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Abstract. We propose an automatic cephalometric X-ray landmark de-
tection using a pictorial structure algorithm. We first extract a set of
features including: local binary pattern-based features, xy spatially co-
ordinates of the points, blobness, tubularness, and Zernike features to
compute a likelihood for each of the landmarks, which is learnt using
a random forest classifier. As the regularization term, we compute the
joint distributions of pairs of landmarks. The final cost function set by
the likelihoods and the regularization term is globally optimized using
the pictorial structure. We validate the goodness of the detected land-
marks on 100 images provided by ISBI 2014 automatic cephalometric
X-Ray landmark detection challenge.

1 Introduction

Cephalometric X-ray landmark localization is an important research issue to
analyse the structure of the human cranium. It is widely used in orthodontics,
orthopedics, and other area of oral surgery to assess and predict craniofacial
growth, plan treatment, and compare different cases [1]. Figure 1 shows exam-
ple of a cephalometric X-ray image and its manually annotated landmarks. In
practice, to prepare the landmarks, physicians try to trace the craniofacial struc-
ture contours on X-ray images, and then extract landmarks from corners, line
intersections and other geometrical line shapes.

Since manual identification of predefined anatomical landmarks is subjec-
tive, tedious, and error prone, automated landmark identification would be a
very useful technique for cephalometric X-ray. Recently, a number of research
studies have focused on investigating methods for automatic localization and
identification of cephalometric landmarks. Yue et al. [1] and Kafieh et al. [2]
apply active shape model-based approaches for cephalometric landmark detec-
tion, and achieve a success rate of 88% within 4 mm and 93% within 5 mm,
respectively. Kaur and Singh [3] use Zernike moments and template matching
and achieve success rate of 89.5% within 2 mm.

There exist many state-of-the-art techniques for automatic landmark detec-
tion in computer vision [4,5,6,7,8], which are also applicable for cephalometric
landmark detection. In this work, we apply the pictorial structure algorithm [4].
Applying a random forest classifier [9], we learn the parameters to compute the



(a) (b)

 1  2

 3
 4

5

6

7
89

10
11

12
13

14

15

16

17
18

19

(c)

Fig. 1. (a) Example cephalometric X-ray image. (b) Manually annotated landmarks.
(c) Numeric labels of the 19 landmarks.

appearance models of the different landmarks. Then, we learn a graphical model
encoding the joint distributions of pairs of landmarks. The final cost function
including the computed appearance models (as unary terms) and the graphical
mode (as regularization term) is globally optimized using the pictorial structure
algorithm (Section 4). We validate the goodness of the detected landmarks on
the dataset provided by ISBI 2014 automatic cephalometric X-Ray landmark
detection challenge (Section 5).

2 Method

We formulate the problem of finding the landmarks L1...L19 ∈ L as an optimiza-
tion problem:

L̂(I) = arg min
L

∑
ij

φo(Li,Lj) +

19∑
i=1

φi(Li, I) (1)

where φo(.) is a pairwise regularization term that encourages the vector Lij =
Li − Lj (connecting Li to Lj) to conform to a learnt graphical model; e.g.
φo(Li,Lj) is calculated as the mahalanobis distance between Lij and the mean
of the corresponding edge in the training dataset:

φo(Li,Lj) = (Lij − L̄ij)
TC−1ij (Lij − L̄ij) (2)

where L̄ij and Cij are the mean-vector and its covariance matrix; φi(Li, I), i =
1...19 in (1) are the data (unary) terms that penalize locating the ith landmark
at Li, each is captured using: local binary pattern-based features [10] of the
RGB and HSV channels (6 features), xy spatial coordinates of the pixels (2
features), and Frangi et al. [11] 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 250 (=25×[6+2+2]). Examples of the measured φi,
i = 1...19, are shown in Figure 2. In the training stage, we extract these features
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Fig. 2. Computed likelihoods of three different landmarks for each sub-figure encoded
into the RGB channels (a-f). The center of the triangles represent the ground truth
positions of the landmarks. (g) The tree resulting from applying the minimum spanning
tree algorithm computed in the training phase, which is used in the pictorial algorithm
(Section 2). (h) Detected landmarks (x) and their ground truth (+).

from a set of windows centered around the position of the landmarks as true
positive samples and a set of randomly selected windows not near the position
of the landmarks as true negative samples . These positive and negative samples
are used to train a random forest classiffer [9].

For a novel image, we apply the pictorial structure algorithm [4] to glob-
ally optimize the cost function in (1). Note that the pictorial structure requires
computing the first term over an acyclic graph (tree) connecting the landmarks.
Finding this tree is equivalent to the problem of computing the minimum span-
ning tree (MST). We find the MSP over a complete graph with the 19 landmarks
as vertices and with edge weights set as the covariance values of the edges [4].
Example of the computed MSP tree is shown in Figure 2(g).

3 Evaluation Metrics

Given the ground truth landmarks positions
∗
L and the automatically detected

positions L̂, the mean (µ) and variance (σ) of the radial error of the ith detected
landmark, i=1...19, is computed as:

∆(L̂k
i ,

∗
Lk
i ) = ‖L̂k

i −
∗
Lk
i ‖, (3)



µi =
1

N

N∑
k=1

∆(L̂k
i ,

∗
Lk
i ), σi =

√√√√√ N∑
k=1

∆(L̂k
i ,

∗
Lk
i )− µ

N − 1
(4)

where k = 1...N represents information of the kth image, e.g. L̂k
i is the detected

position of the ith landmark of the kth image.

If the landmark detection error is less than z mm, the detection of this
landmark is considered as an accurate detection; otherwise, it is considered as
a false detection. Based on the above, for the ith landmark, a success rate Pz

i

with accuracy of less than z mm is formulated as:

Pz
i =

N∑
k=1

δ(∆k
i ≤ z)

N
× 100%, δ(.) =

{
1 if ∆k

i ≤ z
0 if ∆k

i > z
(5)

In Section 5, we report success rates for z = {2, 2.5, 3, 4} mm.

4 Material

Two hundred (200) cephalometric X-ray images are collected from 200 patients.
The images are acquired with Soredex CRANEX R©Excel Ceph machine (Tu-
usula, Finland) and Soredex SorCom software (3.1.5, version 2.0). The images
are stored as 2400×1935-pixel files in TIFF format with 10 pixel/mm. In the first
stage of the ISBI 2014 challenge, the ground truth positions of the landmarks of
100 images are provided, which are prepared by two experienced medical doctors.

5 Results

In the first experiment, we break down the 100 images with known ground truth
to two sets: 50 and 50 as our training and test data. We learn the random forest
classifier and compute the graphical model using the images in the training
dataset. Then, we perform landmark detection on the test dataset. Cumulative
root mean square error (RMSE) of the detected landmarks and the success rates
for z ∈ {2, 2.5, 3, 4} are reported in Figure 4.

In the second experiment, we use all the 100 images with known groundtruth
to learn the parameters. Then, we apply the learnt parameters to detect land-
marks of the 100 images with unknown groundtruth (Test1 data: # 101...200).
Figures 7-9 show the detected landmarks of these image.

Given a novel image, the running time of the classifier to compute 19 ap-
pearance models is T1 = 140.6000 ± 3.0982 sec (using MATLAB on intel Xeon
8 cores 2.3 GHz CPU), and the running time to find the best positions is
T2 = 139.1842 ± 1.5919 sec. Note that the first step, applying the classifier,
is parallelizable, e.g. it can be reduced to 7 (≈ 140/19) sec.
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Fig. 3. (a-t) Cumulative RMSE of the detected landmarks; x and y axis represent error
in mm and percentage of images, respectively. (u) Mean and standard deviation of the
landmark detection errors. (v) The success rates (5) for z ∈ {2, 2.5, 3, 4} mm. Note
that in (a-v) the results computed over all 19 landmarks are reported in blue.



(5) L1 L2 L3 L4 L5 L6 L7 L8 L9 L10

P2 88.00 58.00 42.00 76.00 52.00 64.00 78.00 84.00 90.00 18.00

P2.5 88.00 64.00 54.00 80.00 64.00 76.00 82.00 92.00 90.00 28.00

P3 92.00 70.00 64.00 86.00 72.00 80.00 92.00 92.00 90.00 34.00

P4 92.00 78.00 80.00 90.00 78.00 94.00 94.00 96.00 98.00 44.00

L11 L12 L13 L14 L15 L16 L17 L18 L19 ALL

P2 74.00 76.00 66.00 86.00 62.00 54.00 70.00 56.00 46.00 65.26±18.26

P2.5 82.00 84.00 76.00 92.00 72.00 68.00 76.00 70.00 62.00 73.68±15.43

P3 82.00 86.00 86.00 98.00 86.00 74.00 86.00 82.00 68.00 80.00±14.45

P4 92.00 92.00 92.00 100.0 96.00 86.00 98.00 90.00 76.00 87.68±12.82

(a)

Fig. 4. (a-t) Cumulative RMSE of the detected landmarks; x and y axis represent error
in mm and percentage of images, respectively. (u) Mean and standard deviation of the
landmark detection errors. (v) The success rates (5) for z ∈ {2, 2.5, 3, 4} mm. Note
that in (a-v) the results computed over all 19 landmarks are reported in blue.

6 Conclusion

We developed an optimization algorithm for landmark detection in cephalometric
images. Our results in phase 1 (100 training and 100 test images) look promising.
We will be fine tuning our algorithm further on the available phase 1 challenge
data in an effort to achieve better results for the final competition (phase 2).
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Fig. 5. Detected landmarks on the training data; 50 of them were used to learn the
parameters.
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Fig. 6. Detected landmarks on the training data; 50 of them were used to learn the
parameters.
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Fig. 7. Detected landmarks on the test data.
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Fig. 8. Detected landmarks on the test data.
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Fig. 9. Detected landmarks on the test data.
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