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Abstract. Craniomaxillofacial (CMF) deformities involve congenital
and acquired deformities of the head and face. Landmark digitization is a
critical step in quantifying CMF deformities. In current clinical practice,
CMF landmarks have to be manually digitized on 3D models, which
is time-consuming. To date, there is no clinically acceptable method
that allows automatic landmark digitization, due to morphological vari-
ations among different patients and artifacts of cone-beam computed
tomography (CBCT) images. To address these challenges, we propose a
segmentation-guided partially-joint regression forest model that can au-
tomatically digitizes CMF landmarks. In this model, a regression voting
strategy is first adopted to localize landmarks by aggregating evidences
from context locations, thus potentially relieving the problem caused by
image artifacts near the landmark. Second, segmentation is also utilized
to resolve inconsistent landmark appearances that are caused by mor-
phological variations among different patients, especially on the teeth.
Third, a partially-joint model is proposed to separately localize land-
marks based on coherence of landmark positions to improve digitization
reliability. The experimental results show that the accuracy of automat-
ically digitized landmarks using our approach is clinically acceptable.

1 Introduction

Craniomaxillofacial (CMF) deformities involve congenital and acquired defor-
mities of the head and face [10]. In diagnosis and treatment planning, com-
puted tomography (CT) scans (including multi-slice (MS) and cone-beam (CB)
CT) are typically processed using the following procedures: segmentation, recon-
struction of 3D models, placing anatomical landmarks on the 3D models (called
landmark digitization), and quantitative measurements based on the landmarks
(called cephalometry). Compared with MSCT, CBCT has short scanning time,
reduced radiation dose, low cost, and the potential for in-office imaging, which
is increasingly being used to scan CMF patients.
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Fig. 1. Various morphological appearances. (a) Inconsistent patch appearances of the
same tooth landmark. (b) Inconsistent patch appearances caused by metal effects. (c)
Similar patch appearances in both MSCT and CBCT images.

Accurate landmark digitization is a critical step to quantitatively assess the
CMF anatomy. In current practice, all anatomical CMF landmarks are manually
digitized on 3D models, which is time-consuming. To date, there is no effective
method that allows automatic landmark digitization in clinical use, because of
two major challenges. 1) Morphological variations among different patients. For
example, local morphological appearance of the same landmark could be sig-
nificantly different across different patients, as shown in Fig. 1 (a) for a tooth
landmark. 2) Artifacts of CBCT images from amalgam dental fillings and or-
thodontic wires, bands and braces. For example, the top image of Fig. 1 (b)
shows artifacts from orthodontic braces, while the bottom image does not have
such artifacts. In this example, the metal brace caused artifacts and made the
local patch appearances, near the teeth landmarks, inconsistent.

So far, there are a few reports on automatic CMF landmark digitization from
CBCT images. Cheng et al. adopted random forest, combined with constrained
search space, to detect dent-landmarks [1]. Keustermans et al. used sparse shape
and appearance models to localize cephalometric landmarks [5]. Shahidi et al.
used a registration-based method to detect craniofacial landmarks [9]. However,
the performances of these methods are tempered due to the fact that they did
not consider the problems in morphological variations and imaging artifacts.

In this paper, we present a Segmentation-guided Partially-joint Regression
Forest (S-PRF) model for landmark digitization from CBCT. First, a regression
voting strategy is adopted to localize each landmark by aggregating evidences
from context locations, thus potentially relieving the problem caused by im-
age artifacts near the landmark. Second, segmentation is also utilized to reduce
inconsistent landmark appearances caused by morphological variations among
different patients, especially on teeth landmarks. Third, a partially-joint model
is further proposed to separately localize landmarks, based on the coherence
of landmark positions, to improve digitization reliability. In addition, we also
enhance performance by including MSCT scans into the training dataset, since
MSCT shares many similar local patch appearances with CBCT as shown in
Fig. 1 (c), which allows for potential improvement in digitization performance.
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Fig. 2. Segmentation-guided landmark digitization. (a) CMF landmarks shown on seg-
mentation. (b) Flow chart of segmentation-guided landmark digitization.

2 Automatic CMF Landmark Digitization

In our method, we use segmentation to guide landmark digitization. Specifically,
our method consists of three steps: 1) using an automatic segmentation method
to separate mandible from maxilla, thus obtaining two segmentation masks; 2)
utilizing the obtained 3D segmented maxilla and mandible to mask the maxilla
and mandible in CBCT images; 3) detecting landmarks on mandible and maxilla
separately by using our partially-joint random forest model on the respective
masked images. Fig. 2 (a) shows the CMF landmarks and Fig. 2 (b) shows the
flowchart of proposed framework.

2.1 Traditional Regression Forest Model for Landmark Digitization

Regression forest based methods have demonstrated their superiority in anatomy
detection for different organs and structures [2, 12, 6, 3, 4]. Specifically, in the
training stage, the regression forest can be used to learn a non-linear mapping
between a voxel’s local appearance and its 3D displacement to the target land-
mark. Generally, Haar-like features are used to describe a voxel’s local appear-
ance. However, in this application, the Haar-like features could be easily affected
by the local inhomogeneity caused by artifacts. In this paper, we compute multi-
scale statistical features based on oriented energies [11], which are invariant to
local inhomogeneity, and can potentially relieve the effects of artifacts. Instead
of using N-ray coding [11] for vector quantization, we adopt the bag-of-words
strategy to achieve relatively low feature dimension. Moreover, since multi-scale
representation captures both coarse and fine structural information, which can
help describe local appearance more effectively.

In the testing stage, the learned regression forest can be used to estimate
a 3D displacement from every voxel in the image to the potential landmark
position, based on local appearance features extracted from the neighborhood
of this voxel. Using the estimated 3D displacement, each voxel can cast one vote
to the potential landmark position. By aggregating all votes from all voxels, a
voting map can be obtained, from which the landmark position can be easily
identified as the location with the maximum vote.
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Fig. 3. Displacement and voting map. (a-b) Two cases of incoherent displacements
happened near teeth landmarks. (c) A typical voting map overlaid with 3D rendering
skull.

2.2 Segmentation-Guided Partially-Joint Regression Forest
(S-PRF) Model

Despite its popularity, the traditional regression-forest-based methods still suffer
from two limitations: 1) all landmarks are often jointly localized without consid-
ering the incoherence of landmark positions. Among the CMF landmarks, the
landmark positions, respectively, from different anatomical regions, could change
dramatically because of morphological differences across patients. 2) All image
voxels are equally treated in the regression voting stage. Thus, the voting map
may be negatively influenced by the voxels that are uninformative to the target
landmark position. To address these two limitations, we propose two respec-
tive strategies: partially-joint regression forest model, and segmentation-guided
landmark digitization, with both detailed below.

Partially-Joint Regression Forest Model: A fully-joint model predicts the
displacements of a voxel to multiple landmarks. The fully-joint model assumes
that similar local appearances correspond to coherent multiple displacements.
However, this assumption is invalid in this application. For example, Fig. 3 (a)
shows two CBCT images, where the displacements to a lower tooth and a upper
tooth are not coherent. Since regression forest predicts the displacement based
solely on the input appearance features, the ambiguous displacements associated
with voxels of same appearances could mislead the training procedure, which
could eventually lower the accuracy of landmark digitization.

To address this issue, we exploit the coherence of landmark positions. Specif-
ically, we propose a partially-joint regression forest model by dividing all CMF
landmarks into several groups. To form groups, landmarks are clustered, based
on a dissimilarity matrix, where each entry is the variance of pair-wise landmark
distances across subjects. Fig. 2 (a) shows the partition result where the land-
marks with the same color belong to the same group. Then, we learn several
fully-joint models, one for each group of landmarks. Using this approach, the
ambiguous displacement problem can be largely avoided.

Segmentation-Guided Strategy: As stated above, one limitation of tradi-
tional regression-forest-based methods is the failure to consider the voting con-
fidence of each voxel and equally treating their votes. Since different voxels have
different voting confidences, it is necessary to associate voting weight for each
voxel. Here, we consider two types of uninformative voxels.
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The first type of uninformative voxels is faraway voxels. For those voxels, an
intuitive way is to assign large voting weights only for the voxels near the land-
mark, while small voting weights are assigned for those faraway voxels, as they

are not informative to precise landmark location. Specifically, we use w = e−
‖d̃‖
α

to define the voting weight of a voxel, where d̃ is the estimated 3D displacement
from this voxel to the target landmark, and α is a scaling coefficient.

The second type of uninformative voxels is voxels misleading prediction. In
our application, voxels in mandible often have consistent 3D displacements to the
lower teeth landmarks, but may have ambiguous 3D displacements to the upper
teeth landmarks. For example, Fig. 3 (b) shows that the teeth of one patient
closely bite, while the other does not. This causes the votes from voxels in the
lower teeth region to be unreliable for localizing the upper teeth landmarks.

To address this issue, we use image segmentation as guidance to remove those
uninformative voxels. As shown in Fig. 2 (b), the original CBCT image is seg-
mented into mandible and maxilla using an automatic segmentation method [8].
Specifically, the deformable registration method was first used to warp all atlases
to the current testing image. Then, a sparse representation based label propaga-
tion strategy was employed to estimate a patient-specific atlas from all aligned
atlases. Finally, the patient-specific atlas was integrated into a Bayesian frame-
work for accurate segmentation. By using the segmented mandible and maxilla
as masks, we can separate mandible from maxilla in the original CBCT image.
Therefore, landmarks on mandible and maxilla can now be separately digitized
using our partially-joint model on the respectively masked CBCT images. By
using segmentation as guidance, those uninformative voxels can be removed for
localizing the landmark. Fig. 3 (c) shows a voting map of digitizing one patient’s
CMF landmarks.

3 Experiments, Results and Discussion

3.1 Data Description and Parameter Setup

Fifteen sets of CBCTs (in 0.4 mm of isotropic voxel) of patients with nonsyn-
dromic dentofacial deformity were used (IRB# IRB0413-0045). In addition, 30
sets of MSCTs (0.488×0.488×1.25mm3) were used as a part of training dataset.
In this experiment, 11 commonly used anatomical landmarks were used to test
our automatic digitization algorithm. They were manually digitized by two ex-
perienced CMF surgeons, serving as ground-truth landmarks (Fig. 2 (a)).

The parameters in our approach were defined as follows. The local patch sizes
were set as 7.5mm,15mm and 30mm isotropically. The number of trees was set
at 10 and the tree depth was set at 20. In the regression voting, the scaling
coefficient α for the weight was set at 20.

3.2 Experimental Results

We conducted a two-fold cross validation for 15 patient’s CBCTs to evaluate
the performance of our S-PRF model. Note that 30 MSCTs were added into the
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Table 1. Digitization errors of two-fold cross validation.

Landmark Go-R Go-L Me Pg LR1 LL1 N Or-R Or-L UR1 UL1

CBCT (mm) 1.66 1.41 1.35 1.37 1.48 1.62 1.63 1.22 1.25 1.20 1.38

MSCT (mm) 1.70 1.52 1.14 1.23 1.30 1.41 1.71 1.41 1.63 1.14 1.19

Fig. 4. Quantitative comparisons. The results of same color across different subfig-
ures are the same, and the number inside the parenthesis is the mean error for all
the landmarks and patients. (a) Digitization errors with different segmentation ac-
curacies. (b) Digitization errors of using partially-joint model and fully-joint model.
(c) Digitization errors with and without MSCT for training. (d) Digitization errors of
using Haar-like features and multi-scale statistical features. (e) Digitization errors of
using registration-based landmark digitization. (f) Digitization errors of using different
scaling coefficients.

training dataset in each cross validation, to enlarge the sample size of training
data. Table 1 shows the mean errors of the landmarks automatically detected
using our approach, in comparison to the ground truth. All the errors are less
than 2mm, which is clinically acceptable [7]. Moreover, two-fold cross validation
was also performed for 30 MSCT data as shown in Table 1. We also completed
a group of additional two-fold cross validations to evaluate the effects of each
strategy used in our approach. They are described below in details.

Effect on the Segmentation-Guided Strategy: We first compared the per-
formance of our method among three situations: 1) using rough segmentation, 2)
using accurate segmentation, and 3) using no segmentation as guidance. Here, a
rough segmentation was obtained by simple majority voting with aligned multi-
ple atlases (which offers the average Dice ratio of 0.78). An accurate segmenta-
tion was obtained by using the patch-based sparse representation segmentation
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method [8] (which offers the average Dice ratio of 0.89). The results in Fig. 4
(a) show that the landmark digitization performance is significantly improved
even using rough segmentation, due to significant reduction of morphological
variations by separating the mandible from the maxilla.

Effect on the Use of Partially-Joint Versus Fully-Joint Models: In or-
der to evaluate the effect of morphological variations to the joint estimation of
landmarks, we further completed an experiment to compare the performance of
landmark digitization using either a partially-joint model or a fully-joint model,
both without using segmentation as guidance. In the fully-joint model, all the
landmarks are jointly estimated. The partially-joint model is the same as our
proposed approach (except using segmentation as guidance), to separately esti-
mate the landmarks from different groups. As shown in Fig. 4 (b), the partially-
joint model achieves better performance than the fully-joint model. These results
further support our observation that positional relationships among all the land-
marks are not stable, due to morphological variations.

Effect on Adding Additional MSCT Images into the Training Dataset:
We compared performance by using or removing the additional 30 MSCTs from
the training dataset. Although CBCT and MSCT are different modalities, they
have very similar morphology as shown in Fig. 1 (c). The results in Fig. 4 (c) show
that the performance of automatic landmark digitization can be significantly
improved by using additional MSCTs to help training.

Effect on Features: We also compared Haar-like features and multi-scale sta-
tistical features in our framework. The results in Fig. 4 (d) show that our frame-
work, with multi-scale statistical features, achieves better digitization accuracy
compare to that of Haar-like features. This can explain the effectiveness of our
features in CBCT landmark digitalization.

Comparison with Registration-Based Landmark Detection: We imple-
mented a multi-atlas landmark digitization approach, where the landmark was
localized by averaging the corresponding positions in the aligned atlases. The re-
sult is shown in Fig. 4 (e). Due to registration error, the detection error obtained
by simple multi-atlas-based method is relatively large.

Effect on the Use of Scaling Coefficient: Fig. 4 (f) shows the effect of
using different scaling coefficients α. The digitization performance is significantly
improved by using proper scaling coefficient.

4 Conclusion

We proposed a new S-PRF model to automatically digitize CMF landmarks. Our
model has addressed the challenges of both inter-patient morphological variations
and imaging artifacts. Specifically, by using regression based voting, our model
can potentially resolve the issue of imaging artifacts near the landmark. Also, by
using image segmentation as guidance, ourmodel can address the issue of inconsis-
tent landmark appearances, especially for teeth. Finally, by using a partially-joint
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model, the digitization reliability can be further improved through the best uti-
lization of coherence in landmark positions. The experimental results show that
the accuracy of our automatically digitized landmarks is clinically acceptable.
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