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Abstract
Objective: To present and validate an open-source fully automated landmark place-
ment (ALICBCT) tool for cone-beam computed tomography scans.
Materials and Methods: One hundred and forty-three large and medium field of view 
cone-beam computed tomography (CBCT) were used to train and test a novel ap-
proach, called ALICBCT that reformulates landmark detection as a classification prob-
lem through a virtual agent placed inside volumetric images. The landmark agents 
were trained to navigate in a multi-scale volumetric space to reach the estimated land-
mark position. The agent movements decision relies on a combination of DenseNet 
feature network and fully connected layers. For each CBCT, 32 ground truth landmark 
positions were identified by 2 clinician experts. After validation of the 32 landmarks, 
new models were trained to identify a total of 119 landmarks that are commonly used 
in clinical studies for the quantification of changes in bone morphology and tooth 
position.
Results: Our method achieved a high accuracy with an average of 1.54 ± 0.87 mm 
error for the 32 landmark positions with rare failures, taking an average of 4.2 second 
computation time to identify each landmark in one large 3D-CBCT scan using a con-
ventional GPU.
Conclusion: The ALICBCT algorithm is a robust automatic identification tool that has 
been deployed for clinical and research use as an extension in the 3D Slicer platform 
allowing continuous updates for increased precision.
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1  |  INTRODUC TION

As artificial intelligence (AI) technology is evolving and being ad-
opted in clinical practice and new workflows, the greatest challenges 
are to evaluate and monitor the agility, stability, adaptability and ro-
bustness of AI algorithms, towards ensuring clinical quality and pa-
tient safety. The best practices for AI infrastructure include clinical 
imaging data access and security, integration across platforms and 
domains, clinical translation and delivery, and a culture of inclusive 
participation and continuous updates. However, the rapid increase 
in the number of commercially available algorithms and the variety 
of ways in which each algorithm can affect clinical workflows adds 
complexity to the AI implementation process.1,2

The accurate anatomical landmark localization for medical imag-
ing data is a challenging problem due to the frequent ambiguity of 
their appearance and the rich variability of the anatomical structures. 
Landmark detection represents a prerequisite for medical image anal-
ysis. It supports entire clinical workflows from diagnosis,3 treatment 
planning,4 intervention, follow-up of anatomical changes, or disease 
conditions,5 and simulations.6 Landmark identification may serve as 
initialization to other algorithms such as segmentation algorithms,7 
or image-to-image registration.8,9 Most of the available solutions for 
landmark detection rely on machine learning,10–12 however, previous 
methods have been proposed for other image modalities and have 
not been validated for Cone-beam computed tomography (CBCT) 
scans with various imaging acquisition protocols to lower radiation 
dose in dentistry. Other approaches for landmark identification rely 
on sub-optimal search strategies, i.e., exhaustive scanning,11,12 one-
shot displacement estimation,13,14 or end-to-end image mapping 
techniques.15,16 In many cases, these methods can lead to false-
positive detection results and excessively high computation times.

The application of AI technology for the automatic landmark 
identification in CBCT can help to promote precise and more ef-
ficient landmark location in different craniofacial structures of in-
terest for oral research and clinical aspects.2 In the present study, 
the landmark detection task is set up as a behaviour classification 
problem for an artificial agent that navigates through the voxel grid 
of the image at different spatial resolutions. The aim of this study 
was to present and validate a new automated landmark identifica-
tion method for CBCT (ALICBCT) inspired by a deep reinforcement 
learning system (DRL) technique.

2  |  MATERIAL S AND METHODS

This secondary data analysis was approved by the Institutional 
Review Board of the University of Michigan, School of Dentistry 
(HUM00217436). The sample was composed by 143 de-identified 
CBCT scans of patients acquired in 6 different University Centers 
(University of Michigan - School of Dentistry, University of University 
of Pacific - School of Dentistry, Scientific University of the South in 
Peru, National University of Colombia, CES University and Federal 
University of Ceará). The inclusion criteria were permanent dentition 

and image availability acquired for dental clinical purposes. The exclu-
sion criteria were patients with craniofacial anomalies or syndromes 
and scans with artefacts produced by orthodontic appliances.

Two open-source software packages, ITK-SNAP, version 3.8 
(www.itksn​ap.org)17 and 3D Slicer, version 4.11 (www.slicer.org)18 
were used by clinician experts to orient the scans and place the land-
marks. Head orientation was performed accordingly with a previous 
study.19 For the large field of view, CBCT scans orientation was stan-
dardized across patients with Frankfort horizontal plane matching the 
axial plane, and the midsagittal plane matching the sagittal plane in a 
common coordinate system. For the small/medium field of view, the 
axial plane orientation was determined by the occlusal plane and the 
midsagittal plane by the midpalatal suture. A set of 32 landmarks lo-
cated in different anatomical structures, including the cranial base, 
maxilla, mandible, an teeth (Table 1) was created by the clinician ex-
perts, which was considered the ground truth (GT) fiducial list.

The present method relies on two principles: a multi-scale en-
vironment and a search agent inspired by the behavioural problem 
solved as described in DRL Systems.20

2.1  |  Environment

The sample consisted of 77 large field of view CBCTs with voxel 
sizes varying from 0.3 to 0.4 mm, and 66 small/medium field of view 
CBCTs with voxel sizes varying from 0.08 to 0.16 mm. In order to ob-
tain environments with the finest scale level, the large field of view 
scans were re-sampled to an isotropic resolution of 0.3 mm and the 
small/medium field of view scans were re-sampled to 0.08 mm. We 
wanted the agent to learn different scales of the structures of inter-
est. For our multi scale-space, we used an additional low-resolution 
level at an isotropic spatial resolution of 1 mm. The image histograms 
were re-scaled to have better contrast and the data was normalized 
to a [−1.0, 1.0] interval. A multi-scale environment can be seen in 
Figure 1A. For each CBCT, the 32 landmark were marked by clini-
cians and stored as a fiducial list. During the training, the landmark's 
position from the list was mapped to the discrete image coordinates 
for each resolution and stored in the environment memory.

2.2  |  Agent

The protagonist of this work was the agent. The agent is a virtual ob-
ject whose goal is to reach a target position (the landmark) by mov-
ing inside an environment. The agent has a set of 6 possible actions, 
to move from one voxel to another by going superiorly, inferiorly, 
anteriorly, posteriorly, left or right.

The agent state is a 3D box around the agent position that has 
been cropped inside the environment (Figure  1B). The size of the 
FOV is an important parameter, and we have to make sure that 
enough relevant image features can be extracted at the current lo-
cation while limiting memory usage. The agents use deep networks 
for feature extraction (FeatNet), followed by fully connected layers 
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that predict the best action to take at any given step. A Densely con-
nected convolution network (DenseNet) was used.21 The FeatNet is 
made of convolution layers that are trained to capture the different 
image features. It takes as input the agent's state and outputs a vec-
tor describing relevant image features. This vector is then fed into 
the fully connected dense layers that output a probability vector (P 
∈ R6) of the best movement to reach the final landmark position. The 
agent moves following the highest probability.

2.3  |  Training the agents

Our data was split by scans, 70% for training, 10% for validation 
and 20% for testing. An environment was generated for each scan, 
and the position of corresponding landmarks was loaded. One 
agent was created for each landmark, and their network weights 
were initialized using a Xavier uniform function. For minimizing 
the distance between the agent and the landmark, each agent was 

TA B L E  1  Landmarks definition.

Description of the landmarks

Cranial base

Ba Placed at the most posteroinferior point of the anterior margin of the foramen magnum in the midsagittal plane

S Placed on the most central point of sella turcica from supero-inferior, antero-posterior, and transversal aspects

N Placed at the most anterosuperior junction of the nasofrontal suture

Maxilla

A The most posterior point of the concavity of the anterior region of the maxilla

ANS Placed at the anterior nasal spine

PNS Placed at the posterior nasal spine

UR6DB Placed at the distal buccal cusp of the maxillary right permanent first molars

UR6MB Placed at the mesial buccal cusp of the maxillary right permanent first molars

UR6R Placed at the center of the pulp chamber floor of the maxillary right permanent first molars

UR3O Placed at the cusp tip of the maxillary right permanent canine

UR3R Placed at the center portion of the root canal at the axial level of the cementoenamel junction of the maxillary 
right permanent canine

UR1R Placed at the center portion of the root canal at the axial level of the cementoenamel junction of the maxillary 
right permanent central incisor

UL3O Placed at the cusp tip of the maxillary left permanent canine

UL3R Placed at the center portion of the root canal at the axial level of the cementoenamel junction of the maxillary 
left permanent canine

UL6MB Placed at the mesial buccal cusp of the maxillary left permanent first molars

UL6R Placed at the center of the pulp chamber floor of the maxillary left permanent first molars

UR1O Placed in the middle of the incisal edge of the maxillary right permanent central incisor

Mandible

LR6MB Placed at the mesial buccal cusp of the mandibular right permanent first molars

LR6R Placed at the center of the pulp chamber floor of the mandibular right permanent first molars

LR1R Placed at the center portion of the root canal at the axial level of the cementoenamel junction of the 
mandibular right permanent central incisor

B Placed at the most posterior point of the concavity of the anterior region of the symphysis

Pog Placed at the most anterior point of the symphysis

Gn Placed in the projection of a virtual bisector of a line adjacent to the Pog and Me landmarks

Me Placed at the most inferior point of the chin

RGo Placed in the projection of a virtual bisector of a line adjacent to the right mandibular base and right posterior 
border of mandible

RCo Placed at the most superior and central point of right condyle

LGo Placed in the projection of a virtual bisector of a line adjacent to the left mandibular base and left posterior 
border of mandible

LCo Placed at the most superior and central point of left condyle

LL6MB Placed at the mesial buccal cusp of the mandibular left permanent first molars

LL6DB Placed at the distal buccal cusp of the mandibular left permanent first molars

LL6R Placed at the center of the pulp chamber floor of the mandibular right permanent first molars

LR1O Placed in the middle of the incisal edge of the mandibular right permanent central incisor
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    |  563GILLOT et al.

trained using a combination of a state and the best action to take 
from the 6 possible movements described before.

The high-resolution and low-resolution scans had an average 
size of 180 × 180 × 180 and 600 × 600 × 600 voxels, respectively. It 
means that for each environment, we had more than 200 000 000 
possible states that could be used to train the agent. However, the 
higher the number of states an agent needs to be trained, the higher 
would be the memory usage and the training time. We used the 
following strategy to generate outputs for each agent and limit the 
memory usage and training time:

•	 At the low-resolution level, we initialized K random position with 
a 20% chance to be within a radius Rlow of a ground truth land-
mark (a region where more precision is needed). The remaining 
80% could be anywhere in the scan. The agent is supposed to find 
the landmark from any starting point at this level.

•	 At the high-resolution level, we initialized K random position 
within a radius Rhigh of a ground truth landmark, knowing that 
the agent should be in this radius after the search at the low 
resolution.

The K positions for both resolution level were generated evenly in 
the N environments selected for the training. At every training epoch, 

we updated 50% of the K positions with new randomly selected ones. 
This is one of the most important parts of our training strategy be-
cause it allowed the agent to be trained in most of the scan regions 
while reducing memory usage. The agent had a different network for 
each scale. These networks were optimized using the PyTorch library 
using a combination of algorithms and optimizer. The training was 
done on an NVIDIA Quadro RTX 6000/8000 GPU with a batch size of 
100, Lx = Ly = Lz = 64, K = 10 000, N = 2, and Rlow = Rhigh = 30 voxels. It 
took about 4 h for one agent to be trained and reach a good accuracy.

2.4  |  Prediction of the landmarks' position

To predict the landmark positions in a CBCT, we rescaled it to the 
resolutions used during training. The landmark location is predicted 
through the following steps (Figure 2):

•	 Step 1: The prediction begins at the low-resolution level. The 
agent is placed in the middle of the scan to optimize the search 
time. Once the agent reaches a confident zone, it goes to the high-
resolution layer.

•	 Step 2: The agent moves in the high-resolution layer until it sets a 
preliminary estimation of the landmark location.

F I G U R E  1  A, Visualization of an 
environment. On the left, the low 1 mm 
resolution was re-scaled from the high-
resolution 0.3 mm scan on the right. B, 
Visualization of the agent's Lx × Ly × Lz 
field of view (blue box), and the 6 possible 
moves (red arrows) after the network 
prediction.

F I G U R E  2  Visualization of the agent 
(blue) in the multi-scale environment 
(green) searching for the target (red).
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•	 Step 3: Now, a verification step is applied. This step consists of 
another search in the high-resolution layer starting from the 6 
possible positions in a small radius from the predicted location in 
Step 2. The final result is an average of the 6 predicted positions.

During landmark position prediction, the stopping criteria is ac-
tive and was implemented using a visitation map. The agent stops if 
it tries to reach a previously visited voxel. Fiducial lists are generated 
with the predicted positions of the landmarks and saved as JSON 
files.

After the initial training and validation, the agents were trained 
to predict a list of 119 landmark located in the cranial base, maxilla, 
mandible and dental structures commonly used for quantification of 
skeletal and dental changes in clinical studies (Table S1).

2.5  |  Statistical analysis

To assess the prediction accuracy, the distance between each land-
mark in the ground truth fiducial list and the predicted one was 
computed by using the root mean square error.22,23 A 5-folds cross-
validation was performed. For each landmark group, the placement 
errors and percentage of fails are presented. The error is the dis-
tance of the predicted landmark to the ground truth in mm and the 
distribution of the prediction error for each landmark was tested. 
A prediction was considered failed when the agent did not find the 
landmark or when the error was greater than 5 mm.

3  |  RESULTS

The results are summarized in Table 2 that shows the errors (in mm) 
and fails (in %) for each landmark group. An average error of 1.54 mm 
was found for the landmark's prediction. A prediction is considered 
a failure when the agent did not reach the ground truth landmark 
region. Most of the landmarks have a 0% fail rate. Figure 3 shows 
the distribution of the prediction error (in mm) for each landmark. 
Only landmarks that presented percentages of failures are shown 
in Figure 3.

It took approximately 4.2 second on GPU for each landmark pre-
diction. The prediction on the testing scans required 8.8 GB of cache 
memory and 2.1 GB of GPU memory. Each agent did 90 moves on 
average to reach the landmark position using a DenseNet.24 In ad-
dition, new agents were trained to locate an extended list of 119 

landmarks in different craniofacial structures. Adequate landmark 
identification was observed with the final trained model with 119 
landmarks (Figure 4 and Table S1).

4  |  DISCUSSION

This study presents a novel method for robust and accurate ana-
tomical landmarks localization for 3D medical imaging data. The 
addition of dental records into healthcare data ecosystems and 
infrastructure is challenging, time-consuming, and dependent on 
clinician expertise. To leverage unstructured information in im-
aging data, we proposed and validated a method for automatic 
landmark identification in CBCT targeting clinical applications 
for dental, oral, and craniofacial clinical conditions that require 
quantitative landmark-based phenotyping. Previous studies using 
CBCT scans have demonstrated that manual landmark placement 
is a precise but time-consuming process.25,26 Landmark place-
ment using both surface models and MPR images took an average 
of 10:41 ± 4:01 minutes to trace each patient.25 In this study, the 
proposed open-source method combined the concept of scanning-
based systems with smart displacement inside the scan using an 
agent. The training on a multi-resolution image enabled the arti-
ficial agent to systematically learn to find the targeted anatomical 
structures. The behaviour classification was solved using imitation 
learning, as this approach is easier to implement and train. It allows 
the use of deeper neural networks that encode a wider range of 
image features. The average automatic detection speed of 4.2 sec-
ond for landmark was adequate considering the size of the CBCT 
volumes used.

Our results showed that this novel approach is robust and 
finds landmarks in CBCT scans accurately and automatically. An 
average error of 1.54 ± 0.87 mm was found for the assessed land-
marks. This error is below the clinician's average error limit of 
2 mm.27–29 In contrast, a previous study that tested an automatic 
landmark identification tool for CBCT showed a mean error dis-
tance of 3.19 ± 2.6 mm.2 Cranial base landmarks showed better ac-
curacy than the maxillary and mandibular landmarks (Table 2 and 
Figure 3). Also, a smaller failure rate was found for the cranial base 
landmarks that included only landmarks placed in the midsagittal 
plane (Table  2). Previous studies with manual landmark identifi-
cation have shown that variables located in edges, crests or api-
ces and between structures with different densities were easier 
to identify and therefore can present higher levels of accuracy.29 
Conversely, landmarks located on flat surfaces, curved bone 
structures, areas of low density, neighbouring areas of two dense 
structures or dental restorations are subjected to greater levels 
of error.29 This can explain the smaller accuracy found for some 
dental landmarks, which also includes greater individual variation 
in tooth position that may require additional training. Additionally, 
4 dental landmarks in the present study had errors greater than 
5 mm in 25% of the cases, probably due to crowns and restoration 
artefacts or impacted/ectopic teeth in the CBCTs scans. This is 

TA B L E  2  Cross-validation prediction accuracy.

Bone group
Mean 
error ± SD

Maximum 
error

Fail percentage 
(%)

Maxillary 1.53 ± 0.85 4.83 4.7

Mandibular 1.61 ± 0.93 4.92 8.3

Cranial base 1.22 ± 0.51 2.29 2.7

All 1.54 ± 0.87 4.92 6.1
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    |  565GILLOT et al.

in accordance with a previous study that found greater errors for 
automatic landmark identification in dental landmarks when com-
pared to manual landmark placement using computed tomography 
scans.30

Previous studies in 2D and 3D have demonstrated that landmark 
placement can present different level of errors in the three spatial 
dimensions (x, y and z).31,32 Landmarks placed on curved structures, 
such as Gonion, can present greater levels of errors during placement 

F I G U R E  3  Violin plot of the cross-validation result on the cranial base (top) maxilla (middle) and mandible (bottom) and a summary of the 
fails (top right). Each landmark is represented with its error distribution in mm. The white dot and the black strip are respectively the mean 
error and the standard deviation.

F I G U R E  4  All 119 landmark that can be identify by the latest trained agents.
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566  |    GILLOT et al.

and these errors can differ in the three spatial dimensions.31 In a 3D 
evaluation, a higher reliability along the X direction was found for 
Gonion, whereas this landmark presented poor reliability along the 
Y and Z directions.32 In the present study, the landmark placement 
accuracy was assessed using the root mean square error. The root 
mean square error is one of the top performance metric systems 
used to assess the precision of machine learning approaches.22,23 
However, this method does not allow to assess the differences in 
error in the three spatial dimensions.

A limitation of this study is the small sample size. However, this 
is an open-source code and software, where the machine learning 
models can be continuously updated to better assist clinicians and 
researchers in this crucial but time-consuming task. After validation 
of the proposed method, the clinical application was extended to 119 
landmarks (Figure 4) annotated by clinician experts. Twenty-seven 
additional large field of view scans were used for initial location 
training of 119 landmarks, commonly required for 3D quantification 
of skeletal and dental structures. Future studies are needed to train 
a more robust generation of agents with larger datasets towards 
refining, testing and improving landmark placement accuracy with 
decreased failures in landmark location.

Given the preliminary robustness and good timing performance, 
the algorithm has been deployed for clinical and research use in an 
open-source web-based clinical decision support system (https://
dsci.dent.umich.edu), and in a user-friendly open-source 3D Slicer 
module, with the code and detailed read me files available in Github 
(https://github.com/DCBIA​-Ortho​Lab/Slice​rAuto​mated​Denta​
lTools) and video tutorials posted in Youtube (https://www.youtu​
be.com/@DCBIA/​playl​ists). Our models are developed with the 
Pytorch* framework and monai† library which facilitates reusability 
of the code and continuous improvement of the models. The current 
robustness of ALICBCT tool still requires clinical adjustments/veri-
fication from the users after the AI prediction. Continuous training 
of the ALICBCT will help increment the performance of the agents 
in future versions. We train separate model for each landmark, once 
that having separate machine learning models for each agent allows 
the clinician to make custom lists of landmarks and facilitates the 
periodic retraining of new agents separately without compromising 
the previously trained models.

5  |  CONCLUSION

The ALICBCT algorithm presented an adequate level of accuracy 
in automatic landmark placement in CBCT scans. The precision and 
performance of this novel automated tool make it an important 
contribution to 3D imaging analysis in clinical and research studies. 
ALICBCT's open-source code and machine learning models offer 
the capability of continuous retraining with additional datasets to 
improve its performance. We expect to continue adding landmarks 
for future studies that require automated measurement and/or 
diagnostics.
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