounced in anatomically
complex cases such as multi-root molars, where small landmark localization errors may
propagate into clinically meaningful differences in radiographic bone loss estimation and
periodontal staging.
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These observations highlight a critical methodological gap. While deep learning has
substantially improved anatomical structure recognition, existing methods either prioritize
diagnostic prediction without explicit anatomical measurements or tightly couple segmen-
tation with measurement generation, making the final RBL estimation highly dependent
on segmentation errors. In addition, several geometric measurement approaches provide
limited details regarding landmark derivation and geometric fitting procedures, making
independent implementation and reproducibility more challenging. Furthermore, the
handling of anatomically complex scenarios, such as multi-root molars and irregular root
morphologies, is often not explicitly described or evaluated. Consequently, there remains
a need for a framework that combines robust anatomical segmentation with transpar-
ent, reproducible, and clinically meaningful geometric measurement aligned with routine
periodontal assessment.

To address this need, this paper proposes a two-phase framework that explicitly sepa-
rates anatomical structure recognition from geometric measurement. In the first phase, deep
learning-based segmentation is employed to identify crown, root, third root and alveolar
bone structures. In the second phase, a deterministic geometric analysis algorithm extracts
CE]J endpoints, root apex, and bone crest landmarks using morphological processing and
shape-based constraints. Unlike approaches that directly segment the CE] as a thin line,
the proposed method derives CEJ landmarks from structural relationships between seg-
mented anatomical regions, thereby reducing sensitivity to pixel-level segmentation noise.
The framework explicitly handles multi-root teeth and enforces anatomical consistency in
landmark localization.

By combining data-driven segmentation with anatomically grounded geometric
modeling, the proposed system enables reproducible and clinically interpretable radio-
graphic bone loss measurement. The proposed framework explicitly models clinically
relevant anatomical landmarks and derives RBL using deterministic geometric analysis.
This design enables objective quantitative assessment while remaining closely aligned
with standard periodontal measurement protocols. The framework is evaluated on anno-
tated periapical radiographs, with comprehensive analysis of segmentation performance
and measurement accuracy.

The main contributions of this work can be summarized as follows:

e A two-phase framework that combines deep learning-based segmentation with deter-
ministic geometric analysis for automated radiographic bone loss estimation.

e  An anatomically constrained landmark extraction approach that enables clinically
interpretable measurement of CEJ, bone crest, and root apex without requiring direct
landmark prediction.

o A comprehensive evaluation protocol that integrates geometric measurement accuracy,
Bland-Altman agreement analysis, and bone loss assessment.

2. Related Work

Artificial intelligence (Al), particularly deep learning (DL), has been increasingly
applied to dental radiographic analysis, including tooth detection, segmentation, and
periodontal bone loss assessment. Existing approaches can be broadly categorized into four
groups: (1) classification-based detection methods, (2) segmentation-based measurement
frameworks, (3) hybrid systems integrating multiple DL components, and (4) machine
learning—based estimation approaches.

Early DL-based studies primarily focused on classification or detection of periodontal
bone loss using panoramic radiographs. Krois et al. [7] developed a convolutional neural
network (CNN) for detecting bone loss, while Kim et al. [8] proposed DeNTNet, a transfer
learning-based approach for identifying periodontal disease. Similarly, Chang et al. [9]
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introduced a hybrid DL framework for diagnosing and staging periodontitis. More re-
cently, Kong et al. [10] proposed a two-phase detection framework for automated bone
loss diagnosis in panoramic radiographs. While these approaches demonstrate strong
diagnostic capability, they do not explicitly model anatomical landmarks or reproduce the
geometric measurement procedure used in clinical periodontal assessment, limiting their
interpretability and quantitative applicability.

More recent studies have shifted toward segmentation-based frameworks using intrao-
ral radiographs to enable quantitative measurement of alveolar bone levels. Lee et al. [11]
proposed a system integrating multiple U-Net-based models to segment tooth structures,
alveolar bone, and the cemento—enamel junction (CEJ), enabling computation of radio-
graphic bone loss (RBL). Similarly, Chen et al. [14] introduced a deep learning-based
framework for automatic tooth recognition and bone loss measurement from digital ra-
diographs. Although these approaches enable quantitative estimation, they often rely on
direct segmentation of thin anatomical structures such as the CE]. Such representations
are inherently sensitive to pixel-level noise and discontinuities, which may propagate into
measurement variability, particularly when CEJ-bone intersections are used directly for
RBL computation.

Hybrid approaches combining detection, segmentation, and geometric modeling have
also been explored. For example, Chen et al. [13] employed Faster R-CNN for tooth detec-
tion, while other systems integrate localization and segmentation with geometric fitting to
estimate tooth axes and bone loss. These frameworks represent an important step toward
combining structural recognition with measurement; however, the geometric modeling
components are often insufficiently constrained or not fully specified, particularly in han-
dling anatomical variability such as curved roots or multi-root teeth. In broader medical
imaging domains, hybrid approaches combining segmentation with deterministic geomet-
ric modeling have demonstrated improved robustness. For example, automated glenoid
bone loss assessment integrates segmentation with geometric reconstruction to compute
defect percentages [15]. Although developed for orthopedic imaging, such frameworks
highlight the benefits of separating structural recognition from measurement logic, im-
proving interpretability and reproducibility. In periodontal radiography, however, explicit
modeling of CE] endpoints, root-specific landmarks, and multi-root handling remains
limited. Most existing systems rely either on segmentation-derived intersections or implicit
feature representations. Consequently, error propagation from segmentation to quantitative
measurement remains an underexplored methodological challenge.

In addition to deep learning-based approaches, machine learning-based estimation
methods have also been investigated. Tsoromokos et al. [16] proposed a framework in
which bone loss is inferred from extracted features using traditional machine learning tech-
niques. While such approaches provide an alternative to deep learning, they typically lack
explicit anatomical modeling and do not replicate the geometric measurement procedures
used in clinical practice.

Prior to the widespread adoption of deep learning, classical image processing tech-
niques were used for bone loss estimation. Lin et al. [17] applied edge detection and
morphological operations to estimate alveolar bone levels. Although geometrically inter-
pretable, these approaches were highly sensitive to image quality and required careful
parameter tuning.

Accurate tooth and structure segmentation remains a fundamental component of
most modern systems. Tuzoff et al. [18] demonstrated the use of CNNs for tooth detection
and numbering in panoramic radiographs, while U-Net and its variants [12] have become
standard architectures for biomedical image segmentation due to their ability to capture
multi-scale contextual information. However, segmentation accuracy alone does not guar-
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antee reliable clinical measurement, particularly when the target anatomical structures are
narrow boundaries or require precise geometric interpretation.

Across the literature, several key limitations can be identified. First, CE] localization
is frequently modeled as a thin segmentation output, increasing sensitivity to noise and
discontinuities. Second, bone loss measurement is often tightly coupled to segmentation
quality, with limited geometric constraints to mitigate error propagation. Third, anatomical
variability, particularly in multi-root teeth, is insufficiently addressed. Finally, many existing
approaches lack explicit separation between structural recognition and measurement logic,
limiting interpretability and reproducibility.

The proposed framework addresses these limitations by introducing a two-phase
approach that separates deep learning-based segmentation from deterministic geometric
landmark modeling. Instead of directly predicting thin anatomical structures, the method
derives clinically relevant landmarks from structural relationships between segmented
regions, enabling robust and interpretable measurement of CE]J bone crest distance and root
length. Furthermore, the framework explicitly handles multi-root anatomical structures and
provides a comprehensive evaluation of measurement accuracy bone loss measurement,
supporting its clinical applicability.

3. Materials and Methods

In order to enable our system to measure bone loss levels, and after long discussions
with the experienced dentists in the team from the School of Dentistry at the University of
Jordan, we proposed implementing a two-phase computer tool to measure the bone loss. In
the first phase, an Al model is trained to perform image segmentation on the radiographs to
isolate the crowns, roots, third root and bone structures. In the second phase, we developed
a low-level algorithm based on image processing and computer vision algorithms in order
to mimic the process that dentists follow to measure the loss. Figure 1 shows the two phases
of the developed procedure. In the following subsections, we will discuss the details of
each phase.

A

L3

o

Measurement Phase

Input radiograph Segmentation Phase

Figure 1. The two-phase procedure for bone loss measurement.

3.1. Phase 1: Image Segmentation

The first phase in this procedure is to segment the image into the four anatomical
structures of interest: crown, root, third root and the alveolar bone. To achieve this, we
have to develop a segmentation model that is capable of doing this accurately. Figure 2
shows the steps that we followed to obtain the segmentation model.

Data
Collection and
Labeling

Model
Training and

Data Model

Preparation Selection

Evaluation

Figure 2. Steps for building and training a segmentation model for periapical images.
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3.1.1. Dataset Collection and Labeling

In order to create the dataset, we collected 2127 radiographs from the Periodontology
Dental Clinics at the University of Jordan, where the radiographs were taken under our
supervision to make sure that they comply with the imaging standards. The labeling
process was performed on the Supervisely platform (https://supervise.ly/ (accessed on
25 June 2026)) by identifying the four different main regions in the radiographs. The
labeled radiographs were reviewed by two researchers and independently verified by two
board-certified periodontists, with discrepancies resolved by consensus. The total number
of collected labels is listed in Table 1.

Table 1. Summary of the label count for the bone loss dataset prepared by the labeling team.

Label Number of Labels
Bone 5048
Root 9783
Crown 9285
Third Root 371
Total 24,487

The selected labels were designed to facilitate the identification of key anatomical land-
marks required for radiographic bone loss (RBL) measurement, particularly the cemento—
enamel junction (CEJ) and the root structures. Accurate delineation of these components
enables reliable estimation of the CEJ-to-bone crest distance and root length, which are
essential for calculating RBL.

The Third Root label was introduced to explicitly represent the additional root branch
commonly observed in multi-root molar teeth. During segmentation model training, it
was treated as an independent class to improve the separation of anatomically distinct
root structures and prevent merging adjacent roots into a single segmentation region.
However, the measurement algorithm does not distinguish between primary and third-root
structures; therefore, all root-related classes are merged into a unified root mask before
performing geometric analysis. The inclusion of the Third Root label primarily improves
segmentation accuracy in complex molar anatomies, enabling more reliable landmark
extraction and root-length estimation. Figure 3 presents representative examples where the
Third Root label facilitates the separation of molar roots. Without this label, multiple roots
may be incorrectly segmented as a single structure, negatively affecting the subsequent
measurement procedure.

Figure 3. Examples demonstrating the use of the Third Root label to improve root separation in
multi-root molars and facilitate accurate RBL measurement.
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https://supervise.ly/
https://doi.org/10.3390/a19070562

Algorithms 2026, 19, 562

7 of 29

To evaluate the measurement phase of the proposed framework, a subset of 92 radio-
graphs was independently analyzed by four board-certified periodontists. The experts
evaluated CE] endpoint locations, CE]-bone crest distance, root length, and the resulting
RBL values. To facilitate consistent measurements, the radiographs were displayed with
an overlaid calibration grid consisting of 1 mm x 1 mm squares. Three board-certified
periodontists performed independent measurements, while a fourth senior board-certified
periodontist participated in a consensus review process to resolve discrepant cases and
establish the final reference measurements used for algorithm evaluation.

3.1.2. Segmentation Dataset Preparation

After applying the data cleaning process and removing corrupted or unclear radio-
graphs, a total of 2127 images were retained for segmentation model development and
evaluation. The dataset was randomly divided at the image level into training, valida-
tion, and testing sets using an 80%, 10%, and 10% ratio, respectively. The training set
was used for model optimization, the validation set was used for hyperparameter tuning
and model selection, and the independent test set was reserved for final performance
evaluation. Prior to training, all radiographs and corresponding segmentation masks
were resized to 320 x 320 pixels. Data augmentation was applied only to the training set
using random horizontal and vertical flipping to increase data variability and improve
model generalization.

3.1.3. Segmentation Model Selection

There are several image segmentation models that can be used for radiograph segmen-
tation. We studied several state-of-the-art models and selected a variety of them for training
and testing. These models are Unet [12], TransUnet [19], DS-TransUnet [20], Segment Any-
thing [21], and Yolo [22]. These models utilize state-of-the-art architectures, including
encoder—decoder networks, Transformer-based models, and self-attention mechanisms.

3.1.4. Model Training and Hyperparameters Selection

We tried two different approaches to train the model. In the first approach, we trained
the model for multi-class classification. In this case, the model is expected to predict the
class for each pixel out of the five classes (root, bone, crown, third root and background).
The background label denotes the region of the radiograph that does not contain root, third
root, crown or bone. In the multi-class scenario, we have one model to predict the class of
each pixel in the image.

In the second approach, we trained four binary classifiers, each of which was spe-
cialized in one class only; namely, the bone classifier, crown classifier, root classifier and
third-root classifier. Each of these classifiers outputs a binary segmented image that labels
pixels of the desired class by 1, while other pixels are labeled as 0.

For the multiclass classification scenario, the training labels are provided to the model
as shown in Figure 4 where each class is colored /labeled with a certain color in a grayscale,
where the color code for bone, root, third root and crown is 75, 150, 175 and 200 respectively.
The background of the ground truth (unlabeled class) is colored black with color code 0.

For the binary classification scenario, the labels are specified such that for each classifier,
the image has pixels colored as the designated class or background. Figure 5 shows an
example of the binary masks for the labels in binary classification.

In the binary segmentation setting, each model independently predicts the mask of a
specific anatomical structure. The resulting masks are subsequently merged to generate
a unified segmentation map for the measurement phase. During this merging process,
overlaps may occur in boundary regions where a pixel is predicted as belonging to multiple
structures (e.g., Root and Bone). To resolve such conflicts, a priority-based strategy is
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employed, where structures that are essential for accurate geometric measurement are
assigned higher precedence. Specifically, the priority order is defined as Root > Third
Root > Bone > Crown, ensuring preservation of root structures and boundaries, maintain-
ing anatomical consistency, and preventing the loss of critical information required for
subsequent geometric analysis and radiographic bone loss measurement.

Figure 4. Original radiograph (left) and its labels (right) for multi-class segmentation.

Root

irfl Root
—>

Figure 5. Original radiograph (left) and the binary labels for each class in binary classification.

Since the evaluated segmentation models are based on different architectures and
training frameworks, a unified training configuration was not suitable for all models. There-
fore, model-specific hyperparameter adjustments were performed to determine appropriate
training settings, including the optimizer, learning rate, loss function, and architecture-
specific parameters, when applicable. The final configuration of each model was selected
based on validation performance, and the corresponding training settings are summarized
in Table 2.

Table 2. Training configurations of the evaluated segmentation models.

Model Optimizer Learning Rate Loss Function Model Specific Tuning
BCE + Dice loss (binary); EDZZE?{E? i}gyzz’
Unet Adam 0.0001 Cross-Entropy + Dice P layers,

Middle layer: 1,

loss (multi-class) Dropout: 0.1
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Table 2. Cont.
Model Input Size Optimizer Learning Rate Loss Function Model Specific Tuning
Filters [32, 64, 128, 256,
512,1024]; ViT
TransUnet 320 x 320 SGD 0.01 Binary_Crossentropy embedding = 768;
12 attention heads;
12 transformer layers
DS- Weighted CE + Dice + Baseenil:ggierlls =_?;25’.6YIT
320 x 320 AdamW 0.0003 IoU g = 2907
TransUnet 4 attention heads;
(04,04,0.2)
4 transformer layers
SAM 320 x 320 Adam 0.0001 Focal Dice loss + IoU Default SAM-MedZD
loss architecture
YOLOVS 320 x 320 SGD 0.01 YOLOV5 segmentation Pre-trained:

loss Yolo5x-seg model

3.2. Phase 2: Bone Loss Measurement

Radiographic bone loss (RBL) is commonly assessed by identifying anatomical land-
marks on a dental radiograph, most notably the cemento—enamel junction (CEJ) and the
alveolar bone crest. Figure 6 shows the main structures, landmarks and distances used in
the measurement process when projected on the original radiograph and its corresponding
segmented version. Clinically, the CE] is located at the cervical region of the tooth, where
the enamel covering the crown meets the cementum covering the root. The bone crest
corresponds to the most coronal point of the supporting alveolar bone adjacent to the tooth.
Once these landmarks are identified, the distance from the CE]J to the bone crest (d7) is
measured and normalized by the root length (d), which is the distance from the midpoint
of the CE] line to the root tip.

(a) (b)
® Crown ® Root ® Alveolar Bone
<& CEJ Points [ Root Tip CEJ Line
— Bone Crest — d; —d,

Figure 6. Landmarks used to measure bone loss. (a) Original radiograph. (b) Segmented radiograph.

Given that the distances are denoted by d; and d,, the radiographic bone loss (RBL)
percentage is computed as

% 1)

where the 2 mm correction accounts for the fact that, under healthy conditions, the alveolar
crest is normally located approximately 1-2 mm apical to the CEJ [23].
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All geometric measurements produced by the proposed framework were initially
calculated in image pixel coordinates and subsequently converted to physical distances
by multiplying the pixel distances by the radiograph spatial resolution provided by the
imaging system (0.019 mm/pixel). This calibration procedure is applied to CE] localization
error, CEJ-bone crest distance, and root length measurements. Then, RBL is calculated
using these calibrated measurements.

To automate radiographic bone loss measurement, we developed a deterministic
geometric landmark extraction algorithm that emulates the clinical measurement procedure
performed by periodontists. The complete workflow is summarized in Algorithm 1 and
illustrated in Figure 7 Starting from the segmented crown, root, and bone structures, the
algorithm identifies the CE]J endpoints, bone crest points, and root apex, and subsequently
computes root length, CEJ-bone crest distance, and radiographic bone loss (RBL). The
individual stages are described below.

(e)

Figure 7. (a) Original radiograph; (b) segmented image; (c) root major axis and RT and MP points;
(d) locating CEJL point; (e) locating CEJR point; (f) locating BCL and BCR points.

https:/ /doi.org/10.3390/a19070562
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Algorithm 1. Geometric Landmark Extraction and Radiographic Bone
Loss Measurement

Input: Segmented radiograph (Is) containing crown, root, third-root, and bone masks
Output: CE] endpoints ((CEJL, CEJR)), bone crest points ((BCL, BCR)), root apex (RT),
root length (d;), CEJ-bone distance (d;), and RBL percentage

1: Extract the crown, root, third-root, and bone masks from (Is)

2: Merge root and third-root masks into a unified root mask

3: Apply pixel-level conflict resolution using the priority order Root > Third Root >
Bone > Crown

4: Apply morphological filtering to remove small artifacts and separate adjacent
structures

5: Remove components smaller than 5% of the largest corresponding root or bone
Component

6: Extract the bone boundary from the filtered bone mask

7: Identify connected components in the root mask

8: for each root component (Ri) do

9: Compute the centroid point (CPi) and principal orientation of (Ri)

10:  Estimate the root apex (RTi) and coronal midpoint (MP7) using the major axis
11:  If (Ri) touches the image border then exclude it from measurement

12: else

13: Perform scan-line discontinuity analysis to determine whether (Ri) is a
molar root

14: if (Ri) is classified as molar then

15: Split (Ri) into left and right root branches using the main axis
16: Compute branch-specific axes for the left and right branches
17: Estimate (CEJL) from the upper boundary of the left branch
18: Estimate (CEJR) from the upper boundary of the right branch
19: else

20: Split (Ri) into left and right regions using the main axis

21: Estimate (CEJL) from the upper-left root boundary

22: Estimate (CEJR) from the upper-right root boundary

23: end if

24: Compute the CE] midpoint (CEJM) as the midpoint between (CEJL) and (CEJR)
25:  Refine (CEJM) by intersecting the line connecting (CEJM) and (RT7) with the root
bundary

26: Locate (BCL) and (BCR) on the bone boundary using (CEJL), (CEJR), (CEJM),
(CPi), and (RTi) as anatomical anchors

27:  Compute the CEJ-bone crest distance (d;)

28: Compute the root length (d,)

29: Convert pixel distances to millimeters

30: Compute RBL

31: Return the extracted landmarks and measurements

32: end for

As shown in Algorithm 1, the first phase of the measurement process focuses on

preprocessing the segmented image and extracting the anatomical structures required for
landmark localization. The segmented RGB image is first decomposed into three single-
channel images corresponding to the crown, root, and bone regions. Morphological erosion
is then applied to separate adjacent structures and suppress minor and small segmentation
artifacts. Connected-component labeling is applied to the root mask to identify and label
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individual roots. Small false-positive root components are removed if their area is less than
the Troot threshold, which is set to 5% of the largest root component. A similar filtering step
is applied to the bone mask. After filtering, the bone boundary is extracted by subtracting
an eroded version of the bone mask from the original mask.

The threshold To0t was empirically determined through a sensitivity analysis by eval-
uating threshold values ranging from 0% to 50%. For each value, the number of remaining
detected root structures after filtering was compared with the ground-truth number of roots
identified by the clinical experts. As shown in Figure 8a, thresholds below approximately
3% retained small false-positive structures, while values above approximately 5% removed
true root regions. Therefore, Troot = 5% was selected as a compromise between eliminating
false detections and preserving valid anatomical structures.

Detected/Actual (%)
[$.] D D ~ ~ o] =] © © 3
& 8 & 3 a8 & 8 & 8

o
S

(a)

Detected/Actual (%)

(b)

Figure 8. Sensitivity analysis of the selected geometric thresholds: (a) root filtering threshold Troot
and (b) molar identification threshold Ty, The blue curves represent the ratio of detected to actual
roots in (a) and detected to actual molars in (b) as the threshold varies. The red dashed vertical lines
indicate the range of threshold values for which the detected-to-actual ratio is 100%.

Because changing Troot directly affects the number of retained root components, the
resulting measurements are not always directly comparable across different threshold
values. Increasing the threshold may remove clinically valid small root structures, whereas
decreasing it may retain false-positive fragments that do not correspond to true anatomical
roots. Accordingly, threshold selection was based primarily on preserving clinically valid
root structures while eliminating false-positive detections, rather than solely minimizing
downstream measurement errors. Consequently, Troot = 5% was adopted as a stable
operating point that balances the removal of false-positive components while preserving
clinically valid root structures.

Each connected root component is then processed independently, as shown in Fig-
ure 7c. The root centroid (CP) and principal orientation of the root are computed by fitting
an ellipse around the root. The resulting major axis is used to locate the root tip (RT) and
the middle point on the top of the root (MP), which provides an initial estimate of the
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middle point on the CE]J line. Roots on the image borders are flagged and excluded because
they may correspond to incomplete teeth and may lead to unreliable measurements.

Because molar teeth typically contain two root branches, a dedicated procedure is used
to detect molar roots. The algorithm performs a horizontal scan-line analysis on each root
component. Starting from the apical end of the root and moving upward toward the coronal
region, each image row intersecting the root is examined. For a given row, the leftmost and
rightmost root pixels are identified to determine the horizontal span of the root. The actual
number of root pixels in that row is then compared with this span. For a compact single
root, the row is nearly continuous and the number of foreground pixels is close to the span
length. In contrast, a molar root with two branches often contains an internal gap between the
branches, causing the number of foreground pixels to be smaller than the horizontal span. In
our implementation, if this discontinuity is observed in more than 10% of the root rows, the
root is classified as a molar. We will refer to this threshold as Tpojar-

The threshold Ty,1ar Was selected based on a sensitivity analysis by evaluating values
between 0% and 20%. The number of detected molars was compared with the ground-
truth molar annotations provided by the experts. Figure 8b shows that threshold values
below 5% resulted in false identification of non-molar teeth as molars, while values above
approximately 14% caused some true molars to be missed. Therefore, Ty,o1ar = 10% was
selected because it lies within the stable operating range and provides a robust balance
between false and missed molar detections.

Unlike continuous measurement parameters, Ty, determines the processing path-
way by classifying teeth as molars or non-molars. Consequently, changing this threshold
alters the subsequent geometric measurement procedure rather than simply perturbing
the final measurements. Accordingly, T,o1ar Was selected based on agreement with expert
tooth-type annotations and the stability of the resulting classification, rather than solely on
downstream measurement errors. The adopted value of Ty, = 10% provided the best
balance between missed and incorrectly identified molars.

For non-molar roots, the major axis is used to split the root into left and right halves
that are processed separately. To identify the left CE] point (CEJL), the root boundary is
cropped to retain only the upper-left region of the root (the region above the CP point).
Among the remaining boundary points, the point maximizing the sum of its Euclidean
distances from the RT, CP, and MP points is selected as CEJL, as shown in Figure 7d. The
right CEJ point (CEJR) is determined the same way, except that the search is restricted to
the upper-right boundary, as shown in Figure 7e. The midpoint of the CEJ line (CEJM)
is then computed as the average of the coordinates of CEJL and CEJR. This midpoint is
further refined by intersecting the line joining CEJM and RT with the root boundary.

For molar roots, the original root component is divided into left and right halves
using a mask generated from the main axis passing through the centroid. Each half is then
processed separately as an independent root branch. A secondary root axis is computed for
each branch, and branch-specific coronal and apical points are obtained. In this case, the
left branch is used to estimate CE]JL, and the right branch is used to estimate CEJR.

Once the CEJ points have been determined, the algorithm identifies the left and right
bone crest points on the bone boundary, as shown in Figure 7f. Instead of selecting only
the nearest bone point to the CE]J, several anchor points are used to guide the search.
Specifically, the CEJL, CEJR, CEJM, CP, and RT points are used to locate the bone crest
points on the left and right sides of the root. For the left side of the root, the left bone crest
point (BCL) is defined as the point on the bone boundary around the root that is closest
to the CEJL, CEJM, CP, and RT points. The right bone crest point (BCR) is identified in a
similar manner, but with respect to the CEJR point. Given the identified CE] and bone crest

https:/ /doi.org/10.3390/a19070562


https://doi.org/10.3390/a19070562

Algorithms 2026, 19, 562

14 of 29

landmarks, the algorithm calculates the distances d and d required for the RBL calculation
given in Equation (1).

4. Results

This section presents the experimental evaluation of the proposed framework for
automated radiographic bone loss measurement. The evaluation is structured to reflect
the two-phase design of the system. First, the performance of the deep learning-based
segmentation models is analyzed to assess the accuracy of anatomical structure extraction.
Next, the reliability of the geometric landmark localization and the resulting measure-
ment accuracy are evaluated by comparing automated outputs with expert annotations.
Both quantitative metrics and qualitative visualizations are provided to comprehensively
demonstrate the accuracy, robustness, and clinical applicability of the proposed approach.

4.1. Segmentation Models Evaluation

All evaluated segmentation models were trained and tested on the collected dataset
for bone loss assessment. Performance was evaluated using the Dice Similarity Coefficient
(Dice) and Intersection over Union (IoU), which measure the overlap between the predicted
segmentation and the ground truth. Dice emphasizes overall agreement between regions,
while IoU provides a stricter measure of spatial overlap.

Quantitative performance results are summarized in Table 3, while qualitative com-
parisons are presented in Table 4. First, we explored multiclass vs. binary segmentation,
and the results indicate that binary-class segmentation consistently outperforms multi-class
segmentation, particularly for anatomically complex structures such as roots and alveolar
bone. These results are listed in the first two rows of Table 3. Hence, we adopted binary
classification approach for the remaining segmentation algorithms. This improvement can
be attributed to the reduced class competition during training, allowing each model to
specialize in detecting a single anatomical structure with higher precision.

Table 3. Evaluation results for segmentation models.

Bone Crown Root
Model
Dice IoU Dice IoU Dice IoU
Unet-Multiclass 0.913 0.84 0.93 0.88 0.85 0.75
Unet-Binary 0.931 0.872 0.947 0.899 0.897 0.814
TransUnet-Binary 0.9112 0.8395 0.9162 0.8468 0.8581 0.7554
DS-TransUnet- 0.9394 0.8877 0.9426 0.8927 0.9098 0.8244
Binary
SAM-Binary 0.9243 0.8620 0.9302 0.8713 0.8887 0.8063
YOLOV5-Binary 0.9313 0.8738 0.9223 0.8587 0.9008 0.8256

Among the evaluated models, DS-TransUNet achieved the best overall performance,
demonstrating superior Dice and IoU scores across all anatomical classes. This performance
gain can be attributed to its hybrid architecture, which combines convolutional feature
extraction with transformer-based global context modeling. The ability to capture both
local texture details and long-range spatial dependencies is particularly beneficial for dental
radiographs, where anatomical boundaries are often subtle and affected by noise, contrast
variations, and structural overlap.
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Table 4. Sample segmentation result for different segmentation models.
.. Model (Predicted Images for Each Class
Original Image Ground Truth ( 8 )
TransUnet DS_TransUnet YOLOvV5

Bone

- [ [l [
| | ~ N ot

Root (Tooth)

Crown

e il
o . .
4

. .
—tl o el

Dice Score

90.47% 95.5% 94.96% 93.83%

A closer examination of class-wise performance reveals that bone and crown regions
are segmented more accurately than root structures. This is expected, as root boundaries are
often less distinct due to overlapping anatomical features and lower contrast in periapical
radiographs. Despite this challenge, DS-TransUNet maintains strong performance on root
segmentation, which is critical for accurate root length estimation and subsequent bone loss
computation. The qualitative results in Table 4 further confirm these observations, showing
that DS-TransUNet produces more consistent and anatomically coherent segmentation
outputs compared to other models. In particular, it demonstrates improved continuity in
bone boundaries and more precise delineation of root structures, both of which are essential
for reliable landmark extraction.

It is important to point out that segmentation accuracy directly impacts the subse-
quent geometric measurement phase. Errors in bone or root segmentation can propagate
inaccuracies in CEJ localization, bone crest detection, and root axis estimation. Therefore,
the improved segmentation performance achieved by DS-TransUNet provides a strong
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foundation for the geometric analysis phase and contributes to the overall accuracy and
robustness of the proposed bone loss measurement framework.

To complement the quantitative segmentation results, Figure 9 presents representative
segmentation outputs produced by the best-performing model. The selected examples cover
varying levels of anatomical complexity, including single-root teeth, multi-root molars, third-
root cases, complex root morphologies, and severe radiographic bone loss. These examples
demonstrate the ability of the proposed segmentation framework to accurately delineate
crown, root, third-root, and alveolar bone structures across diverse clinical scenarios.

(©) ' (d)

(e)

Figure 9. Representative segmentation results for cases of varying complexity: (a) single-root tooth,
(b) multi-root molar, (c) third-root case, (d) complex root morphology, and (e) severe radiographic
bone loss.

It is worth mentioning segmentation in the proposed framework is not an end goal
but a foundational step for subsequent geometric analysis. Rather than optimizing seg-
mentation solely for pixel-level accuracy, the objective is to achieve anatomically consistent
delineations that support reliable landmark extraction and measurement. The reported
segmentation performance demonstrates that the model provides sufficiently accurate
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structural representations that are expected to enable robust downstream computation of
clinically relevant metrics.

4.2. Geometric Landmark Localization and Measurement Accuracy

Accurate radiographic bone loss (RBL) estimation requires reliable localization of
key anatomical landmarks, including the cemento—enamel junction (CE]J), the alveolar
bone crest, and the root apex. Rather than predicting these landmarks using a dedicated
landmark detection network, the proposed framework derives them deterministically from
segmented anatomical structures through geometric analysis, as described in Section 3. This
design enables explicit landmark localization while shifting the primary evaluation focus
from isolated coordinate prediction toward clinically meaningful downstream geometric
measurements derived from these landmarks.

Three key geometric variables were analyzed: CE]J endpoint localization (CEJL and
CEJR), CEJ-bone crest distance, and root length. CEJ endpoint localization directly depends
on segmentation quality, while CEJ-bone crest distance depends on accurate identification
of CE] endpoints (CEJL and CEJR) and bone crest points (BCL and BCR). Root length further
depends on accurate localization of the CE] midpoint and root apex. Therefore, differences
between automated and expert-derived measurements provide both landmark-level and
clinically meaningful assessments of anatomical localization accuracy.

Since the proposed framework is evaluated against expert-derived measurements,
the reliability of the reference standard was first assessed. Independent measurements of
root length and CE]-bone crest distance were obtained for a subset of 92 radiographs, and
inter-examiner agreement was quantified using the Intraclass Correlation Coefficient (ICC).
Prior to consensus, excellent agreement was observed across all evaluated measurements,
with ICC values of 0.944, 0.873, 0.932, and 0.945 for left root length, right root length, left
CEJ-bone crest distance, and right CEJ-bone crest distance, respectively. Following expert
review and consensus, agreement increased substantially, yielding ICC values of 0.988,
0.989, 0.995, and 0.996 for the corresponding measurements. These results indicate that
the final expert measurements provide a highly reliable reference standard for evaluating
the proposed automated measurement framework. Table 5 summarizes the inter-examiner
agreement results.

Table 5. Inter-examiner agreement for expert measurements before and after consensus.

Measurement ICC Before Consensus ICC After Consensus
Left Root Length 0.944 0.988
Right Root Length 0.873 0.989
Left CEJ-Bone Distance 0.932 0.995
Right CEJ-Bone Distance 0.945 0.996

Having established the reliability of the expert reference measurements, a detailed
comparison of automated and expert-derived radiographic bone loss measurements in
terms of mean absolute error (MAE) and root mean squared error (RMSE) is presented in
Table 6. The table summarizes the quantitative agreement between automated and four
board-certified expert periodontists” annotations for key geometric variables, including
CEJ Endpoint Localization (CEJL/CEJR), CE]J-bone crest distance, root length, and the
resulting radiographic bone loss (RBL). CE] localization error was computed as the average
Euclidean discrepancy between automated and expert CE] endpoints after compensating
for marker visualization radius, yielding an MAE of 0.45 mm and an RMSE of 0.68 mm.
These measurements directly reflect the accuracy of the extracted anatomical landmarks
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and provide a clinically meaningful assessment of the system’s ability to reproduce the
manual measurement procedure used in periodontal diagnosis.

Table 6. Landmark localization and measurement error statistics between automated and expert
annotations for CEJ localization, CEJ-bone crest distance, root length, and radiographic bone loss
(RBL).

Measurement MAE (mm) RMSE (mm)
Localsation 045 068
CEJ-Bone distance 0.8109 1.1639
Root length 0.7128 1.1216
RBL (%) 5.8895 9.5697

The results indicate that the proposed framework achieves high landmark and ge-
ometric measurement accuracy, with CE] localization MAE of 0.45 mm, sub-millimeter
CEJ-bone and root-length errors, and low RBL percentage error. These results demonstrate
that segmentation-derived geometric landmark estimation can reliably reproduce clini-
cally relevant periodontal measurements. Since RBL percentage is directly derived from
CEJ-bone and root-length measurements, the low downstream error further validates the
robustness of the landmark derivation process.

To further illustrate the variability and distribution of these measurement differences,
Figure 10 presents the distribution of Euclidean CEJ endpoint localization error between
automated and expert annotations. The median CE] localization error was notably low
(0.065 mm), indicating that a substantial proportion of CE] endpoints were localized
with near-exact agreement. Although the interquartile range and upper whisker indicate
moderate variability in some cases, the majority of localization errors remained within
clinically acceptable limits, as further supported by an MAE of 0.45 mm and an RMSE
of 0.68 mm. The observed upper spread is primarily attributable to a limited subset of
challenging cases, whereas most samples remained tightly clustered near the expert-defined
landmarks. These findings demonstrate that the proposed segmentation-derived geometric
landmark framework can reliably localize CEJ endpoints while maintaining robustness
across diverse radiographic conditions.

)
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)

Euclidean Localization Error (mm)
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Median = 0.065 mm
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CEJ Localization

Figure 10. Distribution of CE] endpoint localization error (mm) between automated and expert
annotations. The blue box represents the interquartile range (IQR), the red horizontal line indicates
the median localization error (0.065 mm), and the black dashed whiskers with horizontal caps

represent the minimum and maximum non-outlier values.
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Also, Figure 11 presents boxplots for CEJ-bone crest distance and root length. As
shown, most errors are concentrated within a narrow range, with limited outliers, sup-
porting the stability and robustness of the proposed geometric measurement approach.
Unlike prior approaches that rely on implicit prediction of disease severity, the proposed
framework provides explicit, verifiable measurements that can be directly interpreted in a
clinical context.
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Figure 11. Boxplots showing the distribution of differences between automated and expert
measurements for CE]J-bone crest distance (left) and root length (right). The blue boxes represent
the interquartile range (IQR), the red horizontal lines indicate the median values, the black
dashed whiskers extend to the minimum and maximum non-outlier values, and the red ‘+’
symbols denote outliers.

Since RBL is computed directly from these geometric measurements, the accuracy of
the final RBL (%) estimation was also evaluated. As shown in Table 6, the automated system
achieved an MAE of 5.89% for RBL estimation with an RMSE of 9.57%, demonstrating
good agreement with expert measurements. The distribution of the RBL measurement
differences is shown in Figure 12, where the majority of the errors remain within a relatively
small range, indicating consistent bone loss estimation across the evaluated cases.
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Figure 12. Boxplot showing the distribution of differences between automated and expert measure-
ments of radiographic bone loss (RBL%). The blue boxes represent the interquartile range (IQR), the
red horizontal lines indicate the median values, the black dashed whiskers extend to the minimum
and maximum non-outlier values, and the red ‘+” symbol indicates an outlier.

Importantly, unlike many prior deep learning approaches that attempt to directly
segment the CEJ as a thin boundary structure [11], the proposed framework derives CE]
endpoints from geometric relationships between segmented crown and root regions. Thin-
boundary segmentation is inherently vulnerable to pixel-level noise, discontinuities, and
annotation uncertainty, which can propagate substantial measurement variability. By sepa-
rating structural recognition from geometric landmark derivation, the proposed method
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introduces anatomical consistency constraints that improve robustness, reproducibility,
and interpretability.

To evaluate the agreement between automated and expert-derived radiographic bone
loss (RBL) measurements, a Bland—Altman analysis was conducted. Figure 13 presents
the Bland—Altman plot for RBL measurements. The mean difference (bias) between the
two methods was —1.03%, indicating a slight tendency of the automated system to un-
derestimate RBL values. The 95% limits of agreement ranged from —19.94% to +17.89%,
within which the majority of the measurements were distributed. As shown, most data
points cluster around the zero-difference line, indicating strong agreement between the
automated and expert measurements.
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Figure 13. Bland-Altman plot showing the agreement between automated and expert-derived
radiographic bone loss (RBL) measurements. The solid red line represents the mean difference (bias),
while the dashed lines indicate the 95% limits of agreement.

To further investigate the effect of disease severity on measurement agreement, the
Bland—-Altman analysis was stratified according to the ground-truth radiographic bone
loss (RBL) percentage. Cases were categorized as healthy (0% RBL), mild (>0% and <15%
RBL), moderate (15-33% RBL), and severe (>33% RBL). The resulting bias and limits of
agreement are summarized in Table 7.

Table 7. Stratified Bland—Altman analysis of automated and expert-derived radiographic bone loss
(RBL) measurements.

Group Number of Samples Bias% SD (%) Lower LOA (%) Upper LOA (%)
Healthy 32 2.69 4.70 —6.53 11.90
Mild 41 3.37 5.68 —7.76 14.49
Moderate 49 -0.73 6.41 —13.29 11.82
Severe 55 —4.24 10.71 —25.22 16.75

The stratified analysis reveals that agreement was strongest in healthy and mild cases,
which exhibited narrow limits of agreement and relatively small bias. Moderate cases
showed the smallest systematic bias (—0.73%), indicating excellent agreement between
automated and expert measurements. In contrast, severe cases demonstrated larger vari-
ability and wider limits of agreement, with a tendency toward underestimation of bone
loss. This increase in variability is expected given the greater anatomical complexity and
reduced landmark visibility associated with advanced periodontal destruction. Neverthe-
less, the observed bias remained substantially smaller than the overall measurement range,

https:/ /doi.org/10.3390/a19070562


https://doi.org/10.3390/a19070562

Algorithms 2026, 19, 562

21 of 29

indicating that the proposed framework maintains clinically meaningful agreement across
all severity levels.

Although both the overall and severity-stratified analyses indicate larger deviations
in some cases, particularly for severe bone loss, the low average error and small overall
bias indicate good agreement between automated and expert measurements. The observed
variability is mainly influenced by a limited number of challenging cases, whereas most
measurements remain closely distributed, as reflected by the low MAE and boxplot distribu-
tions. While point-level CEJ localization errors may contribute to measurement variability,
the deterministic geometric framework reduces the propagation of these errors, resulting in
improved consistency in CEJ-bone distance, root length, and final RBL estimation. Overall,
the results suggest that the proposed framework can reproduce the clinical measurement
procedure with reasonable accuracy and has the potential to support objective radiographic
bone loss assessment and disease staging.

4.3. Tooth Type-Aware Analysis and Its Impact on Measurement Accuracy

Correct identification of molar teeth is important for the proposed measurement frame-
work because molars often contain multiple root branches that require special handling
during landmark localization. To evaluate the performance of the molar identification step,
the predicted tooth type was compared with expert annotations.

Table 8 presents the confusion matrix for molar classification. The proposed method
achieved an accuracy of 90.97%, with a precision of 0.93, recall of 0.86, and an F1-score of
0.88. Most teeth were correctly identified, with only a small number of molars misclassified
as non-molars. These results indicate that the algorithm reliably distinguishes between
molar and non-molar teeth, enabling appropriate handling of multi-root structures during
the bone loss measurement process.

Table 8. Confusion matrix for molar identification.

Predicted
Not Molar Molar
Actual Not Molar 99 1
Molar 12 32

Table 9 presents a stratified analysis of measurement performance across molar and
non-molar teeth to evaluate the impact of anatomical complexity on the proposed frame-
work. The results indicate that the CEJ-bone crest distance estimation remains highly
consistent across both groups, with similar MAE values for molars (0.8178 mm) and
non-molars (0.8066 mm), suggesting robust CEJ and bone crest localization regardless of
tooth type. However, root length estimation shows higher error in molars (0.8707 mm)
compared with non-molars (0.5338 mm), while the resulting RBL estimation error was
also slightly higher in molars (6.7463%) than in non-molars (5.3860%). These differences
are likely due to the increased structural complexity of molars, including multiple roots,
overlapping anatomical structures, and greater variation in root morphology. However,
statistical significance tests for molar and non-molar differences using Mann-Whitney
U tests indicated that the differences in CEJ-Bone crest distance, root length and RBL
measurement errors between molar and non-molar teeth were not statistically significant
(p =0.550, 0.100, and 0.814, respectively). These findings highlight that while the proposed
segmentation—geometry framework generalizes well across tooth categories despite the
increased anatomical complexity of molars. Nevertheless, the consistently higher errors ob-
served for molars indicate that multi-root anatomy remains more challenging for geometric
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measurement, supporting the inclusion of dedicated third-root labeling and root-separation
strategies in the segmentation.

Table 9. MAE comparison of CEJ-bone distance, root length, and RBL (%) between molar and
non-molar teeth.

Molar Non-Molar
Measurement p-Value
MAE RMSE MAE RMSE
CEJ-Bone 0.8178 1.1914 0.8066 1.1466 0.550
distance
Root length 0.8707 1.3434 0.5338 0.7989 0.100
RBL (%) 6.7463 10.8724 5.3860 8.7138 0.814

4.4. Sample Measurement Results

Figure 14 presents representative measurement examples from eight radiographic
images to qualitatively illustrate the performance of the proposed framework across diverse
clinical scenarios. The selected cases include both molar and non-molar teeth from different
radiographs, providing visual and numerical examples of the system’s ability to generalize
across varying tooth anatomies and image characteristics. By including multiple tooth types
and imaging conditions, the presented results demonstrate how the framework performs in
practical cases, ranging from simpler single-root structures to more anatomically complex
multi-root molars. These examples complement the aggregate quantitative results by
offering case-level insight into measurement consistency, landmark localization quality,
and RBL estimation across heterogeneous dental structures.

Overall, the experimental results demonstrate that the proposed framework achieves
accurate anatomical localization, reliable quantitative measurements, and robust RBL
percentages. These findings highlight the effectiveness of the proposed approach for
automated radiographic bone loss assessment.
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Figure 14. Representative examples of automated radiographic bone loss (RBL) measurements on
periapical radiographs. The figure illustrates cases for both single-root teeth and multi-root molars.
Detected anatomical landmarks (CE]J, bone crest, and root apex), measurement lines and computed
RBL percentages overlaid on the radiographs.
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5. Discussion

The findings of this study demonstrate that accurate automated radiographic bone loss
assessment depends not only on robust anatomical segmentation, but also on the reliability
of the downstream measurement strategy used to translate segmented structures into
clinically meaningful values. While deep learning models are highly effective for structural
recognition, direct end-to-end prediction of periodontal measurements may obscure error
sources and reduce interpretability. The proposed two-phase framework addresses this
limitation by explicitly separating anatomical segmentation from deterministic geometric
analysis, thereby aligning the measurement process more closely with established clinical
principles while enabling independent evaluation of structural and measurement reliability.

A central advantage of this design is its reliance on anatomical relationships rather
than direct prediction of isolated landmarks or thin anatomical boundaries. Dental radio-
graphs frequently contain noise, low contrast, overlapping roots, and discontinuous CE]
boundaries, all of which can degrade direct landmark prediction accuracy. By deriving
CE] points, bone crest, and root apex relationships through structural segmentation and
geometric constraints, the proposed framework reduces sensitivity to local segmentation
imperfections and improves measurement consistency in anatomically challenging cases.
This is particularly relevant in molars, where multi-root complexity and structural overlap
can substantially increase measurement variability.

From a clinical perspective, explicit geometric decomposition also improves trans-
parency. Rather than functioning solely as a diagnostic classifier, the framework provides
intermediate anatomical structures and measurement steps that can be visually inspected
and verified by clinicians. This may improve trust, facilitate workflow integration, and
support practical adoption in clinical environments where explainability is essential. Fur-
thermore, separate reporting of CEJ localization, CEJ-bone distance, root length, and final
RBL errors enables a clearer understanding of where measurement inaccuracies originate,
which may be difficult to achieve in black-box architectures.

Earlier deep learning systems for periodontal assessment, including classification-
oriented approaches such as Krois et al. [7] and Kim et al. [8], primarily focused on
disease detection without explicit anatomical measurement modeling. While these
systems demonstrated diagnostic utility, they functioned primarily as screening tools
rather than quantitative radiographic measurement systems. More advanced approaches,
such as Chang et al. [9], incorporated bone-loss-oriented segmentation but continued
to rely largely on implicit feature learning. Segmentation-focused frameworks such as
Lee et al. [11] improved quantitative RBL estimation, yet direct segmentation of thin
CE]J structures remains sensitive to discontinuities and local noise. Hybrid detection-
segmentation approaches, including Chen et al. [13,14], further advanced the field but
often lacked anatomically constrained measurement logic, potentially limiting repro-
ducibility in structurally complex teeth.

Despite the promising measurement accuracy and low systematic bias observed in the
Bland-Altman analysis, the observed limits of agreement indicate that individual cases may
still exhibit differences between automated and expert measurements. These variations
may be associated with challenging anatomical conditions, severe bone loss patterns, or
cases with less distinct anatomical boundaries. Furthermore, the current validation was
performed using radiographs acquired from a single clinical center under a standardized
imaging protocol. Future studies involving external multi-center datasets with broader
variations in patient populations and imaging conditions are required to further evaluate
the generalizability of the proposed framework.
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5.1. Comparison with Related Work

To better contextualize the proposed framework within the current literature, Ta-
ble 10 summarizes representative automated periodontal bone loss systems with an
emphasis on anatomical modeling strategy, physical measurement outputs, clinical
interpretability and quantitative performance. Because prior studies report heteroge-
neous metrics—including segmentation overlap, pixel-space landmark error, percentage
agreement, and ICC—direct numerical comparison should be interpreted cautiously.
Therefore, the comparison extends beyond quantitative performance to examine method-
ological differences in anatomical modeling, the availability of clinically meaningful
millimeter-scale measurements, and the interpretability of the resulting measurement
process. The following discussion further contrasts the proposed framework with repre-
sentative studies from these complementary perspectives.

Table 10. Quantitative comparison of representative automated periodontal bone loss measurement

studies.
. Physical
Study Anat0m.1ca1 Measurement Clinical Interpretability Best Reported
Modeling Output Result
Landmark Moderate; reports final
localization on PBL but limited

Danks et al. o D Mean PBL error:
(2021) [24] pre-separated PBL (%) decomposition of 6.82%

individual tooth
image

intermediate anatomical
measurements

Segmentation (tooth,
bone, and thin-line

Leeeetal. (2022) CEJ segmentation

CEJ-Bone distance,

Good;
segmentation-based
measurements, but no

CE]J-line DSC: 0.91

[11] . . root length, RBL (%) independent evaluation of
with geometric L ..
. CE]J localization or explicit
analysis) o .
molar-specific processing
Moderate; estimates bone
Tsoromokos . o loss without explicit
ML regression ABL (%) ICC: 0.601-0.763

et al. (2022) [16]

anatomical landmark

modeling
Bone-loss Good; evaluates final
Ameli et al. segmentation + measurements but does
(2024) [25] YOLO apex detection ~ Root length, BL (%) not separately assess ICC: 0.959
with CE]J center intermediate anatomical
approximation localization
Multi-class High; anatomically
anatomical CEJ localization interpretable
Proposed segmentation (crown, (mm), CEJ-bone measurements with RBL MAE: 5.89%;
Framework root, bone, third root)  distance (mm), root  explicit evaluation of each = CEJ MAE: 0.45 mm;
+ deterministic length (mm), RBL measurement component  Root MAE: 0.71 mm
geometric landmark (%) and dedicated handling of

extraction

multi-root teeth

Danks et al. [24] provide one of the strongest methodological comparators due to their
landmark-based PBL estimation framework. Their method operates on pre-separated and
individually cropped tooth images, requiring each tooth to be isolated before landmark
localization and periodontal bone loss estimation. Bone loss is then computed using pixel-
based geometric measurements derived from the predicted landmarks. In contrast, the
proposed framework operates directly on the segmented anatomical structures extracted
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from the original radiograph, without requiring prior tooth cropping. Furthermore, rather
than relying solely on landmark prediction, the proposed method performs multi-class
anatomical segmentation of the crown, root, bone, and third root, followed by deterministic
geometric landmark extraction to identify CE] endpoints, bone crest, and root apexes.
Unlike Danks et al., who primarily report the final bone loss percentage, our framework
provides clinically meaningful measurements in physical millimeter units, including CE]J
localization accuracy, CEJ-bone crest distance, and root length, enabling detailed analysis of
how anatomical localization errors propagate to the final radiographic bone loss estimation.
This anatomical decomposition improves the clinical interpretability of the framework by
allowing clinicians to identify the source of measurement errors rather than relying solely
on the final percentage prediction.

Lee etal. [11] similarly demonstrated that segmentation-based frameworks can achieve
clinician-level bone loss estimation using periapical radiographs. Their method segments
the CE]J line and bone-loss region, then estimates root length using the center of the
segmented CE] together with the detected root apex. Although this produces accurate
bone loss measurements, the framework does not explicitly model individual anatomical
structures such as crowns, roots, or third roots, nor does it incorporate dedicated processing
for multi-root molars. In contrast, the proposed framework performs explicit anatomical
segmentation followed by geometry-based landmark extraction using CEJ endpoints,
bone crest, and root apexes. This enables direct physical measurements in millimeters
for CE]J localization, CEJ-bone crest distance, and root length, while also supporting
dedicated handling of complex molar morphology. Consequently, the proposed approach
provides greater clinical interpretability by decomposing the overall measurement error into
anatomically meaningful components rather than relying solely on the final radiographic
bone loss estimate.

Ameli et al. [12] also proposed an automated framework for radiographic bone loss
assessment on periapical radiographs by combining U-Net-based bone-loss segmentation
with YOLO-based apex detection. Their anatomical modeling is primarily centered on the
segmented bone-loss region, with the CEJ approximated as a single center point extracted
from the segmented mask and root length measured between this point and the detected
apex. Unlike the proposed method, no explicit modeling of crowns, roots, third roots, or
dedicated molar analysis is performed. In contrast, the proposed framework explicitly seg-
ments multiple anatomical structures and extracts clinically relevant landmarks, including
CE]J endpoints, bone crest, and root apexes, to perform deterministic geometric measure-
ments. In addition to estimating radiographic bone loss, our framework quantitatively
evaluates CEJ localization, CE]-bone crest distance, and root length in physical millimeter
units, providing a comprehensive assessment of measurement reliability. This anatomi-
cal and geometric decomposition enhances clinical interpretability by allowing clinicians
to identify the origin of measurement discrepancies and better understand framework
performance across different tooth morphologies.

Overall, while previous automated periodontal assessment systems have significantly
advanced RBL estimation, they differ substantially in their anatomical modeling strategies,
measurement outputs, and levels of clinical interpretability. Existing approaches often
rely on direct landmark prediction, object detection, or thin-line CE]J segmentation to
estimate bone loss. In contrast, the proposed framework adopts an anatomy-driven strategy
by first segmenting complete dental structures and subsequently applying deterministic
geometric analysis to derive CE]J, alveolar bone crest, and root apex relationships. This
decomposition of the measurement process improves methodological transparency and
enables the reporting of clinically meaningful physical measurements in millimeters, in
addition to RBL percentages. To the best of our knowledge, few prior studies provide

https:/ /doi.org/10.3390/a19070562


https://doi.org/10.3390/a19070562

Algorithms 2026, 19, 562

27 of 29

a comprehensive measurement-oriented evaluation that jointly reports CEJ localization
accuracy, CEJ-bone crest distance, root-length estimation, and final radiographic bone loss
error within a unified and clinically interpretable framework.

5.2. Limitations and Future Directions

Despite the promising performance of the proposed framework, several limitations
should be acknowledged. Although CEJ-bone distance measurements showed comparable
accuracy between molar and non-molar teeth, higher errors were observed for molars in
root length and final RBL percentage estimation. This is primarily due to the increased
anatomical complexity of molars, including multiple root branches, overlapping structures,
and variations in root morphology, which complicate accurate root apex localization and
subsequent geometric measurement. Furthermore, a limited number of outlier cases were
observed in the Bland—Altman analysis, particularly in severe bone loss conditions where
the CE]J, alveolar bone crest, or root boundaries become less distinguishable. Future work
will focus on improving robustness in these challenging scenarios by incorporating larger
and more diverse datasets, enhancing segmentation of complex anatomical structures, and
integrating uncertainty estimation methods to identify measurements that may require
additional clinical verification. In addition, the proposed framework will be extended
to detect additional periodontal findings, such as furcation involvement, vertical bone
defects, and other clinically relevant periodontal abnormalities. Integrating these findings
with automated radiographic bone loss measurement could provide clinicians with a more
comprehensive assessment of periodontal status and support more informed diagnosis and
treatment planning.

6. Conclusions

This study presents a measurement-oriented framework for automated radio-
graphic bone loss assessment on periapical radiographs by explicitly separating anatom-
ical segmentation from deterministic geometric analysis. Unlike conventional end-to-
end or segmentation-based approaches, the proposed method derives clinically rele-
vant landmarks—including CE]J endpoints, bone crest, and root apex—through struc-
tured anatomical relationships, enabling reproducible and interpretable measurement of
CEJ-bone distance, root length, and radiographic bone loss (RBL). The results demonstrate
that reliable bone loss estimation can be achieved without direct landmark prediction
while maintaining robustness in anatomically complex cases such as multi-root molars.
By reporting measurement errors in physical units (mm) alongside percentage-based RBL,
the framework provides clinically meaningful evaluation beyond pixel-space metrics or
aggregate agreement measures. Overall, the proposed approach highlights the importance
of anatomically constrained measurement modeling in improving transparency, robust-
ness, and clinical interpretability, supporting its potential for integration into Al-assisted
periodontal assessment systems.
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