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Background

1 Cephalometric analysis is the study of the dental and
skeletal relationships in human head.

2 A cephalogram provides information about the
sagittal and vertical relations of hard contour and soft
tissue landmarks profile.



Background

Example

A patient with a skull configuration of low-positioned
Sella might have a small SNA reading (retruded maxilla)



Motivation

• Identifying the cephalometric landmarks, lines, and
faces is a difficult task for human eyes.
• X-ray images are not always clearly projected.
• Landmark detection in cephalometry has a high

requirement in both quality and quantity.



Motivation

1 Currently available cephalometric assessment
systems are not satisfiable due to the large variability
in skull structures.
• most of the existing approaches are suffering from

low efficiency or sensitive to noices
• some of them depend highly on user initialization.



Motivation

Tracking anatomic structures using deformable models
1 Deformable templates can be used to detect

changeable objects in reasonable time without
initialization.
• i.e., deformable hand template [Coughlan 2000]

2 It allows researcher to bring heuristic knowledge to
bear on the model-based image interpretation task.

Our idea
To design a robust deformable model that employs impor-
tant (pairwise) relations between landmarks.



A simplified case
Deformable chain - Hand template [Coughlan 2000]

Notations
Let a chain of landmarks {Xi} represent a 2D contour,
with an associated chain {θi} representing the normal
orientation at each point (i = {1, 2, . . . ,N}). Each point Xi

has two components (xi, yi); (Xi, θi) is denoted as qi for
discussion simplicity.



A simplified case
Deformable chain - Hand template [Coughlan 2000]

1 Orientation model:

P(θi|θi−1) = G(θi − θi−1 − (θ̃i − θ̃i−1);σa,i)

2 Position model:

P(Xi|Xi−1, θi−1) = G([∆Xi −∆Xp
i ] ·∆X̂p

i ;σti) · ...
G([∆Xi −∆Xp

i ]⊥ ·∆X̂p
i ;σni)



A simplified case
Deformable chain - Hand template [Coughlan98]

Each of the chain-shaped landmark (i.e., at stage i) only
depends on its adjacent landmark.

P(qi|qi−1) = P(θi|θi−1)P(Xi|Xi−1, θi−1)

The prior of the entire configuration could be represent as:

P(q1,q2, . . . ,qN) =
∏N

i=2 P(qi|qi−1)



The cephalometric model
The geometric prior

The relation between the soft tissue landmarks and the
hard contour landmarks are more consistent!



The cephalometric model
The geometric prior


hi ← (hi−1, s̃i)
si ← (si−1, hi)
hi ⊥ si−1|hi−1

s̃i ⊥ hi−1|̃si−1
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In the cephalometric model, each landmark at state i has
two dependencies.



The cephalometric model
The geometric prior
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We can revise the deviation measurement expressed in
the hand template to accommodate our model:

P(hi|hi−1) = P(θhhi|θhhi−1)P(Xhi|Xhi−1 , θhhi−1)
P(hi |̃si) = P(θhsi|θs̃hi)P(Xhi|Xs̃i , θs̃hi)
P(si|si−1) = P(θssi|θssi−1)P(Xsi|Xsi−1 , θssi−1)
P(si|hi) = P(θhsi|θhsi)P(Xsi|Xhi , θhsi)



The cephalometric model
The imaging model

1 An imaging model describes the geometric and
photometric mappings between image data and a
specific configuration.

2 Our imaging model jointly employs two sets of data
derived from multiple edge/corner detectors
• We integrate morphological edge detection method

with a set of Canny edge detectors to localize a wide
range of edges in the X-ray image.

• We include the phase congruency (PC) map Ip(X) in
our imaging model, recording features at all kind of
phase angle.



The cephalometric model
The imaging model

Given the configuration of a set of candidate landmarks
q = {s1,h1, ..., sN,hN}, the data likelihood function is

P(D|q) =
∏

I
P(D(X)|q)

We assume that the imaging model factors into separate
probabilities on the edge map and PC map over all pixels
in the lattice,

P(D(X|q)) = P(Ie(X|q))P(Ip(X|q))

and we model the Ie(X|q) and Ip(X|q) with Gaussian
distributions,

P(Ie(X|qi)) = G(Ie(X)− µei , σei)
P(Ip(X|qi)) = G(Ip(X)− µpi , σpi)



The cephalometric model
Dynamic programming optimization algorithm

1 It is well known that inference in discrete graphical
models with low tree-width can be done using
dynamic programming and belief propagation.

2 We the apply a dynamic programming optimization
algorithm to find the MAP

MAP = argmaxs,hP(s1,h1, . . . ,hN)P(D|s1,h1, . . . ,hN)



The cephalometric model
Dynamic programming optimization algorithm

If we denote the score of best path to stage i as Ei, then the
DP algorithm could be formulized as follows.{

Ei(s,h) = max
si−1,hi−1

{Ei−1(si−1,hi−1) + Ci(s,h)}

argmaxs,hE0(s,h) = (s0,h0)

To trace back the optimal path, we store the previous
landmark for each candidate landmark at each stage in a
path matrix, i.e.,

Path(s,h) = argmaxsi−1,hi−1{Ei−1(si−1,hi−1) + Ci(s,h)}



Data set

1 We have implemented the proposed algorithm on a
cephalometric database from a population of 754
Chinese patients.
• 84 manually marked cephalograms with multivariate

cranial and facial structures are selected as training
images

• Another 30 are selected for testing purpose

2 We model the deformable template using 16
landmark pairs along the facial contour, among
which 10 hard landmarks and all 12 soft tissue
landmarks and are covered.



Settings

1 We run our dynamic programming optimization
algorithm over the downsampled version of a testing
image with a reproduced image resolution of 800*650
pixels.

2 For each stage, we scan alternately (every 5 pixels)
within a window size of 40*40.
• The average time for one iteration is 245 seconds.



Results
Illustrative example 1



Results
Illustrative example 2



Results
Illustrative example 3



Evaluation
Measurement: reliability & offset

Definition
The cephalometric assessment reliability R(xi, yi) is
defined as the cosine similarity between the real edges
between landmarks and detected edges (between
detected landmarks and the real landmarks at the
previous states):

R(xi, yi) =
(xi − x̃i−1, yi − ỹi−1) · (x̃i − x̃i−1, ỹi − ỹi−1)

‖(xi − x̃i−1, yi − ỹi−1)‖‖(x̃i − x̃i−1, ỹi − ỹi−1)‖

Definition
Offset is the average distance between detected landmark
and real (manually marked) landmark.



Evaluation
Performance vs. different landmarks
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Figure: reliability across all the soft tissue landmarks



Evaluation
Performance vs. different landmarks
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Figure: offset across all the soft tissue landmarks



Evaluation
Performance vs. iterations
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Figure: (a) reliability with different iterations



Evaluation
Performance vs. iterations
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Figure: detection offset with different iterations.



Thank you!

Questions?


