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ABSTRACT OF THE THESIS 

 

Automatic Point Acquisition  

for 3-Dimensional Cephalometric Analysis 

 

by 

 

Ryann Michelle Christensen 

Master of Science in Oral Biology 

University of California, Los Angeles, 2017 

Professor Sotirios Tetradis, Chair 

 

Objectives:  The increased use of 3-dimensional (3D) cone-beam computed tomography 

(CBCT) in orthodontic and orthognathic cases has provided a clear understanding of its benefits 

compared to 2-dimensional (2D) cephalometric radiographs.  However, current “3D hard tissue 

analyses” continue to rely on 2D linear and angular measurements and do not take advantage of 

the vast amount of information that can be derived from CBCTs.  The long-term objective is to 

establish a user-friendly true 3D skeletal and dental analysis including quantifiable subnorms 

with respect to age, gender, and ethnicity.  In order to eventually create a comprehensive and 

effective 3D analysis, it is necessary to first develop a true 3D description of the craniofacial 

structure that is both accurate and practical for the user.  The specific objective of this study is to 

develop an approach for automatic point acquisition for 3D hard tissue analysis. 
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Materials and Methods:  The skeletal boundaries of the maxilla/palate, cranial base/zygoma, 

and mandible of 24 patient samples were manually plotted in a previous study conducted at 

UCLA.  The same strict inclusion and exclusion criteria was used in both studies, including 

requirements for patients to be 18+ years old, have a class I skeletal relationship, and 

mesocephalic pattern and omitting patients with significant craniofacial defects, gross skeletal 

asymmetry or deformity, or history of orthognathic surgery.  An extended form to the Active 

Shape Model (ASM) was further extended to function in 3D.  Using ASM, automatic point 

acquisition along the boundaries of the maxilla/palate, cranial base/zygoma, and mandible was 

trained and implemented.  A general Procrustes alignment was performed and elliptical-fourier 

descriptors were computed on both the points automatically plotted (“estimated landmarks”) and 

points manually plotted (“ground-truth landmarks”), which were later compared. 

Results:  An approach for automatic point acquisition on normative 3D CBCT images of the 

adult craniofacial complex was created. 

Conclusion:  The development of an approach for automatic point acquisition on 3D CBCT 

images is an essential step towards establishing a true 3D skeletal and dental analysis.  While this 

approach improves practicality by eliminating the need for a user to plot a great number of points 

thereby eliminating several hours of the user’s time, further development of this method is 

needed to improve its accuracy. 
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 1. Introduction 

1-1.   History of Cephalometric Imaging and Analysis	

Cephalometrics is the study of radiographic headfilms for analytic, diagnostic, and 

treatment planning purposes, and is widely used in the fields of orthodontics and oral and 

maxillofacial surgery.  Since its introduction in 1931, cephalometric analysis has been 

used as a research and clinical tool for the evaluation of skeletal and dentofacial 

proportions.1,2 With the standardization of anterior-posterior (AP) and lateral view 

radiography positioning, cephalometrics is commonly utilized to measure growth and 

development.1  	

Furthermore, when combined with various other diagnostic records such as the clinical 

exam, dental study models, and intraoral and extraoral photographs, cephalometric 

analysis is a valuable diagnostic instrument to aid in evaluation of the interrelationship of 

the structural components of the human face.  As a result, various cephalometric analyses 

have been developed in an attempt to define the norms of skeletal characteristics and 

occlusion based on population standards.  The first modern cephalometric analyses by 

Downs, Steiner, and Tweed all utilized North American children and young adults as 

sample populations to evaluate various factors underlying malocclusion.3 These analyses 

utilized a magnitude of repeatable landmarks, points and lines to develop a pattern to 

provide guidelines in the treatment planning process.4 However, these early modern 

cephalometric analyses did not take into account disparity in cephalometric standards for 

different ethnic groups.3 In another popular analysis, Dr. Sassouni utilized cephalometrics 

between various landmarks and arcs to show the concept of proportionality in the vertical 
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and horizontal dimensions.5 As the use of cephalometric analyses developed in the field 

of orthodontics, many other analyses were developed to facilitate diagnosis and treatment 

planning.  

 

1-2.   Limitations of Cephalometric Imaging and Analysis    

While cephalometric radiographs are currently considered the gold standard for 

orthodontic analysis and diagnosis, several inherent limitations exist.  First, individual 

cephalograms are a 2-dimensional (2D) representation of a 3-dimensional (3D) object; 

and much of the information gets lost during its analysis.  As an example, the transverse 

plane is commonly left undiagnosed due to the need for an additional radiograph, the 

posterior-anterior (PA) cephalogram.  In the lateral cephalogram, symmetry of the 

landmarks is frequently assumed.  Many landmarks are bilateral structures, such as 

porion, orbitale, gonion, and upper and lower molars.  Often times, it is difficult to depict 

both left and right structures, and one side ultimately, yet erroneously, represents the 

average of the two.  Due to drastic differences in anatomical structures, there is an 

increased difficulty in evaluating patients with severe craniofacial anomalies.  Clinician 

error, due to novelty or poor training, can also produce low accuracy and precision of 

tracings.  Also, anatomical landmarks can be ambiguous in their location due to overlap 

of structures, low contrast resolution in older radiography machines, and blurriness due to 

patient movement during image capture.  While some measures are taken to aid in proper 

alignment of the patient’s head, such as a head stabilizing and positioning apparatus and 

ear rods that are placed in the external auditory meatus, failure to correct poor positioning 

prior to radiograph capture can lead to yaw, roll, and pitch orientation changes in the 
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radiograph. While the latter can be rectified after film capture via rotation of the lateral 

cephalogram until Frankfort horizontal parallels the floor, the former two cannot be 

corrected without retaking the radiograph.  Lastly, significant distortion and size 

magnification errors occur because of different magnifications between different planes.  

While some landmarks are found within the midsagittal plane, other landmarks are 

bilateral and therefore located in a different field of depth.  In a traditional lateral 

cephalogram, when the patient’s right side is closer to the x-ray source, the patient’s right 

side will be projected onto the film cassette or digital image device larger than the left 

side; unfortunately, both linear and angular measurements will be affected.1, 2, 6 

Along with these issues, no analysis should be utilized as a definitive formula without 

consideration of ethnicity, age, sex, and anatomic limitations.7 Steiner emphasized that 

the analysis should be utilized as estimation and therefore must be modified in order to fit 

each individual.8 Furthermore, there are currently hundreds of different analyses available 

to orthodontists for analysis and diagnosis, yet there is no consensus as to which analysis 

should be universally used.3   

 

1-3.   Introduction of Cone Beam Computed Tomography   

Recently, the introduction of cone beam computed tomography (CBCT) in dentistry has 

led to the increased availability of 3D data concerning dental, skeletal, and facial soft 

tissue.  This data can be utilized in image analysis to extract various elements in isolation 

from other structures, manipulated to view the outcome of various surgical procedures, or 

printed with plastic via milling machines.1  In orthodontic diagnosis and treatment 
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planning, CBCT has become essential to cases involving: supernumerary teeth, cleft lip 

and palate, alveolar boundary conditions, temporary anchorage devices, maxillary 

transverse deficiencies, and temporomandibular joint (TMJ) disorders.9 Also, the benefit 

of the reliability and accuracy of CBCT contributes in the assessment of orthodontic 

treatment outcomes in cases with root resorption and definitions of normal and abnormal 

morphology such as airway analysis.9 

Based on the clinical scenario, the clinician should select the smallest field of view 

possible to limit the amount of radiation exposure to the patient.  While a small field of 

view is proficient for a three-dimensional view of impacted teeth and temporary 

anchorage devices, a larger field of view is necessary to view the relationship between 

the cranial base, facial bones, and dentition.10 As CBCT technology advances, radiation 

dosage decreases, cost of the machine drops, and the applications in dentistry increase, 

more scientific evidence will be available for its justification.  Radiographic guidelines 

recommend that each individual orthodontic case be evaluated by a clinician to determine 

if the 3D CBCT images will provide optimized diagnosis, treatment planning, and 

improved outcome for the patient (Figure 1).9 
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Figure 1. Hierarchy of indication of CBCT use in a clinical orthodontic  

setting. Reproduced from Kapila.9 

 

1-4.   Advantages of CBCT over Lateral Cephalogram   

A study published in AJODO in 2004 compares the cephalometric evaluation of 2D 

radiographic images to the analysis of a 3D CBCT using Sculptor 3D imaging system.11  

It was found that the 3D imaging system provided a significantly more precise evaluation 

of linear measures, with inaccurate measures being underestimated by roughly 1.0mm 

(Figure 2).11 Similarly, several other studies confirmed these results, indicating that 3D 

images from CBCT showed less dispersion and greater reliability in identification as 

compared to traditional 2D images.12, 13  
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Figure 2.  Scatter plot of the mean of 76 measurements from physical 

measurements (black) with 2D cephalometric (red) versus 3D Sculptor 

(blue).  The mean of physical measurements is set at 0. Reproduced from 

Adams.11 

 

Therefore, increased use of 3D CBCT in orthodontic and orthognathic cases has provided 

a clear understanding of its benefits compared to 2D cephalometric analysis, such as 

increased precision, ability to look at each side of the facial complex separately, and 

ability to evaluate the actual anatomy rather than a point corresponding to an anatomical 

landmark.2,6 Furthermore, CBCT has overcome the geometric distortion, magnification, 

and inconsistent head position often found in 2D radiographs.9 

 

1-5.   Current 3D Analyses  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However, while it is accepted that the use of 3D CBCT images for cephalometric analysis 

would be more accurate, a comprehensive 3D analysis does not currently exist.14 In the 

early stages of adopting CBCTs as a method for orthodontic diagnosis and treatment 

planning, analytical tools took measurements from a 2D image that was extracted from 

the 3D CBCT scan.  While this method provides the user with a clearer image due to lack 

of superimposition and the option to compare either side of the skull, it still restricts the 

analysis to the anatomical landmarks that are currently being used and therefore to the 

same measurements.  Khullar demonstrated that the current 2D analysis is overly 

dependent on landmarks, which makes it easy to produce an erroneous interpretation if 

there is a minor error in tracing or if the patient has any abnormal skeletal features since 

the landmarks are highly interconnected.15 Moving forward, researchers have been 

attempting to develop new software to use on 3D CBCT data to measure 3D distances, 

angles, and volumes and allow for superimposition of 3D craniofacial images.9  At this 

point, however, development of computer programs to perform these tasks lags behind 

hardware capability.9 

Globally, there has been some development in moving toward a true 3D analysis. One 

method, termed iterative closest point analysis, determines the shortest distance between 

two objects and illustrates the inward or outward displacements on a color map.9 It is 

important to note the closest surface points fail to quantify displacement when large 

translational changes occur.  Furthermore, biomedical images, whether 2D or 3D, contain 

complex shapes that will vary in appearance between individuals or within an individual 

over a period of time when growth is occurring; and the iterative closest point analysis 

cannot be used to evaluate changes in shape.  Despite these shortcomings, an algorithm 
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that is based on this method has been developed to simulate tooth movement in hopes of 

one day aiding in orthodontic treatment planning.9 Another method for analyzing 3D 

craniofacial anatomy involves shape correspondence, which determines the displacement 

of a given landmark.  The change is represented as a vector on a color-coded map to 

illustrate both direction and extent of movement.9  

 

1-6.   UCLA Preliminary Studies and Innovation of 3D Analysis 

Previous research at the Section of Orthodontics at University of California, Los Angeles 

(UCLA) School of Dentistry has yielded much progress in the creation of a true 3D 

cephalometric analysis, including surface and boundary mapping and a normative form.  

In order for the 3D analysis to be complete, there are four distinct structures that are 

needed for point acquisition: superficial part of the cranial base and maxilla, internal 

cranial base, internal maxilla, and mandible (Figure 3).14 Accurately representing these 

anatomical structures with a series of continuous curves approximated by a large number 

of landmarks and pseudo-landmarks allowed for the description of the actual geometric 

shape.14 
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Figure 3.   Defined structures were extracted from a 3D CBCT image for 

manual point acquisition, including (1) superficial part of the cranial base 

and maxilla, (2) internal cranial base, (3) internal maxilla, and (4) 

mandible.  Reproduced from Sung.14 

 

Boundary Mapping is a method to quantify a 3D boundary of the mandible, maxilla, and 

the cranial base using CBCT and Elliptical Fourier Function.14,16 Elliptical Fourier 

Function is a formula that defines a boundary by assigning points to a specific value on 

the x-, y-, and z-coordinates. These coordinates are then formatted, analyzed, and used to 

create a Fourier equation that closely fits those points, which can then generate a 3D 

curve.15 Utilizing this methodology, previous UCLA residents, Drs. Rena Khuller, Thais 

Soares, and Jay Sung, successfully utilized Fourier descriptors to outline the skull with a 

3D curve.  A normative form was then created through superimposing, averaging via 

Procrustes analysis, and combining the curved outlines via geometric algebraic methods.  

1.   Superficial-part-of--
Cranial-base-and-Maxilla-

------2.-Internal-
-----Cranial-base-

------3.-Internal--------------------------------
----------Maxilla-

------4.-Mandible-
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The resultant normalized form can be used to provide a basis for comparison of an 

individual sample to the group average.14  

These results allowed Dr. Peter Lee to find quantifiable 3D norms that can be employed 

in 3D cephalometric analysis.  Dr. Peter Lee successfully applied the previously 

developed methods of averaging 3D skulls to create sub-normalized skull models of 11 

Korean adult males and 13 Korean adult females. Also, the study demonstrated the 

clinical applicability by developing vector, statistical, and colorized displacement maps 

for analysis of an individual to the respective subnorm.17 The ultimate goal of the 

research is to eventually gather more samples to develop a true 3D analysis and derive 

different 3D subnormative skull averages in specificity to ethnicity, age, and gender. 

 

1-7.   Introduction to Active Shape Model 

Biomedical images, whether 2D or 3D, contain complex shapes that will vary in 

appearance between individuals or within an individual over a period of time when 

growth is occurring or orthodontic treatment is rendered.  Attempting to manually 

identify or measure particular structures can be a very time-consuming, and overall 

daunting, task.  However, with the use of models that can cope with the inherent 

variability in biomedical images, it is plausible to successfully analyze these elaborate 

images.18 Model-based methods utilize a prior joint model of image intensity and 

geometry to find the best match in a new image.  The model can be learned from training 

examples with the full set of desired landmarks manually identified.  The final output is a 

compilation of model landmark points which best match the image data, in addition to the 
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parameters required to create the points.  The points or parameters can then be used in 

further processing.  

There are several advantages to the model-based methods.  The same algorithm can be 

applied to different problems by using different training examples, making it widely 

applicable.  Expert knowledge can be built and stored in the system through the training 

examples.  Some variation of the object is accepted; however, the models are specific 

enough to inhibit variation different from that seen in the training set.  Lastly, the system 

learns from the training set, therefore the number of assumptions made regarding the 

objects being modeled is limited.19 

The models require the user to plot landmarks on the training images where each 

landmark represents a distinguishable point. Because of this, the object can neither be too 

amorphous, where distinct landmarks cannot be applied, nor consist of an altering 

topology.19 

Active Shape Models (ASMs) allow rapid location of the boundary of objects with 

similar shapes to those in a training set, assuming we know roughly where the object is in 

the image.  ASM is specifically useful for objects with a well-defined shape, that have a 

representative set of examples,	and	have high reliability of target location in an image.19 

In order to locate a structure of interest, we have to first build a statistical model of 

appearance by annotating a set of images that are representative of the variation seen for 

that structure. We must also identify a set of landmarks which describe the shape of the 

structure of interest and which can be identified repeatedly and reliably on every training 

image.  Preferred choices for landmarks are at points of high curvature or junctions.  

Intermediate points, which are equally spaced between the well-defined landmarks, can 
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also be added to delineate the boundary more precisely (Figure 4).  In order to determine 

the direction of the boundary at a given point, the connectivity defining how that 

landmarks are joined must also be recorded.  Furthermore, the shapes must be aligned 

into a common coordinate frame before statistical analysis can be performed.19  

 

Figure 4.  Preferred landmarks are points of high curvature or the junction  

of two intersecting lines.  Intermediate points can be added to better define  

the boundary. Reproduced from Cootes.19 

 

With no initial information of where the target object lies within an image, finding the 

parameters which optimize the fit is difficult.  It is also important to note that the ASM 

can only deform to fit the data in ways consistent with the training set.20  Nevertheless, 

the form of the fit function can be utilized to locate the optimum rapidly by using the 

ASM algorithm.19 A multi-resolution framework can be added to the algorithm to 

improve its efficiency and robustness, which involves first searching for the object in a 

low-resolution or coarse image, then refining its location in a succession of higher 

resolution images.  The same strategy may be applied to hierarchically identify points in 

coarser models, followed by constrained solutions for more refined models that contain 
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more points. The use of the multi-resolution frameworks leads to faster computing times 

and a lower likelihood that the algorithm will get fixed on an erroneous object.19 Points 

automatically plotted can then be tested for accuracy of measurements, where the 

reference values are the same points plotted manually. 

 

1-8.   Aims of the Study	 	

The overall objective of the study is to create automatic point acquisition for the 

boundaries of the craniofacial complex in order to create a true 3D analysis and make it 

more practical for the user.   

The following aims are proposed to achieve this goal: 

Aim 1: Develop an extended form of the Active Shape Model to automate point 

acquisition along the surfaces of the superficial part of the cranial base and maxilla, 

internal cranial base, internal maxilla, and mandible using previously manually-plotted 

points as the training model. 

• Selection of data points from a finite set of curve points 

Aim 2: Evaluate accuracy of measurements and reliability of automated landmark 

identification (“estimated landmarks”) compared to the same points plotted manually 

(“ground-truth landmarks”). 

• Normalization 

o Perform general Procrustes alignment  

o Compute Elliptical-Fourier descriptors 

• Compare automated landmark identification with manually plotted landmark 
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identification 

o Average 

o Individual 

 

 

     2. Materials and Methods 

2-1. Sample Collection 

CBCT images of orthodontic patients prior to appliance placement at Kyung Hee 

University with the Alphard 3030 Model 3D X-ray CT Scanner were collected.  The 

CBCT scans of all patients were imported	into	the	Dolphin Imaging ® Software to 

determine eligibility for inclusion into the study.  The strict inclusion and exclusion 

criteria used was adapted from a prior study performed at UCLA (Table 1).17 

 
Inclusion Criteria 

• Skeletal	class	I	relationship	
• Mesocephalic	pattern	
• 18+	years	old	

 

Exclusion Criteria 
• Significant	craniofacial	defects	(i.e.	cleft	lip/palate,	

Crouzon	syndrome,	hemifacial	microsomia,	etc)	
• Gross	skeletal	asymmetry	or	deformity	
• History	of	orthognathic	surgery	

 
 

Table 1. Inclusion and exclusion criteria used for sample selection. Adapted  

from Lee.17 

 

Every CBCT underwent a preliminary screening for significant craniofacial defects, gross 

skeletal asymmetry or deformity, or history orthognathic surgery; samples containing any 
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of the exclusion criteria were eliminated from the study.  Next, the remaining CBCT 

samples were used to generate 2D lateral cephalograms, which were then digitally traced.  

Three cephalometric analyses commonly used at UCLA— Steiner & Wits, Ricketts, and 

Sassouni—were generated to allow for diagnosis of skeletal AP and vertical relationship 

of the maxillomandibular complex.  The combination of various linear and angular 

measurements compared to the normal values aided in the determination of the presence 

or absence of the inclusion criteria of a skeletal class I relationship and mesocephalic 

pattern.  A total of 24 samples fit the inclusion and exclusion criteria, and therefore were 

included in the study.  There were 11 males and 13 females between the ages of 18 and 

51.  All patient samples had a class I skeletal relationship, with an ANB range of -0.1 to 

3.9 degrees, Wits range of -5.7 to 4.7mm, and convexity range of -1.2 to 5.1mm.  

Furthermore, all patient samples were diagnosed as having a mesocephalic pattern based 

on MP-SN, which ranged from 25.2 to 38.6 degrees.  A large number of patients that 

were included in the study had ANB, Wits, convexity, and MP-SN values that fell within 

one standard deviation of the normal values.  However, when a value was above one 

standard deviation, clinical judgement was used to determine whether the patient sample 

would be included into the study (Table 2).17 

Patient	
Sample	 Sex	 Age	at	

CBCT	 ANB	 Wits	 Convexity	 MP-SN	

	 	 	 1.6±1.5	 -1.0±1.0	 M=0.1±2.0	
F=0.7±2.0	 33.0±6.0	

1	 F	 35y3m	 2.8	 -0.1	 2.8*	 29.7	

2	 F	 22y6m	 2.6	 -1.4	 1.8	 30.4	

3	 F	 26y5m	 0.1*	 -2.8*	 -0.9	 30.1	

4	 F	 26y0m	 2.7	 -4.2***	 3.1*	 38.6	



 16 

5	 F	 36y4m	 2.6	 4.7*****	 1.9	 30.0	

6	 F	 21y0m	 3.9*	 1.3**	 3.7*	 34.5	

7	 F	 18y6m	 1.4	 -5.7****	 0.9	 30.3	

8	 F	 23y9m	 1.9	 -2.4*	 1.1	 27.2	

9	 F	 29y6m	 3.6*	 -0.9	 3.4*	 31.5	

10	 F	 19y6m	 3.1*	 -1.3	 3.3*	 34.3	

11	 F	 18y3m	 2.1	 -2.4*	 2.0	 35.6	

12	 F	 32y1m	 3.2*	 0.9	 3.9*	 36.9	

13	 F	 51y6m	 2.1	 -0.9	 1.7	 35.5	

14	 M	 25y7m	 -0.1*	 -2.7*	 -0.7	 31.5	

15	 M	 18y9m	 2.5	 -3.0**	 3.7*	 25.2*	

16	 M	 23y6m	 2.1	 -4.0***	 1.0	 25.5*	

17	 M	 24y2m	 0.1*	 -2.5*	 -0.8	 29.9	

18	 M	 25y4m	 1.9	 0.5	 1.0	 28.6	

19	 M	 28y7m	 2.3	 -3.9**	 1.7	 25.3*	

20	 M	 28y1m	 3.2*	 -0.2	 3.7*	 32.4	

21	 M	 36y9m	 0.2*	 -2.7*	 -1.1	 33.6	

22	 M	 27y7m	 3.6*	 -0.7	 5.1**	 28.2	

23	 M	 20y0m	 1.2	 -0.6	 -1.2	 36.4	

24	 M	 21y0m	 3.1*	 1.4**	 4.5**	 29.5	
									*=	1SD	

Table 2.  Sex, Age, ANB, Wits, Convexity, and MP-SN values for patient  

samples. Adapted from Lee.17 

 

It was decided to use similar inclusion and exclusion criteria and therefore be able to pull 

from the same CBCT samples of a previous study performed at UCLA by Dr. Peter Lee 

for two reasons.  First, it was necessary to have a relative homogenous training set for the 



 17 

creation of the method for automatic point acquisition on 3D CBCT images.  Second, our 

study would be able to use the manually-plotted points of the maxilla/palate, cranial 

base/zygoma, and mandible as the baseline for the ground-truth landmarks for reference 

and statistical analysis.   

 

2-2. Manual Digitization of the Skull Boundaries  

Manual digitization of the skull boundaries of the 24 patient samples was performed in a 

previous UCLA study by Dr. Peter Lee.17 The interface used was developed in projects 

spearheaded by Drs. Rheena Khullar and Jay Sung.14, 15 Each CBCT Digital Imaging and 

Communications in Medicine (DICOM) was duplicated seven times and cropped into 

three midline and two bilateral anatomical areas—midcranial base, palate, mandible, 

right and left zygoma, and right and left maxilla—in order to accurately define the outline 

of the cranial base, maxilla, and mandible.  A total of 117 points for the cranial base, 92 

points for the maxilla, and 104 points for the mandible were manually digitized on each 

patient sample (Figure 5).17 
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Figure 5. Snapshot of manually-plotted points for patient subject KM001. 

(A) Right Zygoma, (B) Right Maxilla, (C) Mandible, (D) Midcranial Base,  

(E) Palate. Reproduced from Lee.17 

 
 
In order for the manual digitization to be used as the reference values, or ground-truth 

landmarks, for the automatic digitization process, it was necessary to ensure that all 

bilateral points had a corresponding point on the opposite side.  By doing this, more test 

samples could be synthetically created which would thereby increase the accuracy of the 

Active Shape Model (ASM) without having to retrieve more patient samples.  For 

example, one sample of the mandible could become three by using the normal mandible, 

the right side and its mirror image, and the left side and its mirror image.  While bilateral 

structures, like the zygoma, maxilla, and mandible are usually similar in size and shape, 
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there almost always is some slight variation.   

Furthermore, it was necessary to ensure the accuracy of the manual digitization of each 

CBCT because these points and the outline created by connecting the points were to be 

used to train the ASM and compare its accuracy.  While there was no infallible way to 

determine accuracy of the manual digitization, image intensity analysis was performed on 

the 24 CBCTs after manual digitization was performed.  The DICOM image intensity at 

each landmark location was measured, which ranged from 0-255, where background is 

designated as zero and bone is represented at around 80.  It was found there were a 

number of manually-plotted landmarks that were at least one pixel away from the actual 

bone surface, which could lead to a large impact on the accuracy of automatic point 

acquisition.  If the ASM is trained on ground-truth landmarks that are one pixel out in 

space or inside of the bone, the ASM will invariably find the boundary to be one pixel 

away from the true boundary.  Considering that one pixel translates to 0.39mm, having 

precise landmarks is crucial for accurate ASM performance.  Once the points deviating 

outside of the true boundary were identified, semi-automatic and manual methods were 

performed to aid in correction of the ground-truth landmarks.  The semi-automatic 

method, consisting of using a program to automatically shift landmarks floating in space 

to the closest bone location, was effective only if the landmark was within two pixels 

away from the surface.  The rest of the points that were beyond two pixels away from the 

surface had to be manually moved (Figure 6).  Each point was given a coordinate value in 

millimeters (x, y, z) and was extracted as a text file (.txt) for future use.  
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Figure 6. Snapshot of identification and manual correction of an inaccurate  

ground-truth landmark. 

 

2-3. Automatic Digitization of the Skull Boundaries 

Each CBCT was segmented from the background and soft-tissue and was stored as a 3D 

triangulated mesh (.ply).  A connected component algorithm was performed on each 

sample, and only the largest component was kept in order to discard spurious mesh 

triangles (Figure 7). 
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Figure 7. Snapshot of (a) pre- and (b) post-connected component algorithm to 

discard spurious mesh triangles. 

2-3.1. Training Process (Model Training) 

  2-3.1.1. Shape Model 

A statistical model was computed that simulates the variability in mandible shapes across 

a training dataset by performing a principal component analysis (PCA) on a set of 

registered mandible landmarks (Figure 8).  PCA finds a coordinate system in which the 

axes correspond to the directions of highest variance of a dataset, which are known as 

principal components and describe a particular mode of variation.  This is accomplished 

by applying a linear transformation to the dataset.  The principal component is visualized 

by generating deviations from the mean shape in the following way: 

 
 

(a) (b) 
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Where vpc is the principal component, xmean is the mean training landmark, and t is a 

scalar that ranges from -1 to 1.  Often, the first three principal components describe shape 

deformations in the x, y, and z axes, respectively. 
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Figure 8. Snapshots of PC 1 with sigma ranging from -1 to 1. 

 

  2-3.1.2 Appearance Model 
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Next, an appearance model is built to describe the imaging data conditions around each 

landmark (Figure 9).  To build an appearance model for a landmark, we first extract 

image features along a line normal to the contour for each sample in the training set. 

We then fit a multivariate Gaussian to the image features in order to learn a Mahalanobis 

distance: 

 

Where x and y are the image features we wish to compare, and S is the covariance matrix 

for the estimated multivariate Gaussian described above.  This distance measure is used 

during the test stage to determine if an image feature is a strong indicator for whether a 

landmark is present or not.  It is important to note that if the landmarks reside at locations 

with distinct image features, such as edges and boundaries; then the model will be able to 

locate these features when processing unseen samples.  
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Figure 9. Snapshot of Appearance Model during Model Training. 

  

 

2-3.2. Test Process (Model Fitting) 

  2-3.2.1. Line/Grid Search 

Given an initial estimate of the mandible landmarks, the model will update the landmarks 

to match the imaging data.  This is done for each landmark by searching for image 

features along a directional normal to the contour and finding the features that are similar 

to ones observed during training.  The measure of closeness is the Mahalanobis distance 

learned during the appearance model training.  For traditional 2D ASM scenarios, the line 

search brings each landmark to the boundary of the object by searching along a single 

line perpendicular to the object boundary.  Figure 10 illustrates this scenario, which was 

then extended to 3D to improve accuracy.  In the 3D modification, the line search was 

substituted for a grid search approach where the program searches for all possible cube 

locations in a 3D space within a grid centered at each landmark.  By doing so, it searches 

a much larger region of the 3D space compared to line search.   
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Figure 10. First iteration of segmentation procedure with the Active Shape  

Model. Reproduced from Pilch.21 

 

The model aims to fit the landmarks to the CBCT imagery based on imaging data that it 

observed during training (Figure 11).  If the landmarks reside at locations that are distinct 

in image feature space, then the model will converge on these locations during the cube 

search.  Thus, ASM more than just a surface detector, as it can learn to attract towards 

complex shapes.   

With this project, the derivative of the image intensity is used as the image feature.  It is 

important to note that the resulting shape can be jagged, as each landmark does its search 

independently, often leading to a shape estimate that is unnatural and unrealistic. 
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Figure 11. Snapshot of Line/Grid Search during Model Fitting. 

 

  2-3.2.2. Shape Model Update 

As mentioned, after the landmarks have been updated by the line search, the resulting 

shape may be unreliable.  Important spatial relationships between landmarks may be 

violated by the previous update.  As an example, a curve that is normally smooth may 

become jagged after the line search update.  To mitigate this problem, the estimated 

landmarks are projected to the shape model that was learned during the training stage 

(Figure 12).  This essentially smooths out the landmarks to look more similar to 

mandibles previously seen during training.  More precisely, a linear combination of the 

training set mandible landmarks that most-closely resembles the current landmark 

estimates is found. This approach works well if the sample is well-represented by the 

training set.  However, if a sample is not well-represented by the training set, the this will 
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result in landmarks that do not closely fit to the sample. 

 

 

Figure 12. Snapshot of Shape Model Update during Model Training. 

 

Steps 2-3.2.1. Line/Grid Search and 2-3.2.2. Shape Model Update were repeated until 

either convergence, where no significant change is observed, or until a maximum number 

of iterations was exceeded.  The maximum number of iterations designated for this 

project was ten. 

 

Using a “combined ASM à separate ASM” approach, steps 2-3.1. Training Process 

(Model Training) and 2-3.2. Test Process (Model Fitting) were first performed on the 

combined models of the cranial base (CB), maxilla (MX), and mandible (MN), or 

(CB+MX+MN ASM), and then repeated using the separate models, or (CB ASM, MX 
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ASM, and MN ASM), to get refined part estimates.  This approach was found to improve 

accuracy compared to training either on combined or separate models alone. 

 

2-4. Sample Testing  

In order to test a sample, the average contour from the training set was rigidly aligned to 

several “anchor” landmarks from the same sample’s ground-truth landmarks.  A total of 

12 anchor landmarks were used, including one on the cranial base, four on the maxilla, 

and seven on the mandible.  Then the ASM was performed with this initial input to get to 

a final contour estimate.  The results for accuracy were using the leave-one-out cross 

validation approach, where each sample was used once as a test set, and the remaining 

samples were used as the training set (Figure 13).  Therefore, since our dataset had a total 

of 24 patient samples, 24 experiments were performed; and for each experiment, 23 

samples were used for training and the remaining sample was used for testing.  The true 

error is estimated as the average error rate on the test examples.22 

 

Figure 13. Leave-one-out cross validation. Reproduced from  



 31 

Gutierrez-Osuna.22 

 

2-5. Normalization 

Prior to computing the Elliptical-Fourier (EF) descriptors, a general Procrustes alignment 

(GPA) was done on both the ground-truth landmarks and the estimated landmarks in the 

same reference frame to enable meaningful comparisons between the resulting EF 

descriptors.  GPA finds the best rotation and translation such that all landmarks are as 

closely aligned as possible.  The scaling component was disabled in GPA so that the 

distances are still meaningful in the millimeter scale. 

In order to extract 3D EF descriptors as needed for this project, a code that computes 2D 

EF descriptors was extended to work in 3D.23 The first 200 coefficients of the EF 

descriptors were computed for both the ground-truth landmarks and the estimated 

landmarks, as it was more than able to faithfully represent the skull shapes. 

 

 

3. Results  

The contour given by the estimated landmarks was tested for accuracy against the 

ground-truth landmarks and compared after normalization via EF descriptors and GPA.   

 

3-1. Comparison of boundary created from “estimated landmarks” versus “ground-

truth landmarks,” Average 
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For the overall craniofacial complex, an average of 73% of the points were within 3.0mm 

of the boundary (std = 0.05), 53% of the points were within 2.0mm of the boundary 

(std=0.06), and 26% of the points were within 1.0mm of the boundary (std = 0.04) 

(Figure 14). 

 

Figure 14. Percent boundary within 1.0mm, 2.0mm, and 3.0mm of truth  

for overall craniofacial complex. 

 

When looking specifically at the cranial base, an average of 73% of the points were 

within 3.0mm of the boundary (std = 0.08), 54% of the points were within 2.0mm of the 
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boundary (std = 0.09), and 26% of the points were within 1.0mm of the boundary (std = 

0.06) (Figure 15). 

 

Figure 15. Percent boundary within 1.0mm, 2.0mm, and 3.0mm of truth  

for cranial base. 

 

For the maxilla, an average of 75% of the points were within 3.0mm of the boundary (std 

= 0.11), 55% of the points were within 2.0mm of the boundary (std = 0.12), and 28% of 

the points were within 1.0mm of the boundary (std = 0.09) (Figure16). 
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Figure 16. Percent boundary within 1.0mm, 2.0mm, and 3.0mm of truth  

for maxilla. 

 

Lastly for the mandible, an average of 70% of the points were within 3.0mm of the 

boundary (std = 0.10), 51% of the points were within 2.0mm of the boundary (std = 

0.10), and 25% of the points were within 1.0mm of the boundary (std = 0.08) (Figure 17). 
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Figure 17. Percent boundary within 1.0mm, 2.0mm, and 3.0mm of truth  

for mandible. 

 

3-2. Comparison of boundary created from “estimated landmarks” versus “ground-

truth landmarks,” Individual 

When evaluating the percent boundary within 1.0mm, 2.0mm, and 3.0mm, it was 

possible to look at each patient sample individually in 3D for composite, cranial base, 

maxilla, and mandible to appreciate the distance and vector components.  From this 

information, the best and worst samples were further evaluated.  Patient KF001 (test 

sample #1) was deemed as one of the best samples, where 32.36% of the points were 
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within 1.0mm of the boundary and 85.58% of the points were within 3.0mm of the 

boundary (Figures 18, 19). 

 

 

Figure 18. Snapshot of percent boundary within 1.0mm of truth for 

 overall craniofacial complex for patient KF001. 
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Figure 19. Snapshot of percent boundary within 3.0mm of truth  

for overall craniofacial complex for patient KF001. 

 

On the other hand, patient KF005 (test sample #5) was found to be one of the worst 

samples, where only 20.90% of the points were within 1.0mm of the boundary and 

70.17% of the points were within 3.0mm of the boundary (Figures 20, 21). 
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Figure 20. Snapshot of percent boundary within 1.0mm of truth  

for overall craniofacial complex for patient KF005. 
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Figure 21. Snapshot of percent boundary within 3.0mm of truth  

for overall craniofacial complex for patient KF005. 

 

4. Discussion 

4-1. Clinical Application 

This study successfully created a manner in which the boundary of the craniofacial 

complex can be automatically plotted, by extending the ASM created by Cootes et al. to 

function in 3D, with reliable accuracy.  This project provides a way to effectively obtain 

a 3D representation of the human craniofacial structure that will provide clinicians with 

complete features of craniofacial morphology without demanding an extensive amount of 

time by the user.  The analysis will automatically plot points that will outline the 

structures of the maxilla/palate, cranial base/nasal bones, and mandible that can later be 

adjusted by the user.   

The result of the automatic point acquisition for 3D cephalometric analysis used with 

UCLA’s previously-made geometric model is part of a larger project with the ultimate 

aim to create an automated true 3D analysis with subnormative skull averages with 

respect to gender, ethnicity, and age.  From a clinical standpoint, the 3D analysis will 

give more accurate information regarding facial morphology and symmetry due to the 

ability to measure each side of the face individually and more accurately.11 

 

4-2. Limitations 
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Automatic point acquisition creating the boundary of the skull has clear advantages over 

manual efforts, but certain limitations also exist: 

Image quality of current CBCT machines is suboptimal for automatic point acquisition of 

skeletal boundary as some borders of the craniofacial complex are very difficult to both 

manually and automatically detect due to poor resolution.  In some areas, the hard tissue 

is so thin that it fails to get captured in the image data and shows as burnout; such areas 

include the border of the nasal cavity and thin cortical bone surrounding roots.  As image 

quality improves, so will the ability to train the ASM to have better accuracy. 

Furthermore, the project was limited in the number of patient samples in order to train the 

ASM.  It was necessary to train the ASM on homogenous samples.  However, Newtom 

images are currently rarely taken on patients who fall within a normal range on the 

various measurements that were used to determine patient sample eligibility.  A 

drawback to using the ASM algorithm is the large number of labeled training examples 

required to build a good model, which can be very time-consuming.    Training the ASM 

on more samples will likely improve the accuracy of the ASM.  Similarly, more iterations 

during the ASM will also likely improve accuracy. 

The model is also only as accurate as the user manually inputting the points for the 

training examples.  Therefore, it is necessary to verify accuracy of the manually plotted 

points prior to model training. 

Also, some boundaries are not clearly defined so it is difficult for the ASM to be 

accurately trained in those areas.  For example, the border of the mandible is sometimes 

broad and it is difficult for the system to detect which point along the broad curve to pick.  

Even if the ASM is picking out a point along the border, it may be several millimeters 
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away from the manually-plotted border.  Therefore, as the ASM improves, it is necessary 

to propose more defined boundary conditions. 

Lastly, there is such a big spectrum of the acceptance of CBCTs for orthodontic 

treatment.  Some private practices and universities are taking CBCTs for all their 

patients, while some are limiting it to orthognathic surgery, craniofacial deformities, and 

impactions, and others never prescribe CBCTs.  Once taking CBCTs becomes more 

widespread, there will be a larger patient pool to train the ASM model.  

 

5. Conclusion 

This project developed the protocol for automatic point acquisition of the craniofacial 

complex using an extended version of the ASM.  A total of 24 Korean adults with a 

skeletal diagnosis of class I and mesocephalic pattern were used to train the ASM model 

using manually plotted points, which were considered to be ground-truth landmarks. 

Estimated landmarks using automatic point acquisition were tested against ground-truth 

landmarks utilizing the leave-one-out cross validation approach.  GPA and EF descriptors 

were then completed for all samples for accurate comparison.  Percent boundary within 

1.0mm, 2.0mm, and 3.0mm of truth for the overall craniofacial complex, cranial base, 

maxilla, and mandible were found for all samples and averaged.  Best and worst samples 

were further evaluated and visually displayed.  Further research efforts will focus on the 

improvement in accuracy of automatic point acquisition on a CBCT and ultimately the 

creation of a true 3D analysis with subnormative skull averages with respect to gender, 

ethnicity, and age. 
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