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 A B S T R A C T

Background and Objective:
Identification of anatomical landmarks in 3D imaging data is an essential step in patient-specific cranio-

maxillofacial surgery. Today, precise landmark localization remains largely manual, prone to inter-operator 
variability, and a bottleneck in streamlined workflows of digitalized preoperative planning, that have in 
recent years, become a key aspect of cranio-maxillofacial surgery. In clinical practice, bone segmentation and 
landmark detection in CT imaging is often avoided and automated solutions fall back to the analysis of 2D 
cephalograms.
Methods:

This work investigates different pipelines to automate the process of landmark localization in the mandible 
from volumetric CT imaging using convolutional neural networks. As a central element, a 3D U-Net architecture 
is employed to treat landmark localization and classification like a multi-label segmentation problem. We 
leverage a two-stage coarse-to-fine approach to tackle heterogeneous input data and preserve high resolution 
for the final prediction. Our primary innovation is a novel dual-input architecture for the second stage, which 
uses both the cropped CT data and a mandible segmentation to provide the model with explicit geometric 
priors for improved accuracy.

The method was developed and tested on a clinical dataset comprising 287 CT datasets to localize nine 
different landmarks on the human mandible, including the Condyles, Coronoids, Gonions, Pogonion, Gnathion 
and Menton.
Results:

On a test dataset of 29 CTs, landmarks were predicted with a mean absolute error of 1.40 ± 1.04 while 
successfully predicting 99.6% of all landmarks.
Conclusion:

The proposed method demonstrates high accuracy, robustness, and speed suggesting strong potential for 
integration into clinical workflows for automated, patient-specific surgical planning in cranio-maxillofacial 
surgery.
1. Introduction

The identification of anatomical landmarks in 3D imaging data is a 
key apspect in surgical planning in patient-specific craniomaxillofacial 
surgery. Besides its essential importance in preoperative planning and 
all recent advances in computer-aided planning, the precise localization 

∗ Corresponding author at: Department of Oral and Maxillofacial Surgery, University Hospital RWTH, Pauwelstraße 30, Aachen, 52074, Germany.
E-mail address: sraith@ukaachen.de (S. Raith).

of these landmarks today still remains a largely manual task with inter-
operator variance and thus a significant bottleneck in a streamlined 
process-chain of virtual surgical planning.

The cranio-maxillofacial (CMF) region comprising the mouth, jaw, 
midface, and skull is a challenging region for surgery with its complex 
geometrical shapes and thus the restoration of physiological masti-
catory functionality of the jaw is a task requiring expert knowledge 
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and distinct operative skills. In the past, individual analysis of the 
mandibular bone (lower jaw) has become key in CMF surgery for appro-
priate virtual surgical planning. Computer-assisted planning leverages 
volumetric modeling of patient-specific morphology for virtual surgical 
planning and benefits from evolving (semi-)automatic image processing 
technologies [1,2].

CT scans provide high-resolution 3D data, allowing for the lo-
calization of anatomical landmarks and segmentation of malformed 
bones. However, fully automated technologies used in practice are 
often limited to 2D lateral Cephalograms to analyze individual ge-
ometries and measure landmark relations [3,4]. Multiple studies [1,
5–7] have shown how a 3D model of the mandibular bone increases 
the accuracy of reconstructive surgery and reduces the overall expo-
sure time of the invasive procedure. Additionally, the spatial relations 
of anatomical landmarks allow for an accurate geometrical analysis 
as patient morphology is often asymmetrical, which is not encom-
passed in 2D cephalograms. Hence, clinical practice longs for rapid and 
fully automatic solutions to achieve precise analysis of the mandibular 
geometries from volumetric medical imaging.

To reduce time expenditure and individual bias in landmark anno-
tation, knowledge-based semi-automatic, and fully automatic methods 
have been developed for volumetric imaging in the past [8–11]. How-
ever, the CMF bone geometry has been proven to be heavily patient-
dependent [12–14] which often limits the capabilities of knowledge-
based algorithms [11] as hand-crafted feature extraction often finds 
its limit in extreme cases and lacks performance on unseen datasets. 
In the past decade, deep learning (DL) applications have had notable 
success in localizing landmarks in both soft- and bone tissue due to their 
ability to encode powerful features from training data [15–18]. The 
U-Net, a convolutional neural network (CNN) with encoder–decoder 
architecture has proven to outperform manual feature engineering and 
other CNN architectures in 2D [19] and 3D [20,21] medical image 
segmentation tasks. Lately, state-of-the-art publications in mandibular 
landmark localization mostly use or adapt the U-Net structure [4,17,
22]. Despite the advanced capabilities of CNNs to learn feature repre-
sentations from training datasets, locating anatomical landmarks in the 
complex anatomy of the skull still remains a difficult task. Many studies 
incorporate geometrical constraints into their algorithmic architecture 
due to the ideally symmetric relations of mandibular landmarks and 
placements on the bone surface. Evaluating a CT in 3D encapsulates 
the geometrical relation between all landmarks simultaneously, but 
increases the computational complexity. Though running their pipeline 
on 2D slices, Torosdagli et al. [17] achieved excellent accuracy by 
basing landmark localization on a previously segmented mandibular 
surface. In 3D [22] found landmarks by analyzing low-resolution global 
image information to identify sparsely related landmarks first and feed-
ing the information into high-resolution localization of closely related 
landmarks.

Zhang et al. [23] performed joint segmentation and localization 
in 3D with high accuracy employing an encoder–decoder CNN archi-
tecture twice, first to learn displacement maps for all landmarks and 
second to perform mandible segmentation and landmark localization 
simultaneously. However, due to computational feasibility, they had 
to use a sliding window technique with a maximum resolution of 
112 × 112 × 112 voxels.

Landmark prediction accuracy often depends on previous acqui-
sition parameters like the chosen field of view. When reducing the 
input dimensions to be computationally feasible while handling a large 
field of view, small targets like landmark features become increasingly 
difficult to detect. Additionally, the mandibular and maxillary bone 
structures include many prominent parts leading to a high likelihood 
of detecting false positives, thus, requiring high amounts of training 
data to build reliable applications.

In the present work, we apply a 3D U-Net architecture to build a 
two-stage pipeline able to localize and classify nine different landmarks 
on the human mandible in 3D CT data with varying field of view. The 
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anatomical landmarks include in bilateral the Gonions, Coronoids and
Condyles and three unilateral landmarks at the chin, with the Pogonion,
Gnathion and Menton (Fig.  1).

We incorporated work from [24] and aligned the inference structure 
along findings from different publications [17,18,22,23,25] addressing 
the issue of maximizing resolution while keeping global spatial infor-
mation available. Further, we used a dataset comprising 287 CT scans 
in conjunction with semi-automatically derived landmark coordinates 
to train and test our pipeline to quantify the improvements of a two-
stage pipeline and when providing mandible segmentation as prior 
information.

In order to achieve the given task of mandibular landmark detec-
tion, we implemented primarily a two-stage pipeline with a coarse-
to-fine architecture that has proven its merits in related work [24] to 
handle large variations in the field of view. The versatility of the coarse-
to-fine principle is also demonstrated by its successful application in 
domains such as 2D cephalometric analysis [26,27] and in architec-
tures prioritizing computational efficiency [28]. Building upon this 
well-established foundation, our work investigates a novel dual input 
architecture that considers additional geometry information on the 
segmented bony geometry and thus could potentially benefit from this 
guidance to allocate the respective landmarks with superior accuracy. 
In this architecture, in the second stage, the model uses two distinct 
inputs: the high-resolution cropped CT image and a pre-existing seg-
mentation of the mandible bone. This dual-input architecture provides 
the network with explicit anatomical context, bearing the potential 
of a more robust and accurate performance compared to a standard 
two-stage pipeline or other contemporary methods that rely on 2D 
slices or sliding-window techniques. Thus, the distinct innovation of 
our work is the implementation of this novel dual input pipeline that 
incorporates additional geometric information to guide the model and 
thus improve accuracy. The hypothesis of the present work was that 
the proposed two-stage pipeline is capable of detecting the relevant 
anatomical landmarks with sufficient precision for potential future 
integration into largely automated process chains of clinically valid 
surgical planning. Additionally, it is hypothesized that the additional 
information provided to the novel dual input approach is improving 
accuracy of the landmark detection.

2. Material and methods

In this study, we investigated the optimal use of the U-Net architec-
ture to overcome previously named challenges. We aimed for an easily 
applicable pipeline to localize and identify landmarks efficiently and 
mainly targeted robust performance regarding three major aspects of 
our dataset: individual morphology, differing fields of view, and spatial 
orientation of the head. We trained and verified our approaches by 
using a large clinical CT dataset of the head and neck region to handle a 
large variety of real-world data with the same accuracy. We replicated 
successful implementations of a 3D U-Net for segmentation tasks in 
medical imaging [20,24] as a baseline model and built a coarse-to-fine 
pipeline connecting two 3D U-Net models sequentially for increased 
resolution. Anatomical landmark placements are directly connected 
to the geometrical shape of the bone, as they lie on their surfaces. 
Therefore, we provided additional segmentation data of the human 
mandible for training and inference of a second 3D U-Net in a dual-
input architecture. Finally, we compared the achieved performances 
against each other and against a singular U-Net model.

2.1. Dataset

For training and testing, a base dataset comprising 500 multislice 
CT scans of the head and neck region was investigated. These scans 
featured a wide variety in field of view and spatial orientation of the 
head. The same dataset was previously examined in [14,29]. Data 
acquisition was completed at the RWTH Aachen University Hospital 
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Fig. 1. Mandibular anatomy and landmark locations.
Fig. 2. Threshold segmentations of the largest, median, and smallest field of 
view from the dataset with original spatial orientation.

using the SOMATOM Definition Flash and SOMATOM Definition AS 
from Siemens (Erlangen, Germany).

All patients were scanned in a supine position, and the mandible 
was manually segmented by experts using a semi-automated threshold-
ing approach with Mimics 14 (Materialise Inc., Leuven, Belgium). This 
party manual annotation represents the necessary, one-time data cu-
ration investment required to develop a fully automated pipeline that, 
once trained, offers rapid, reproducible landmarking without operator 
dependent variability.

Patients under the age of 20 and those with skeletal mandibular dis-
eases were excluded. After applying further exclusion criteria, that were 
defined as geometrical flaws of the surface data, incomplete or inaccu-
rate segmentation, and acquisitions with less than 5 mm margin from at 
least one landmark to the border of the scan, in total 287 CT scans were 
eligible for training and testing. The scanned volumes showed a wide 
variance in field of view from 195×195×146.3 mm to 439×439×600 mm
and the respective voxel sizes ranging from 0.38×0.38×0.7 mm to 0.86×
0.86 × 4.0 mm (Fig.  2). For the ground truth annotation of mandibular 
landmarks, we improved the surface-based algorithm from [14]. This 
algorithm uses the triangulated surface geometry of the mandible as an 
input and uses a cascade of geometric operations to align the mandible 
in space. First it uses a bounding sphere to access the mandibular 
center and salient points at the condyles and the chin. Using these 
points for a rough alignment, a subsequent identification of landmarks 
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based on unique geometric attributes becomes feasible. We refined the 
positioning of the Pogonion by identifying the mandibular Symphysis
and used the new information to add the clinically relevant landmarks
Gnathion and Menton. This specific set of skeletal landmarks was chosen 
to support our primary clinical application: the automation of virtual 
surgical planning for mandibular reconstruction [1], a task with distinct 
data requirements compared to other 3D landmarking studies focused 
on dental anatomy [30].

2.2. Implementation of the 3D U-Net

The U-Net CNN architecture was introduced by Ronneberger et al. 
[19], leveraging an encoder–decoder structure while copying feature 
maps on each convolutional level to perform accurate semantic seg-
mentation in 2D medical imaging. We employed a 3D version of the 
U-Net based on fundamental works by Çiçek et al. [20] and Isensee 
et al. [21] to identify mandibular landmarks in 3D CT datasets, utilizing 
the abilities of the U-Net and preserving spatial 3D information for 
inference. We built the 3D U-Net model with an input resolution of 
[144 × 144 × 144] while training on a batch size of 2 and an initial 
learning rate of 5𝑒𝑥𝑝−5. The Adam optimizer [31] was applied to 
optimize the network on the Tversky loss [32]. Furthermore, we used 
Batch Normalization [33] for each layer.

2.3. Preprocessing and annotation

For the dataset, we used a randomized 8:1:1 split for training 
(230 samples), validation (28 samples), and testing (29 samples). An 
identical split was used for all training runs. Each CT dataset was 
preprocessed by clipping the intensity values between [−1024, 3071] HU 
to reduce the impact of artificial material and subsequently normalized 
between [0, 1]. In training, we applied the augmentation methods blur, 
noise, brightness, and scaling from the batchgenerators library [34].

A binary sphere annotation for each landmark with a radius of 
5 mm for the first-stage model and 3 mm for the second-stage model 
was chosen, based on the results of preliminary investigations. This 
annotation style was used to mask all training and testing data.

Thus, the U-Net models are trained to predict sphere-like segmen-
tations around each landmark of interest. We used these voxel-wise 
predictions to calculate the locations by identifying their centroid.

2.4. Full pipeline setup

Recent research suggests superior results when cropping the inputs 
around the ROI [18,22,23]. Hence, we implemented a coarse-to-fine 
approach similar to the approach in [24] for the segmentation of the 
whole mandible, by training two models and using them in a sequence. 
While end-to-end, cascaded models have shown great success for high-
resolution 2D cephalometric analysis [26], our sequential design is an 
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Fig. 3. Two-stage and dual-input pipelines. From left to right: CT input, identifying ROI by bounding box or segmentation input, cropped input for second-stage 
model, final landmark digitization.
adaptation of the established coarse-to-fine principle for the distinct 
challenges of 3D volumetric data.

The initial prediction from the first-stage model is used to create 
a bounding box around the ROI by cropping the original input to the 
boundaries of the first prediction. With a padding of 5 mm around the 
bounding box the cropped input is passed to the second-stage model. 
The second-stage model operates at a higher relative resolution com-
pared to the first-stage model while both models have the same input 
and output dimensions, the first-stage model processes a significantly 
larger field of view.

We compared the first-stage model accuracy versus the two-stage 
pipeline accuracy. Additionally, we investigated a dual-input localiza-
tion pipeline using mandible segmentation as additional information. 
For the training of the dual-input model, we used ground-truth volu-
metric annotations of the mandible bone for the second input scaled 
to the same dimensions as the CT data input and trained it only on 
data cropped around the ROI. For the dual-input pipeline’s inference, 
we employed the robust mandible segmentation model described by 
Pankert et al. [24]. This model was previously validated and reported to 
achieve high segmentation accuracy, with a mean Dice score of 94.82%. 
The resulting segmentation mask was used to define the cropped ROI 
and to serve as the second input channel for the dual-input landmark lo-
calization model. Fig.  3 provides a schematic overview of the inference 
process for both pipelines. Fig.  3 gives an overview of the inference for 
both pipelines.

2.5. Implementation

Training and testing were executed on the same machine running 
Ubuntu 22.04 (RAM: 128 GB, GPU: 2x NVIDIA Quadro RTX 5000, 
CPU: Intel Xeon(R) Gold 5122) using Python 3.9 with Blender 2.93 for 
the annotation algorithm and Tensorflow 2.10 [35] for training and 
inference.

The end-to-end runtime for the Two-Step segmentation was on 
average 14.2 s per CT scan with a peak RAM consumption of 1.6 GB 
and a peak VRAM consumption of 13.4 GB. For the Dual-Input-Pipeline, 
the average run time was 15.2 s, also with a peak RAM consumption 
of 1.6 GB and a peak VRAM consumption of 15.0 GB. These times 
include initialization steps for TensorFlow and all networks, as well 
as preprocessing of the CT scan in DICOM format and post-processing. 
Despite using on more model pass step, the Dual-Input pipeline is only 
slightly slower than the Two-Step pipeline due to the comparably large 
overhead of initialization and I/O.
4 
2.6. Evaluation metrics

The localization error was measured with the Euclidean distance d
between the ground-truth position and the predicted position of each 
landmark defined by its centroid in x, y and z.

𝑑 =
√

(𝑥2 − 𝑥1)
2 + (𝑦2 − 𝑦1)

2 + (𝑧2 − 𝑧1)
2

The intersection over union (IoU), also known as the Jaccard coef-
ficient, compares the similarity of two objects and is used in this study 
to describe the similarity of the bounding box around all predicted 
landmarks against the bounding box around the ground-truth. In 3D the 
IoU is calculated as the volumetric intersection of two objects divided 
by the combined volume.

3. Results

All experiments were repeated three times with different random 
seeds. Each run was tested on 29 CTs with 9 landmarks each for 
a total of 261 landmarks per run. All three presented methods con-
sistently identified over 99% of landmarks. Table  1 compares the 
measured mean absolute error (MAE). The first-stage model predicted 
locations for all nine landmarks with a MAE of 2.12 mm. This first-
stage prediction was used to crop the original image, achieving a IoU 
of the cropped image patch of 93.38 ± 2.94% to the ground-truth patch. 
Employing the full two-stage pipeline reduces the MAE to 1.70 mm. 
The improvements are significant across all landmark types. Merely the
Condyles showed a slightly higher standard deviation (SD). The dual-
input two-stage pipeline outperformed the other pipelines in the MAE 
for each landmark type and achieved an overall MAE of 1.40 mm (Fig. 
4).

Table  2 shows the percentages of predictions within the error ranges 
of 1, 2, 3, 4 and 5 mm. With the first-stage model 78.2% of predic-
tions were performed within a 3 mm error. In comparison, the two-
stage pipeline recorded 88.1% in the same error range. The dual-input 
pipeline outperformed the two-stage pipeline in all error limits and 
detected 93.7% of all predictions within the 3 mm error range. The 
two-stage pipeline recorded superior results for each error limit up to 
4 mm against the first-stage model but performed slightly worse in the 
5 mm confidence interval. Especially in the 1 mm interval the dual-input 
pipeline showed superior performance with 44.0% detected landmarks 
and proved overall to be the superior setup.
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Fig. 4. Error distances per bone for the first-stage model, two-stage pipeline and dual-input two-stage pipeline.
Table 1
Overall and label-wise mean absolute error metric for all three setups on the 
test dataset. False negatives describe the sensitivity of each method.
 MAE ± SD [mm]
 First-stage Two-stage DI Two-stage 
 Overall 2.12 ± 1.33 1.70 ± 1.23 1.40 ± 1.04  
 Gonions 2.41 ± 1.58 1.89 ± 1.47 1.68 ± 1.14  
 Coronoids 1.70 ± 1.01 1.20 ± 0.52 0.80 ± 0.49  
 Condyles 2.64 ± 1.69 2.28 ± 2.01 1.72 ± 1.42  
 Pogonion 2.05 ± 1.14 1.71 ± 1.02 1.54 ± 0.76  
 Gnathion 1.90 ± 1.20 1.70 ± 1.10 1.51 ± 0.95  
 Menton 2.02 ± 1.11 1.57 ± 0.83 1.53 ± 0.86  
 FNs 2 (0.76%) 1 (0.38%) 1 (0.38%)  

Table 2
The confidence intervals describe the percentage of errors within the threshold 
distance. The thresholds are 1, 2, 3, 4 and 5 mm.
 Confidence intervals [%]
 1 mm 2 mm 3 mm 4 mm 5 mm 
 First-stage 20.3 56.7 78.2 90.4 95.8  
 Two-stage 29.9 72.0 88.1 92.3 95.0  
 DI Two-stage 44.0 77.8 93.7 96.8 98.0  

Fig.  5 shows the error distances from the dual-input pipeline. Break-
ing down the error distances in singular axes showed consistencies 
for all landmark areas. Four unique patterns stood out: The Gonions
showed the largest error in posterior–anterior, a slightly smaller error 
in superior–inferior, and close to zero error in left–right. The Condyles
showed a similar pattern with more equal error sizes in posterior–
anterior and superior–inferior while the Coronoids showed the most 
equally distributed errors in all axes. However, a median error in lateral 
direction greater than zero on the left side and a median error smaller 
than zero on the right side showed the predicted Coronoids tended to 
lay more lateral than the ground truth. In contrast, all three landmarks 
on the mandibular Symphysis (Pogonion, Menton, and Gnathion) showed 
the largest error in lateral direction with small errors in the two other 
axes. With the median error below zero, all three showed a bias towards 
the left side of the patient.

4. Discussion

In this work, we propose a coarse-to-fine progression pipeline uti-
lizing two 3D U-Net models to localize nine landmarks on the human 
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mandible and investigate implementations in three different variants. 
The two-stage and dual-input pipelines both showed to be sufficiently 
accurate and sensitive. Leveraging the sequential use of two separate 
models they can identify landmarks in CT with a small and large field 
of view. Transferring the identified spatial information gained from 
the first-stage model to the second-stage model ensured high-resolution 
predictions while preserving the entire mandible structure. Due to the 
geometrical distribution of all targeted landmarks, it is likely that even 
when the first-stage model missed a landmark, it is still encompassed 
in the subsequent cropping making the approach very robust.

4.1. Performance

The dual-input pipeline using additional segmentation data showed 
overall superior accuracy over the two-stage pipeline and achieved 
consistent MAEs for all landmark types between 1.51 and 1.72 mm. 
Only the Coronoids were detected far more accurately with an MAE of 
0.80 mm which may be attributed to the salient geometry of most Coro-
noids facilitating their localization and can also be seen in comparable 
data by Torosdagli et al. [17] or Palazzo et al. [36].

Overall, the dual-input pipeline detected 93.7% of all landmarks 
with an error under 3 mm and 77.8% under 2 mm, which is superior or 
at least competitive to most literature. The multi-atlas method from [8] 
registered 63.57% of landmarks in the 3 mm confidence interval. O’Neil 
et al. [37] documented 90% of landmarks under a 4 mm error with 
their CNN-Atlas combination and Lu et al. [4] described 96.83% of all 
landmarks inside a 3 mm error range using their U-Net-like pipeline.
Condyles and Gonions were the most challenging landmarks for our 
method with the largest singular error of 8 mm and 5.9 mm respectively. 
Torosdagli et al. [17] achieved significantly superior accuracy with 
their pseudo-3D approach recording an MAE under 1 mm for most land-
marks but showed only a slight advantage for the Pogonion (1.36 mm
MAE). However, in a more recent publication [38] their fully 3D 
approach improved the localization of the Gnathion and Pogonion while 
recording larger MAEs for Coronoids and Condyles than our pipelines. 
Both their publications do not localize the Gonions.

Breaking down the error distances in singular axes gave insights 
into the placements of each landmark type. The three landmarks on 
the chin (Pogonion, Gnathion, and Menton) were in most cases aligned 
on a line close to the actual mandibular symphysis. If displaced, all 
three landmarks showed consistent displacements majorly in the lateral 
direction. Similarly, the Gonions showed displacements mostly along 
the curvature of the bone in posterior–anterior and superior–inferior 
with negligible displacements in lateral. We argue that this may be 
attributed to the rather undefined positioning of the Gonions along the 
mandibular bone in cases with large mandibular angles.
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Fig. 5. Error distances for dual-input two-stage pipeline in lateral direction (x), anterior–posterior direction (y) and cranio-caudal direction (z).
4.2. Pipeline architecture

Overall, both presented coarse-to-fine approaches validate that two 
sequential U-Nets may provide a decent resolution while encompassing 
the whole mandibular geometry to perform highly accurate landmark 
localization no matter their proximity to each other. In contrast, other 
major publications employing modified encoder–decoder architectures 
as a base required additional steps to ensure high-resolution predic-
tions. Zhang et al. [23] used a sliding window approach and Lian 
et al. [22] performed one dense second-step prediction per landmark. 
In another example, Torosdagli et al. [17] employed a long short-term 
memory (LSTM) network running on a single 2D slice in the sagittal 
plane for the identification of closely related landmarks. This procedure 
requires a highly accurate segmentation of the mandible for the con-
secutive prediction of landmarks along the mandibular symphysis where 
an error of the surface shape propagates directly into the localization 
of landmarks. Our dual-input approach, in contrast, provides a more 
robust structure to handle less accurate segmentations since predictions 
are calculated on both the input CT and the segmented mandible.

By exposing the network to the given real-world variability during 
training on our dataset, the model learned to be invariant to ori-
entation implicitly, without requiring an explicit registration or data 
re-orientation step. This demonstrates the model’s capability and ro-
bustness to deal with the heterogeneous conditions of a real clinical 
workflow that are not curated towards specific fields of view or global 
spatial orientations.

4.3. Limitations and improvements

We successfully trained a robust and accurate deep-learning pipeline 
based on landmark annotations from a surface-based algorithm. In 
doing so we could leverage a validated algorithm in combination with a 
large clinical dataset to efficiently and consistently create training data. 
However, the algorithm may still insert bias into the learned locations. 
Exemplary, all Condyle landmarks were placed lateral-superior on the
Condyle process following the convention of Raith et al. [14], this con-
trasts most of the literature placing the Condyle landmark in superior 
on top of the Condyle process [4,10,17].

One limitation is that the current model was developed using a 
non-pathological cohort. As explicitly defined by our exclusion criteria, 
the training and validation datasets intentionally omitted cases with 
skeletal mandibular diseases, such as significant deformities or fractures 
resulting from trauma or surgery. This deliberate focus allowed us 
to first establish a highly accurate and robust baseline for the core 
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methodology in a controlled setting. Consequently, the model’s per-
formance on complex pathological anatomy is untested. Extending and 
validating the pipeline on these challenging cases is a critical next step 
to enhance its clinical utility and will be in focus of our future research.

While our results are contextualized with related literature, a direct 
quantitative benchmark against many state-of-the-art methods is chal-
lenging due to the specific clinical application of our work. The unique 
set of nine skeletal landmarks targeted for mandibular reconstruction 
differs from those in other studies, which may focus on different 
clinical tasks or utilize 2D imaging modalities [26,27]. Consequently, 
a direct comparison would not be scientifically appropriate. The future 
establishment of public benchmark datasets for this specific surgical 
task will be crucial and should be investigated as the field matures.

A potential concern with multi-stage pipelines is the risk of error 
propagation, where inaccuracies from an early stage could negatively 
impact subsequent predictions. However, our results demonstrate that 
the trade-off is highly favorable. The first-stage model proved reliable 
in localizing the mandible. This high fidelity ensures the second-stage 
model consistently receives a well-defined region of interest, mitigat-
ing the risk of error accumulation. The overall performance further 
validates this design choice, as both the two-stage and dual-input two-
stage pipelines significantly outperformed the single-stage model. This 
marked improvement confirms that the precision gained from the high-
resolution analysis in the second stage substantially outweighs any 
issue for propagated error in the investigated application.

Furthermore, compact training and postprocessing steps provide 
high flexibility for further adaptation to additional clinical require-
ments e.g. the inclusion of other landmarks. The employed surfaced-
based algorithm for the ground-truth annotation offers a great oppor-
tunity for time-efficient adaptations in the same sense. In the future, the 
main improvements will focus on pushing the accuracy and sensitivity 
by optimizing aspects of the training e.g. using a Euclidean distance loss 
function and quantifying the robustness of the dual-input pipeline when 
dealing with flawed segmentations of the mandibular bone surface.

5. Conclusion

The proposed dual-input pipeline can efficiently replace manual 
digitization of landmarks by leveraging a coarse-to-fine setup starting 
with a mandible segmentation model to localize the Gonions, Coronoids,
Condyles, Pogonion, Gnathion, and Menton from CT data. The fully 
automatic method demonstrates robustness with regards to variations 
in morphology, field of view and spatial orientations of the head. Due 
to its high accuracy and high sensitivity as well as its fast prediction 
times (less than a minute), the proposed method could be a valuable 
asset for patient-specific planning in the clinical context.
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