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Abstract—Cephalometric analysis is an essential clinical and
research tool in orthodontics for the orthodontic analysis and
treatment planning. This paper presents the evaluation of the
methods submitted to the Automatic Cephalometric X-Ray Land-
mark Detection Challenge, held at the IEEE International Sym-
posium on Biomedical Imaging 2014 with an on-site competition.
The challenge was set to explore and compare automatic land-
mark detection methods in application to cephalometric X-ray
images. Methods were evaluated on a common database including
cephalograms of 300 patients aged six to 60 years, collected from
the Dental Department, Tri-Service General Hospital, Taiwan,
and manually marked anatomical landmarks as the ground truth
data, generated by two experienced medical doctors. Quantitative
evaluation was performed to compare the results of a represen-
tative selection of current methods submitted to the challenge.
Experimental results show that three methods are able to achieve
detection rates greater than 80% using the 4 mm precision range,
but only one method achieves a detection rate greater than 70%
using the 2 mm precision range, which is the acceptable precision
range in clinical practice. The study provides insights into the
performance of different landmark detection approaches under
real-world conditions and highlights achievements and limitations
of current image analysis techniques.
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I. INTRODUCTION

Analysis of two-dimensional (2D) X-ray images of the
craniofacial area, i.e. cephalograms, is the backbone of modern
orthodontics, orthognathic treatment and maxillofacial surgery.
Marking of anatomical landmarks in cephalometric analysis
is necessary as it provides the interpretation of patients’
bony structures and gives the whole picture for surgeons in
orthognathic surgery (OGS). Clinical applications of cephalo-
metric analysis in surgical planning include diagnosis and
treatment of obstructive sleep apnea [1]–[3], assessment of
mandible/lower jaw [4]–[6] and assessment of soft facial
tissue [7], [8]. In 1982, Rakosi [12] defined 90 landmarks,
which have been used by orthodontists for clinical research.
Among these, 19 landmarks were commonly adopted in recent
studies [13], [18]–[20], [23] and for clinical practice. In
this grand challenge, these 19 landmarks are selected in the
standard evaluation framework.

In clinical practice, manual marking is required, and or-
thodontists usually trace out craniofacial structure contours on
X-ray images first, and then extract landmarks from linear
and angular reference lines and other geometrical shapes.
However, manual marking is time-consuming and subjective.
An experienced orthodontist requires up to 20 minutes to
perform one X-ray cephalometric analysis [13], and this tends
to suffer from intra- and inter-observer errors [14]. In order
to deal with issues of manual marking, many clinical research
studies focused on landmark identification problems [9]–[11].

Automated landmark detection for cephalometry can be the
solution to facilitate these issues. However, auto-identification
of anatomical landmarks is difficult and poorly explored
due to the complexity and variability of cephalometric X-
ray images. Challenges of auto-identification of anatomical
landmarks in cephalometric X-ray images include variations
on individual skeletal structures, image blurs caused by device-
specific projection magnifications, and image complexity due
to the overlapping contralateral structures [15]–[17]. Some
studies focused on investigating methods for automatic local-
ization/identification of cephalometric landmarks [18]–[20]. In
2006, Yue et al. [18] built a modified active shape model to
detect 12 anatomical landmarks, achieving a 71% success rate
of landmark detection within 2.0 mm and 88% within 4.0
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mm. In 2009, Kafieh et al. [19] combined neural networks
with modified active shape models and developed a technique
with 93% landmark detection accuracy for bony structures
within 5.0 mm. Kaur and Singh [20] proposed an automatic
cephalometric landmark detection method in 2013, which uses
Zernike moment-based features for initial landmark estimation
and computes small expectation window, and resulted in a
mean error of 1.84 mm and standard deviation is 1.24 for 18
observed landmarks. However, variations in image data (e.g.
image quality, imaging radiation time, subject age and gender)
and evaluation approaches (e.g. the size of the manually
obtained ground truth data from one pixel to a square region)
greatly influence the evaluation outcome.

This paper presents the evaluation and comparison of a
representative selection of current methods presented during
the Automatic Cephalometric X-Ray Landmark Detection
Challenge (ACXRLDC) [22] held in conjunction and with the
support of the IEEE International Symposium on Biomedical
Imaging 2014 (ISBI 2014) (Website: http://www-o.ntust.edu.
tw/∼cweiwang/celph/). The aim of this challenge was to
investigate suitable automatic landmark detection technolo-
gies for cephalometric X-ray images and provide a standard
evaluation framework with a real clinical data set, containing
cephalograms of 300 patients aged six to 60 years. Nineteen
commonly popularly adopted anatomical landmarks were used
as targeting landmarks to detect. Extensive quantitative evalua-
tion was performed to assess the performance of methods with
respect to manual markings. This is, to our knowledge, the
first image analysis challenge undertaken in the dental X-ray
imaging field, providing a reference publication from which to
gauge how well a representative selection of current methods
works, and encouraging others to work in this area. Figure 1
presents the 19 anatomical landmarks used in this challenge.

The remainder of the paper is organized as follows. In
Section II, challenge aims, image data sets used within the
challenge and participants to the challenge are described.
Evaluation approaches to compare the detection results are
presented in Section III. Section IV summarizes the method-
ologies presented to the challenge. In Section V, quantitative
results and analysis are presented. Finally, conclusions are
given in Section VI.

II. AUTOMATIC CEPHALOMETRIC X-RAY LANDMARK
DETECTION CHALLENGE

A. Organization

The goal of the challenge was to investigate automatic meth-
ods for identifying anatomical landmarks of cephalometric X-
ray images. The challenge was opened to teams from academia
and industry and held in conjunction and with the support of
ISBI 2014. Nineteen landmarks were chosen in this challenge,
including the sella, the nasion, the orbitale, the porion, the
subspinale, the supramentale, the pogonion, the menton, the
gnathion, the gonion, the lower incisal incision, the upper
incisal incision, the upper lip, the lower lip, the subnasal, the
soft tissue pogonion, the posterior nasal spine, the anterior
nasal spine, the anterior nasal spine and the articulate. The
results of individual teams were automatically compared to the

(a) Cephalometric tracing of anatomical structures.

(b) The 19 anatomical landmarks used in this challenge.

Fig. 1. Cephalometric tracing and anatomical landmarks.

ground truth data. There were two stages in the challenge. In
stage 1, a training data set and a first test data set were released
for method development. In stage 2, an on-site competition
was organized for which a second test data set was used.

B. Description of image data sets

There were 300 cephalometric X-ray images collected from
300 patients aged six to 60 years. The images were acquired in
TIFF format with Soredex CRANEXr Excel Ceph machine
(Tuusula, Finland) and Soredex SorCom software (3.1.5, ver-
sion 2.0), and the image resolution was 1935 × 2400 pixels.
Regarding the ground truth data for evaluation, 19 landmarks
were manually marked in each image and reviewed by two
experienced medical doctors. An ethical approval was obtained
to conduct the study with IRB Number 1-102-05-017, which
was approved by the research ethics committee of the Tri-
Service General Hospital in Taipei, Taiwan. The whole data
set was equally and randomly divided into three subsets as
Training data, Test1 data and Test2 data for the challenge with
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(a) 0 degree (b) 10 degree counter-
clockwise rotation

(c) 10 degree clockwise
rotation

Fig. 2. The positions of the soft tissue pogonion by the elder marking method
(highlighted with the green point) and the newer robust method (highlighted
with the red point) in three situations with 0 degree, 10 degree counter-
clockwise rotation and 10 degree clockwise rotation to simulate different
natural head positions (NHPs). The location of the red point remains the
same even for different NHPs. In comparison, the location of the green point
changes in three different situations.

two stages.
In generating the ground truth data, there were two ways

to mark Landmark 16 (the soft tissue pogonion), and a robust
marking method was adopted. An elder definition of Landmark
16 was as the most anterior point on the contour of the chin,
but the location may vary if the natural head position was
not performed correctly [47]. Therefore, in clinical practice a
more robust marking approach was used by drawing two lines
parallel to the chin, extending the bisector of these two lines
to the chin, and identifying the intersection point as Landmark
16 (Figure 2). Hence, in this work, the latter marking approach
was adopted.

Two experts with different degrees of expertise participated
in defining the landmark ground truth data twice. The average
of all four annotations was used as the ground truth. The
experts for this challenge had the following level of expertise.
• Expert 1: Clinician (orthodontist) with 15 of years expe-

rience.
• Expert 2: Clinician (orthodontist) with six years of expe-

rience.
The intra- and inter-observer variabilities were calculated

independently for each expert using the metric defined in
Section III and are presented in Table I.

TABLE I
INTRA- AND INTER-OBSERVER VARIABILITY OF MANUAL LANDMARKING

IN TERMS OF MEAN RADIAL ERROR (MRE) ± STANDARD DEVIATION (SD)

.
Intra-Observer Variability Inter-Observer Variability
Expert 1 Expert 2 Expert 1 vs Expert 2

MRE (mm) 1.73±1.35 0.90±0.89 1.38±1.55

C. Participation in the challenge

A total of 17 teams (from 14 countries) registered in this
challenge, and initially six teams submitted their results on
the Test1 data. However, one team obtained a detection rate
of less than 30%, and therefore only five teams were accepted
in stage 1 and invited to participate at the on-site competition
in stage 2.

1) Ibragimov et al. [26], Automatic cephalometric X-
ray landmark detection by applying game theory and
random forests (Slovenia).

2) Chu et al. [27], Fully automatic cephalometric X-ray
landmark detection using random forest regression and
sparse shape composition (Switzerland).

3) Chen and Zheng [28], Fully-automatic landmark de-
tection in cephalometric X-ray images by data-driven
image displacement estimation (Switzerland).

4) Mirzaalian and Hamarneh [29], Automatic globally-
optimal pictorial structures with random decision forest
based likelihoods for cephalometric X-ray landmark
detection (Canada).

5) Vandaele et al. [30], A machine learning tree-based
approach (Belgium).

III. EVALUATION METHODS

Two main criteria are considered to evaluate the perfor-
mance of submitted methods. The first evaluation criterion is
the mean radial error with the associated standard deviation.
The radial error R is formulated as follows:

R =
√
4x2 +4y2 (1)

where 4x is the absolute distance in x-direction between the
obtained and the reference landmark, and 4y is the absolute
distance in y-direction between the obtained and the reference
landmark. The mean radial error (MRE) and the associated
standard deviation (SD) are defined as follows.

MRE =

∑N
i=1Ri

N
(2)

SD =

√∑N
i=1(Ri −MRE)2

N − 1
(3)

The second evaluation criterion is the success detection rate
with respect to the 2.0 mm, 2.5 mm, 3.0 mm and 4.0 mm preci-
sion range (see Figure 3). For each landmark, medical doctors
marked the location of a single pixel instead of an area as a
reference landmark location. If the absolute difference between
the detected and the reference landmark is no greater than z,
the detection of this landmark is considered as a successful
detection; otherwise, it is considered as a misdetection. The
success detection rate (SDR) pz with precision less than z is
formulated as follows:

pz =
#{j :‖ Ld(j)− Lr(j) ‖< z}

#Ω
× 100% (4)

where Ld and Lr represent the locations of the detected
landmark and the referenced landmark, respectively; z denotes
four precision ranges used in the evaluation, including 2.0 mm,
2.5 mm, 3.0 mm and 4.0 mm; j ∈ Ω, and #Ω represents the
number of detections made.

IV. METHODS

This section summarizes the methods that were submitted
to the challenge. The main advantages and drawbacks of all
methods are discussed later in Section V-D. We refer the reader
to individual papers for more details.
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Fig. 3. Four precision ranges of a landmark: 2.0 mm (red circle), 2.5 mm
(blue circle), 3.0 mm (green circle) and 4.0 mm (yellow circle).

A. Ibragimov et al. [26]

Ibragimov et al. developed a framework that describes the
intensity appearance of each landmark by Haar-like features
and applies the theory of random forests (RFs) to combine
these features into a landmark candidate point detector. Image
pixels with maximal detector response are used as landmark
candidate points. To select the optimal candidate points, the
framework relies on spatial relationships among pairs of
landmarks, modelled by Gaussian kernel density estimation,
and the most representative pairs are found by the optimal
assignment-based shape representation [24]. The obtained in-
tensity appearance and shape models are combined to optimize
the position of landmark candidate points by applying concepts
from game theory [25]. The framework also models spatial
relationships for subsets of landmarks by RFs and refines
the detected optimal candidate points [26], which represent
landmarks in the target cephalometric X-ray image. In the
training procedure, for each image, Ibragimov et al. manually
placed 44 additional auxiliary landmarks at visually distinctive
locations such as the nose tip and corners of cervical vertebrae
(Fig. 4).

Fig. 4. A cephalometric X-ray image with anatomical landmarks of interests
(red circles) and auxiliary landmarks (yellow triangles) used in Ibragimov et
al.’s method [26].

B. Chu et al. [27]

Chu et al. built a fully automatic algorithm for landmark
detection on 2D cephalometric X-ray images using RF regres-
sion. Chu et al.’s algorithm consists of two phases: 1) land-
mark detection phase and 2) landmark modification phase. To
modify landmark positions, which are not correctly detected,
a sparse shape composition model is built. The landmark
detection phase can be further divided into two steps: a) RF-
based landmark detector training step, b) landmark prediction
step. RF-based landmark detector training is performed only

Fig. 5. The flowchart of Chu et al.’s [27] method which includes two phases:
(1) landmark detection phase and (2) landmark modification phase.

once on 100 training images and is independent from any test
image. Chu et al. train a separate RF-based landmark detector
for each landmark [31]–[33], and therefore they obtain 19
detectors for all landmark positions. Given a new test image,
they apply trained landmark detectors to the test image to
get 19 candidates for pre-defined landmark positions. Then,
in the second step for determination of optimal landmark
positions, Chu et al. further add prior shape constraints to
modify landmark positions. This is accomplished by using a
sparse shape composition model, which is computed from a
set of pre-aligned training shapes [34]. They iteratively update
the shape by alternatively regularizing the shape and updating
the shape pose. Finally, they find a sparse and optimized
combination of the training shape to regularize the original
shape obtained from landmark detection results. Figure 5
presents the flowchart of Chu et al.’s method.

C. Chen and Zheng [28]

The overview of Chen and Zheng’s landmark detection
framework is given in Figure 6. In the training step, Chen
and Zheng randomly sample a set of square image patches
around the ground-truth landmark location. The visual features
and displacements to the landmark of these patches comprise
the training data. Then, given a new image, they randomly
sample a set of image patches and calculate their features. To
estimate the displacement of each patch, they take a data-
driven approach by defining an objective function on the
displacements to enforce the following constraints: (1) Patches
with similar features should have similar displacements. (2)
The displacements of test patches should be consistent with
the triangle structure (i.e. the difference between displacements
from the respective centers of two patches to the landmark
should be close to the coordinate difference of the two patch
centers). In this way, each patch makes a vote on the landmark
position. Chen and Zheng treat each vote as a small Gaussian
distribution and aggregate them into a probability map, the
mode of which is returned as the detected landmark location.
For more details, please refer to [35].
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Fig. 6. Overview of Chen and Zheng’s [35] landmark detection algorithm. During the training stage, a set of patches are sampled around the ground-truth
landmark position (a)(b). During the testing stage, given an image, a set of patches are randomly sampled (c), each patch makes a prediction of the landmark
position (d), and then predictions are aggregated to produce a response image (e).

D. Mirzaalian and Hamarneh [29]

Mirzaalian and Hamarneh formulate the problem of finding
the cephalometric X-ray landmarks L1...L19 ∈ L as an
optimization problem:

L̂(I) = argminL
∑
ij

φo(Li,Lj) +

19∑
i=1

φi(Li, I) (5)

where φo(Li,Lj) is a pairwise regularization term that en-
courages the vector L = Li − Lj to conform to a learnt
graphical model (calculated using the Mahalanobis distance
(L − L̄)C−1(L − L̄); L̄ and C are the sample mean and
covariance) and φi(Li, I), i = 1...19, are the data (unary)
terms that penalize locating the ith landmark at Li, where each
is captured by using local binary pattern-based features [36] of
the intensity (1 feature), x and y spatial coordinates of pixels
(2 features), and Frangi et al. [37] filtered response (2 scales).
Considering intensity information of 5×5 neighbouring pixels,
the final feature vector to compute the data terms φi is of size
125 (=25×[1+2+2]). Examples of the measured φi, i=1...19,
are shown in Figure 7. Mirzaalian and Hamarneh’s method
has two stages: a training and a testing stage. In the training
stage, they extract the aforementioned features from a set of
windows centered around the position of landmarks as true
positive samples, and a set of randomly selected windows not
near the position of landmarks as true negative samples. These
positive and negative samples are used to train a RF classifier
[31] with 22 trees of depth 10. For a new image, Mirzaalian
and Hamarneh apply the pictorial structure algorithm [38] to
globally optimize the cost function in Equation (5). Note that
the pictorial structure requires computing the first term over
an acyclic graph (tree) to connect landmarks. The problem
can be solved by applying the minimum spanning tree over
a complete graph with the 19 landmarks as vertices and with
edge weights set as the covariance values of the edges [38].

E. Vandaele et al. [30]

Following [41], Vandaele et al. address the problem as 19
separate binary pixel classification problems, one for each
landmark. One pixel belongs to the positive class if its distance
to the landmark position is less than R, where R is a method
parameter. Otherwise, it belongs to the negative class. A (x, y)

pixel is described by raw pixel values in 16 × 16 windows
centered at translated positions (x+ tx, y + ty) and extracted
at six different resolutions. Parameters tx and ty allow to detect
the landmark based on a structure which is not centered at the
pixel. Vandaele et al. use extremely randomized trees [39] as
the pixel classifier. Training pixels are randomly extracted in a
radius of at most 4 cm to the landmark. During the prediction
phase, they predict the class of N pixel positions drawn from
a N (µl,Σl) distribution, where µl ∈ IR2 and Σl ∈ IR2×2 are
respectively the average and the covariance matrix of landmark
positions in training images, and N = 16σxl

σyl
with σxl

and
σyl

are the diagonal elements of Σl. The median position
of pixels classified as positive with the highest confidence
are then returned as the final landmark position. All method
parameters are tuned via a 10-fold cross-validation.

V. EXPERIMENTAL RESULTS AND ANALYSIS

Quantitative evaluation of the detection accuracy and com-
puting efficiency is presented in this section. All the pro-
posed methods are evaluated against the ground truth on 200
testing images, including 100 Test1 images and 100 Test2
images, and the quantitative evaluation results are presented
in Section V-A and Section V-B, respectively. Computation
times and hardware/software specifications are presented in
Section V-C, method advantages and drawbacks are given
in Section V-D, and a discussion of method capabilities in
provided in Section V-E.

A. Stage 1 with 100 Test1 images

Figure 8 compares the overall results of MRE, SD and SDR
using four precision ranges in detection of the 19 anatomical
landmarks between five teams on Test1 data. It is observed
that in overall, Ibragimov et al.’s method obtains the highest
SDRs (72.74% and 78.79%) using 2mm and 2.5mm precision
ranges, and the lowest MRE (1.82 mm) and SD (1.61 mm).
On the other hand, Vandaele et al.’s method performs best
according to SDRs (83.47% and 88.53%) using 3 mm and
4 mm precision ranges. Based on the 4 mm precision range,
three methods are able to achieve SDRs greater than 80%, but
only two methods (by Ibragimov et al. and Vandaele et al.)
obtain SDR more than 70% using the 2 mm precision range,
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Fig. 7. Details of Mirzaalian and Hamarneh’s [29] landmark detection algorithm. Computed likelihoods of three different landmarks for each sub-figure are
encoded into the RGB channels (a-f). The centers of triangles represent the ground truth positions of landmarks. (g) The tree resulting from applying the
minimum spanning tree algorithm computed in the training phase, which is used in the pictorial algorithm. (h) Detected landmarks (x) and their ground truth
(+).

which is the acceptable precision range in clinical practice.
The best result on Test1 data is achieved by Ibragimov et al.’s
method with 72.74% SDR in 2 mm. The experimental results
show that this is still an unsolved and challenging task and
needs further investigation.

B. Stage 2 on-site competition with 100 Test2 images

In stage 2, an on-site competition was held with only five
accepted teams participating and a separate 100 Test2 images.
Figure 9 compares the overall results of MRE, SD and success
detection rates using four precision ranges in detection of
the 19 anatomical landmarks between five teams on Test2
data. It is observed that in overall, Ibragimov et al.’s method
obtains the highest SDRs for all four precision ranges (70.21%,
76.37%, 87.58% and 88.16%), and the lowest MRE (1.92 mm)
and SD (1.88 mm). Based on the 4 mm precision range, four
methods are able to achieve SDRs higher than 80%, but only
one method (Ibragimov et al.) obtains a SDR greater than 70%
using the 2 mm precision range.

C. Computer specification and efficiency

The computer specification and efficiency of five accepted
teams are summarized below.

1) Ibragimov et al.’s method [26]
The landmark detection framework was implemented in

C#, and executed on a personal computer with Intel Core
i7 processor at 2.8 GHz and 8 GB RAM without graph-
ics processing unit-assisted acceleration. Annotation of
one cephalogram of size 1935× 2400 pixels takes on
average 18 seconds.

2) Chu et al.’s method [27]
The computation time for detecting all 19 landmarks
takes on average 60 ∼ 120 seconds per image. All tests
were executed on a computer with 3.0 GHz CPU and 12
GB RAM under the OS of Windows 7. The algorithm
was implemented using the C++ language.

3) Chen and Zheng’s method [28]
Chen and Zheng implemented their method on a PC with
3.0 GHz CPU and 16 GB RAM running Windows 7.
Chen and Zheng’s impementation is in Matlab. Under
this configuration, their method takes on average 90
seconds to detect all 19 landmarks on one image.

4) Mirzaalian and Hamarneh’s method [29]
The running time of the classifier to compute 19 ap-
pearance models per image is T1 = 140 ± 3 seconds
(using Matlab on intel Xeon 8 cores with 2.3 GHz
CPU), and the running time to find the best positions is
T2 = 139± 2 seconds. Note that the first step, applying
the classifier, is parallelizable, e.g. it can be reduced
down to 7 (≈ 140/19) seconds, which means that the
computation time for detecting all 19 landmarks takes
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Fig. 8. Mean radial errors (MREs), standard deviations (SDs) and success detection rates (SDRs) using four precision ranges, including 2.0 mm (yellow),
2.5 mm (green), 3.0 mm (blue) and 4.0 mm (red), of five submitted methods on Test1 data.

Fig. 9. Mean radial errors (MREs), standard deviations (SDs) and success detection rates (SDRs) using four precision ranges, including 2.0 mm (yellow),
2.5 mm (green), 3.0 mm (blue) and 4.0 mm (red), of five submitted methods on Test2 data.

on average 7+139 = 146 seconds.
5) Vandaele et al.’s method [30]

Vandaele et al. use the implementation of the extremely
randomized trees method in scikit-learn [40] and their
own Python code for pixel and feature computation. As
an illustration, on Intel Core i7-3630QM 2.4 GHz × 8
and 12 GB RAM with OS Fedora 19, the detection of
all 19 landmarks in a single image takes on average 42
seconds (with unoptimized code).

D. Analysis of advantages and drawbacks of all methods

The advantages and drawbacks of all methods are sum-
marized in Table II. From the results of Section V-A and
Section V-B, Ibragimov et al.’s method shows the best per-
formance in this challenge. The crucial difference that makes

Ibragimov et al.’s framework superior to other competitors is
the shape model. To confirm this assumption, Ibragimov et al.
compared the framework performance with and without the
shape model (see Table III). As shown in Table III, the results
indicate that the usage of the proposed shape model reduces
the detection error from 3.65 mm to 1.82 mm, i.e. more than
50% of improvement, measured in terms of MRE. Similarly,
considerable improvement in landmark detection accuracy is
also observed for SDR with respect to all detection precision
ranges.

E. Discussion

To analyze the capabilities of methods in detection of indi-
vidual landmarks, Figure 10 and Figure 11 compare the MRE
values between five teams on individual landmarks using Test1
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TABLE II
SUMMARY OF THE ADVANTAGES AND DRAWBACKS OF ALL METHODS

Method Advantages Drawbacks
Ibragimov
et al. [26]

• Computationally efficient
and accurate intensity model,
strong shape model.

• Intensity model is
based on local landmark
appearance.

Chu et
al. [27]

• A fully automatic method
for landmark detection without
any user intervention.
• Combining local likelihood
calculated by random forest
regressors and global shape
information encoded by the
sparse shape composition
model to handle outliers.

• Computational com-
plexity increases with
the number of patches.
• Only considers global
shape information with-
out the pair-wised land-
mark dependence, lead-
ing to less accurate re-
sults.

Chen and
Zheng [28]

• Considers the geometric
relation between different
patches.
• Convex optimization
formulation which tends to
find the global optimum.

• Computational com-
plexity increases with
the number of patches.

Mirzaalian
and
Hamarneh
[29]

• Fast: the running time is
a linear function of possible
locations of landmarks.
• Regularized: the pairwise
regularization term encourages
detecting landmarks which
conform to a learnt graphical
model.
• Globally optimized: the
objective function is globally
optimized using the pictorial
structure algorithm.

• Needs to be trained: it
requires training data to
set the hyperparameters.
• Not invariant to scale
and rotation: the land-
mark detection objective
function is not sensitive
to small variations in
scale and orientation.

Vandaele
et al. [30]

• Extracted features (i.e. raw
pixels) are very simple, mak-
ing both the extraction and the
detection fast.
• Because of the introduc-
tion of translation parameters,
the detection at a given pixel
can be done on the basis of
nearby structures. This is help-
ful when the landmark is posi-
tioned in a low variance region.
• The extraction of features
at multiple resolutions allows
to better grasp the context
of the landmark position, and
thus avoid errors due to pixel
neighborhood similarities at
the same resolution.
• Landmarks are treated in-
dependently of each other,
without relying on the whole
landmark variability or requir-
ing additional landmarks. It is
therefore easy to add a new
landmark to the system.

• The method depends
on several parameters
that need to be tuned by
cross-validation.
• Each pixel is described
by a large number of
features (6×16×16) and
each landmark requires
to train a separate tree
ensemble from a large
number of training ex-
amples (50000).
• Performing the detec-
tion of landmarks one
by one does not allow
to take full advantage of
the relations that might
exist between them.

data and Test2 data, respectively. It is observed that the method
of Ibragimov et al. generally performs best, but among the 19
landmarks, MREs for few landmarks, including the landmark
4 (porion), 10 (gonion) and 19 (articulate), are especially high
even for the best performing method (Figure 12). The reason
why these landmarks are difficult to be identified precisely
may be due to image complexity caused by the difference
of X-ray projection between the left and right side of the
head structure. As discussed by Kwon et al. [45], there exists
a face asymmetry problem because it is common that the
left side of the head structure is not identical to the right

TABLE III
COMPARISON OF IBRAGIMOV ET AL.’S FRAMEWORK PERFORMANCE WITH

AND WITHOUT THE SHAPE MODEL MEASURED IN TERMS OF THE MEAN
RADIAL ERROR (MRE) AND THE SUCCESS DETECTION RATE (SDR). THE

RESULTS WERE OBTAINED ON TEST1 DATABASE.

MRE
(mm)

SDR (%)
2.0 mm 2.5 mm 3.0 mm 4.0 mm

No shape
model 3.65±5.71 66.7 71.6 75.4 79.6

Ibragimov
et al. proposed
shape model

1.82±1.61 72.7 78.8 82.7 87.7

TABLE IV
INTRA-OBSERVER VARIABILITY OF MANUAL MARKING OF THE

LANDMARK 4, 10 AND 19 ON TEST1 DATA AND TEST2 DATA, REPORTED
IN TERMS OF MEAN RADIAL ERROR (MRE) ± STANDARD DEVIATION (SD)

MRE
(mm)

Landmark 4 Landmark 10 Landmark 19
Expert 1 Expert 2 Expert 1 Expert 2 Expert 1 Expert 2

Test1
Data 4.50±2.37 1.83±2.05 2.28±1.82 0.9±0.85 3.01±2.98 0.78±1.13

Test2
Data 2.47±1.43 1.61±1.79 2.60±1.61 0.11±0.89 2.24±2.39 0.85±1.58

side. Furthermore, as the data was randomly extracted from
the clinical database at the Tri-Service General Hospital in
Taipei, the variations on the data with respect to patients’ age,
gender and image quality are large. All collected data was then
randomly divided into three image sets, including training,
Test1 and Test2. Using the ground truth data generated by
experienced medical experts (see Table IV), it was found that
the intra-observer variability of the landmark 4 is larger than
the landmark 10 and 19, and the intra-observer variability of
the landmark 4 on Test1 data is larger than on Test2 data.
These results suggest that even for medical experts marking
the landmark 4 is more challenging than marking the landmark
10 and 19, and marking the landmark 4 on Test1 data is more
difficult than on Test2 data.

VI. CONCLUSIONS

This paper presents a representative selection of current
methods which were submitted to the Automatic Cephalomet-
ric X-Ray Landmark Detection Challenge held at ISBI 2014.
The 300 cephalometric X-ray images with resolution 1935 by
2400 pixels were provided by the Tri-Service General Hospital
in Taipei, Taiwan (IRB Number 1-102-05-017). Regarding the
ground truth data for evaluation, 19 landmarks were manually
marked in each image and reviewed by two experienced
medical doctors. A total of six teams submitted their results
in Stage 1, and five teams were accepted to attend Stage 2
(on-site competition).

The quantitative results of the automatic cephalometric X-
ray landmark detection challenge show that overall (combining
the results of Test1 and Test2 data) SDR for 2mm, 2.5mm,
3mm and 4mm precision ranges for the best performing teams
are 71.48% (by Ibragimov et al.), 77.58% (by Ibragimov et
al.), 82.13% (by Ibragimov et al.) and 88.19% (by Vandaele et
al.), respectively. In clinical diagnosis, 2mm is the acceptable
precision range [18], and the results show that this is still
a challenging problem as only 71.48% a SDR in the 2mm
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Fig. 10. Mean radial errors (MREs) with 1 mm as the measurement unit in detection of individual landmarks on Test1 data. MREs for Landmark 4, Landmark
10 and Landmark 19 are particularly high, showing that these landmarks are especially difficult for detection.

precision range is achieved by the best performing team. In
addition, we found that detection of landmarks 4 (porion),
10 (gonion) and 19 (articulate) is especially difficult. In
conclusion, this is still an unsolved and challenging task and
needs further investigation.

Automated methods save time and manual costs, and avoid
problems caused by intra- and inter-observer variations or
errors due to fatigue. Regarding the processing time, detecting
19 landmarks by the best method only takes 18 seconds. In
comparison, it generally takes up to 20 minutes to perform one
X-ray cephalometric analysis by an experienced orthodontist.
In the future, we expect that more sophisticated methods
will be developed and higher success detection rates will be
obtained.
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framework for landmark-based image segmentation,” IEEE Transactions
on Medical Imaging, vol. 31, no. 9, pp. 1761-1776, 2012.

[26] B. Ibragimov, B. Likar, F. Pernuš and T. Vrtovec, ”Automatic cephalo-
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