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The face is an integral part of one’s self-concept and unquestionably the most 

important attribute used to distinguish one's identity. A growing body of literature 

demonstrates that any condition that results in facial disfigurement can have a profound 

adverse impact on one's psychological and social functioning. In this respect, patients 

with facial disfigurements are at higher risk to experience psychosocial difficulties than 

others.  

Owing to injuries or illnesses such as cancer, patients undergo reconstructive 

surgeries both to recover their facial function and to reduce the adverse impact of facial 

disfigurements on their psychosocial functioning. However, since surgical planning and 

evaluation of reconstructive outcomes still relies heavily on surgeons' qualitative 

assessments, it is challenging to measure surgery outcomes and, therefore, difficult to 

improve surgical practice.  

Thus, this dissertation research aims to help patients suffering from facial 

disfigurement by developing quantitative measures that are 1) related to human 

perception of faces, and 2) that account for patient's internal status (i.e., psychosocial 

functioning). Such measures can be used to improve surgical practice and assist patients 
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with disfigurement to be psychosocially adjusted. Specifically, this dissertation proposes 

quantitative measures of facial morphology and expression that are closely related to 

overall facial attractiveness and a patient's psychosocial functioning. Such measures will 

allow surgeons to quantitatively plan and evaluate reconstructive surgeries. In addition, 

this dissertation introduces a modeling technique to simulate disfigurement on novel 

faces with control on the type, location, and severity of disfigurement. This modeling 

technique is important since it can help patients with facial disfigurement gain a more 

accurate understanding of how they are viewed in society, which has a strong potential to 

facilitate their psychosocial adjustment.  

This dissertation provides a new perspective on how to help patients with facial 

disfigurement address challenging problems in facial reconstruction, aesthetic 

understanding, and psychosocial actualization. It is hoped that this work has shown that 

multiple benefits could be realized from future studies utilizing the modeling technique to 

understand human perception of facial disfigurement and thereby to develop quantitative 

measures that are closely associated with human perception. 



 ix

Table of Contents 

List of Tables ....................................................................................................... xiii 

List of Figures ........................................................................................................xv 

Chapter 1.  Introduction .........................................................................................1 

1.1.  Psychosocial Difficulty in Patients with Facial Disfigurement .............1 

1.1.1.  Patients with Facial Cancers .....................................................2 

1.1.2.  Patients with Cleft Lip and Palate .............................................4 

1.1.3.  Facial Cancer vs. Cleft Lip and Palate ......................................5 

1.2.  Methods for Studying the Human Face .................................................7 

1.3.  Current Quantitative Analysis on the Face ............................................9 

1.3.1.  Quantification of Facial Morphology in Face Recognition 
Algorithms ....................................................................................9 

1.3.2.  Quantification of Facial Morphology in Clinical Setting .......12 

1.3.3.  Quantification of Facial Expression in Engineering ...............13 

1.3.4.  Quantification of Facial Expression in Clinical Setting .........16 

1.4.  Summary ..............................................................................................17 

Chapter 2.  Datasets .............................................................................................20 

2.1.  Face Image Datasets of Patients with Facial Cancers ..........................20 

2.1.1.  2D Dataset ...............................................................................20 

2.1.2.  3D Dataset ...............................................................................21 

2.2.  3D Face Image Dataset of Healthy Hispanic/Latino White Children ..23 

2.3.  3D Face Image Dataset of Healthy Control .........................................24 

Chapter 3.  Eigen-disfigurement Model for Simulating Plausible Facial 
Disfigurement after Reconstructive Surgery ................................................26 

3.1.  Background ..........................................................................................26 

3.2.  Related Work .......................................................................................28 

3.3.  Methods................................................................................................30 

3.3.1.  Dataset: Disfigured Faces .......................................................30 

3.3.2.  Dataset: Non-disfigured Faces ................................................33 



 x

3.3.3.  Preprocessing ..........................................................................33 

3.3.3.1.  Establishing Full Correspondence of Examples .........33 

3.3.3.2.  Post-operative Images with Missing Fiducial Points ..36 

3.3.3.3.  Color Normalization of 3D Images .............................37 

3.3.4.  Eigen-disfigurement: Surgically Plausible Disfigurement Model
 38 

3.3.4.1.  Defining a Surgically Plausible Disfigurement Model38 

3.3.4.2.  Eigen-Disfigurement ...................................................41 

3.3.4.3.  Stitching a Surgically Plausible Disfigurement on Target 
Face ....................................................................................45 

3.3.5.  Evaluation Strategy .................................................................49 

3.3.5.1.  Evaluation of Preprocessing Step ...............................49 

3.3.5.2.  Sensitivity to Fiducial Point Allocation ......................49 

3.3.5.3.  Evaluation of Disfigurement Model ...........................50 

3.3.5.4.  Simulated image Set for Observer Study ....................51 

3.3.5.5.  Observer Study Setup .................................................53 

3.3.5.6.  Statistical Analysis for Observer Study ......................54 

3.4.  Results ..................................................................................................56 

3.4.1.  Evaluation of Preprocessing Step ...........................................56 

3.4.2.  Evaluation of Fiducial Point Allocation Sensitivity ...............57 

3.4.3.  Observer Evaluation of Disfigurement ...................................58 

3.5.  Discussion ............................................................................................63 

3.6.  Summary ..............................................................................................66 

Chapter 4.  Three-Dimensional Analysis of Facial Asymmetry of Healthy 
Hispanic/Latino White Children ...................................................................67 

4.1.  Background ..........................................................................................68 

4.2.  Materials and Methods .........................................................................70 

4.2.1.  Dataset.....................................................................................70 

4.2.2.  Quantification of Morphology of Each Hemiface ..................70 

4.2.3.  Statistical Analysis ..................................................................71 

4.3.  Results ..................................................................................................73 



 xi

4.4.  Discussion and Conclusions ................................................................75 

Chapter 5.  Quantitative Measures of Facial Appearance of Healthy Hispanic/Latino 
White Children: Implications for Care of Cleft Lip and Palate ....................78 

5.1.  Background ..........................................................................................78 

5.2.  Materials and Methods .........................................................................80 

5.2.1.  Image Dataset ..........................................................................80 

5.2.2.  Participants ..............................................................................80 

5.2.3.  Stimuli .....................................................................................81 

5.2.4.  Nasal and Mouth Features ......................................................81 

5.2.5.  Statistical Analysis ..................................................................83 

5.3.  Results ..................................................................................................84 

5.3.1.  Inter-rater Agreement ..............................................................84 

5.3.2.  Facial Features Correlated with Observer Ratings .................85 

5.4.  Discussion ............................................................................................86 

5.5.  Conclusions ..........................................................................................88 

5.6.  Summary ..............................................................................................89 

Chapter 6.  Quantitative Measures of Facial Expression for Patients with Facial 
Cancer 90 

6.1.  Background ..........................................................................................91 

6.2.  Materials and Methods .........................................................................92 

6.2.1.  Datasets ...................................................................................92 

6.2.2.  Quantitative Measures of Facial Expression ...........................94 

6.2.3.  Statistical Analysis ..................................................................96 

6.3.  Results ..................................................................................................96 

6.4.  Discussion and Conclusion ..................................................................98 

Chapter 7.  Associations between Psychosocial Functioning and Smiling Intensity in 
Patients with Facial Cancer .........................................................................101 

7.1.  Background ........................................................................................102 

7.2.  Materials and Methods .......................................................................103 

7.2.1.  Datasets .................................................................................103 



 xii

7.2.2.  Composite Score of Smiling Intensity ..................................103 

7.2.3.  Self-Report Measures of Body Image and Quality of Life ...103 

7.2.3.1.  Body Image Measures ...............................................103 

7.2.3.2.  Quality Life Measures ...............................................104 

7.2.4.  Statistical Analysis ................................................................104 

7.3.  Results ................................................................................................104 

7.4.  Discussion and Conclusion ................................................................107 

7.5.  Summary ............................................................................................109 

Chapter 8.  Conclusions and Future Work .........................................................110 

Bibliography ........................................................................................................114 

Vita 141 



 xiii

List of Tables 

Table 3.1.  Demographic information, diseases characteristics, and location of 

disfigurement on the faces ................................................................32 

Table 3.2.  Hausdorff distance between the pre-processed face and the given face for 

each facial segment ...........................................................................56 

Table 3.3.  Evaluation results for fiducial point allocation sensitivity analysis ..58 

Table 3.4.  Final cumulative link mixed model estimates for each fixed, and random 

effect variable, as well as the result of testing for difference in observer 

ratings for simulation types and gender. For the simulations, the tests for 

difference in ratings were against real disfigurement samples. For 

gender, the test was against male target face samples. .....................59 

Table 3.5.  Summary statistics of the medical professionals' ratings on simulated, 

real, and exaggerated disfigurement. ................................................62 

Table 4.1.  List of Euclidean and Geodesic distances used for this study and their 

corresponding summary statistics of study participants. (Unit: mm)72 

Table 4.2.  Summary statistics and statistical test results for each ratio ..............74 

Table 5.1.  Facial features for quantifying the morphology of nose and mouth area 

(Part 1). .............................................................................................82 

Table 5.2.  Facial features for quantifying the morphology of nose and mouth area 

(Part 2). .............................................................................................83 

Table 5.3.  Spearman rank correlation results between each facial feature and panel 

attractiveness ratings .........................................................................85 

Table 6.1.  Distance Features and Corresponding FAPUs for Normalization. ....95 

Table 7.1.  Patient demographic and clinical characteristics (N=99) ................106 



 xiv

Table 7.2.  Spearman rank correlation coefficients and corresponding p-values 

between the composite scores and psychosocial outcomes ............107 



 xv

List of Figures 

Figure 2.1.  Images at the first row show a total of 7 2D facial photographs of a 

patient at his pre-operative visit. AP Neutral, AP Mild, AP Peak refer to 

2D Anterior Posterior (AP) photographs with neutral, mild, and peak 

smile, respectively. Images at the second row show a total of 7 2D facial 

photographs of the same patient at his 3 month post-operative visit. He 

underwent mandibulectory followed by primary closure of the resulting 

wound to remove tumor in his oral cavity and mandible. .................21 

Figure 2.2.  Images at the first row show a total of three 3D facial images of a patient 

at his pre-operative visit. From left to right, this figure shows 3D facial 

images with neutral, mild, and peak smile, respectively. Images at the 

second row show a total of three 3D facial images of the same patient at 

his 3 month post-operative visit. .......................................................23 

Figure 2.3.  Examples of 3D facial images of healthy Hispanic/Latino children.24 

Figure 2.4.  Examples of 3D facial images of a healthy subject. 6 facial expressions 

are at their maximum levels (i.e., level 4). ........................................25 

Figure 3.1.  Example pre-operative (A) and post-operative (B) 3D facial images of 

one patient who underwent right neck composite resection followed by 

reconstructive surgery using the anterolateral thigh free flap. ..........31 



 xvi

Figure 3.2.  A total 61 fiducial points (white dots) are used to establish full 

correspondences between samples. The fiducial points are manually 

annotated on both a 3D mannequin facial model (A) and a 3D facial 

image of a patient (B). After completing all correspondence steps, his 

original 3D face was fully reproduced using the 3D mannequin facial 

model (C). Note that the algorithm fills any holes on the original 3D 

facial image of the patient. ................................................................34 

Figure 3.3.  Missing fiducial points on the post-operative facial image are allocated 

by projecting (red lines) the corresponding fiducial points of the pre-

operative facial image of the same patient. White dots on both images, 

which indicate fiducial points unaffected by the surgery, are used to 

align the two images. ........................................................................37 

Figure 3.4.  A: Images of a patient showing high variation in color. B: Images of the 

same patient after contrast stretching each color channel, showing 

improvement of the color consistency. .............................................38 

Figure 3.5.  This figure illustrates a total of 9 facial segments (i.e., ROI) used in this 

study. The list of segments is: forehead (FH), right & left eye (RE & 

LE), nose (N), right & left cheek (RC & LC), mouth (M), right & left 

neck (RN & LN). Other areas were removed before further processing. 

A subset of 61 fiducial points (white dots) is to determine the ROIs.40 



 xvii

Figure 3.6.  Illustration of the concept of our Eigen-disfigurement model. A shows 

the longitudinal changes of a patient who underwent reconstructive 

surgery on his right mandible and neck area (highlighted by yellow 

dashed circle). As shown, major structural and textural changes occur in 

the reconstructed area. B shows images of the same patient with varying 

degrees (i.e.,  values) along the direction of the first principal 

component. As the  value deviates from 0, the degree of disfigurement 

increases. Specifically, as its value deviates towards -1, the texture/color 

of the disfigured region deviates (i.e., darker) from that of the typical 

healthy face. Moreover, as its value deviates towards 1, the structure of 

the disfigured region deviates from that of the typical healthy face. Thus 

the first principal component was sufficient to capture the disfigurement 

of the patient. ....................................................................................44 

Figure 3.7.  Illustration of how the stitching function works to create simulated faces 

with disfigurements. The stitching function finds the interpolation 

functions that follow the gradient of the learned disfigurement (gradient 

of structural and textural part inside of red boundary line in a) from the 

boundary of the target face (blue dashed line in c). Sub-figures d-h are 

simulation results for varying degrees of disfigurement. It may be seen 

that the stitching functions fs and ft smoothly connect the learned 

disfigurements of varying degrees to the target face using the unknown 

boundary of the ROI of the target face and gradient of the learned 

disfigurement. ...................................................................................48 



 xviii

Figure 3.8.  In subfigure A, the first two images from the left are from the disfigured 

dataset while the others are from the non-disfigured dataset. From left to 

right, subfigure B shows: 1) disfigurement due to a flap on the left 

mandible and neck, 2) disfigurement due to a flap around the nose and 

eye area, 3) disfigurement due to a mandibulectomy scar on the mouth 

and neck, 4) disfigurement due to a flap on the right eye and forehead, 

and 5) disfigurement due to a flap on the right eye, respectively. 

Subfigure C shows implausible results created by exaggerating the 

degree of disfigurement. Their plausible versions are shown in the first 

two simulations in B. Subfigure D shows real disfigurements. The 

patients’ pre-operative faces are the first two faces in A. .................52 

Figure 3.9.  This figure shows the 3D rendering of one of our examples. Reader may 

activate the given 3D model and maneuver the angle/view to assess the 

result of the simulation (Note: Adobe acrobat or reader is required to 

activate the 3D model). .....................................................................53 

Figure 3.10. This figure depicts the layout of the evaluation study. Observers were 

allowed to examine the given stimuli fully by rotating the rendered 3D 

faces and zooming in or out of the 3D scene. ...................................54 

Figure 3.11. This figure depicts the 3D face (A) with a large hole (missing data) in 

the neck area. That area was filled after the preprocessing step (B) and 

therefore caused higher Hausdorff distance between A and B. ........57 

Figure 3.12. This figure shows that the fourth observer gave the lowest plausibility 

ratings, while the second observer gave the highest plausibility ratings. 

These variations on ratings may indicate that observers perceive the 

plausibility of simulation samples differently. ..................................60 



 xix

Figure 4.1.  This figure shows an example 3D surface facial image with facial 

landmarks used for this study. This figure illustrates examples of 

Euclidean (yellow solid line) and Geodesic (a.k.a., Surface distance, 

yellow dashed line) distances. ...........................................................71 

Figure 4.2.  Graphical illustration of facial features that show statistically significant 

asymmetry for boy (A) and girl (B). The yellow solid line and yellow 

dashed line represent Euclidean and Geodesic distances, respectively.

 75 

Figure 6.1.  A: Example pre-operative facial photographs of patients with facial 

cancer. First and second column of images show the patients with 

neutral facial expression and peak smile, respectively. B: Example 2D 

texture images of BU-3DFE dataset. First and second column of images 

show healthy individuals with neutral facial expression and peak smile, 

respectively. C: Illustration of 27 facial fiducial points. ..................93 

Figure 6.2.  Illustration of 24 distance features (A), 24 slope (B) features [127] and 5 

facial animation parameter units (FAPUs) [184] (C) used in this study. 

24 distance features were divided corresponding one of 5 FAPUs by 

facial regions, which are eye (ES0 or IRISD0), nose (ENS0 or MNS0), 

and mouth (MNS0 or MW0). ............................................................94 



 xx

Figure 6.3.  This figure illustrates the quantitative expression measures that showed 

statistically significant differences between the patients with facial 

cancer at the pre-operative stage and healthy individuals. The first and 

second columns show the mean of each measure and the upper and 

lower bounds by its +/- standard variation from the mean. Among all 

measures, statistically significant measures are bounded by the dashed 

box. For the most cases, there were no statistically significant difference 

between the facial cancer patients and healthy individuals. All 

statistically significant expression measures are the distance-based 

measures except the measures of the patient’s right eye (the slope-based 

measures). The distances between the tip of eye and mouth are usually 

reduced when people smile. Analysis result showed that those lengths 

for facial cancer patients are less reduced than those of healthy 

individuals. Although a few slope-based expression measures showed 

statistical significance, their absolute values are around 0, which means 

there is almost no change in angle before and after forming a smile.98 

 



 
 
 

1

Chapter 1. Introduction 

1.1. PSYCHOSOCIAL DIFFICULTY IN PATIENTS WITH FACIAL DISFIGUREMENT 

The face is an integral part of one’s self-concept [1], [2] and unquestionably the 

most important attribute used to distinguish one's identity [3], [4]. A growing body of 

literature demonstrates that any condition which results in facial disfigurement can have a 

profound adverse impact on an individual’s psychological and social functioning [5]–[7]. 

The goal of this dissertation is to lay the groundwork for helping patients with 

facial disfigurement to: 1) psychosocially adjust to living with disfiguring conditions, and 

2) obtain better facial reconstructive surgery outcomes to minimize their disfiguring 

conditions. To achieve this goal, we developed quantitative measures of facial 

morphology and expression that are closely related to overall facial attractiveness and 

patients’ psychosocial functioning. Such measures will allow surgeons to quantitatively 

plan and evaluate reconstructive surgeries. In addition, we developed a modeling 

technique to simulate disfigurement on novel faces with control on the type, location, and 

severity. This modeling technique is important since it can help patients with facial 

disfigurement gain a more accurate understanding of how they are viewed in society, 

which has a strong potential to facilitate their psychosocial adjustment. 

Facial disfigurement can result from acquired illnesses (e.g., facial cancers), 

congenital conditions (e.g., cleft lip and palate), or trauma (e.g., burns). In this 

dissertation, we focused on patients with facial cancers and patients with cleft lip and 

palate, although our methods can easily be extended to help patients with facial 
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disfigurement due to other acquired illnesses or congenital conditions or resulting from 

trauma.  

1.1.1. Patients with Facial Cancers 

Patients with facial cancers are at particular risk for experiencing disfigurement as 

they may experience considerable appearance change from their illness and its treatment. 

Facial cancers are a diverse group of diseases that encompass melanoma and non-

melanoma skin cancers of the face as well as head and neck cancers involving the oral 

cavity and pharynx, lips, nose and nasal cavity, eye, and orbit. Incidence statistics aren’t 

reported for facial cancers as a group, but head and neck cancers alone are the sixth most 

common form of cancer worldwide [8], with the estimated number of new cases for 2014 

at more than 42,000 in the United States [9].   

Facial cancers can result in a range of disfiguring outcomes with nearly all 

patients experiencing some degree of visible change to their appearance in a socially 

significant part of the body (i.e., their face). Individuals undergoing facial reconstruction 

often have extensive tumors requiring radical surgical ablation of the primary site, and 

are, therefore, at heightened risk for experiencing disfigurement and functional 

impairment.  

Increasing attention is being given to evaluating the psychosocial consequences of 

facial disfigurement, particularly for patients with head and neck cancers. Although 

individual reactions to disfigurement can vary considerably, body image difficulties are 

well documented among patients with head and neck cancer [10]–[12]. Many of these 

patients report feeling discounted or stigmatized due to their appearance following 

surgical treatment [13]. Disfigurement related to head and neck cancer has also been 
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associated with worsened relationship with partners, impaired sexuality, depression, 

social isolation, and anxiety [14]–[17]. 

Reconstructive surgery can restore some facial function and ameliorate 

disfigurement, which helps patients to psychosocially adjust to living as cancer survivors. 

However, there is currently no reconstruction surgery that can fully restore a patient’s 

pre-cancerous appearance; some degree of disfigurement persists even after 

reconstruction surgery. Therefore, it is important to understand the aspects of 

disfigurement that persist after reconstruction surgery since this knowledge could 

ultimately help to improve the reconstruction process with respect to maximizing 

psychosocial benefit. 

With respect to decreasing the disfiguring aspects of treatment for facial cancers, 

patients expect to achieve two main goals from reconstructive surgery: 1) they want to 

regain their facial identity, i.e., to look like themselves again, and 2) to appear ‘normal’ to 

others. Thus, in addition to functional restoration of speech and swallowing, the success 

of facial reconstructive surgery should be evaluated in terms of how well patients’ 

aesthetic expectations are achieved.  

Human perception of facial disfigurement after reconstruction surgery can help us 

to understand the persistent aspects of disfigurement and to develop quantitative 

measures of appearance change that are psychosocially relevant. Such quantitative 

measures of facial disfigurement that could be used to systematically evaluate outcomes 

from facial reconstructive surgery would be of considerable benefit to surgeons and 

patients as these measures could be used to facilitate improvements in surgical techniques 

However, there are currently no objective measures to quantify outcomes from facial 



 
 
 

4

reconstruction to determine if patients achieve such aesthetic expectations. Only minimal 

work has been done with head and neck cancer patients to create subjective rating scales 

for evaluating the extent of disfigurement [18], [19]. 

On the other hand, changes in facial morphology due to cancer treatment can also 

have a critical impact on the formation of facial expressions, such as smiling, which are 

important in social communication. Quantitative evaluation of smiling entails objective, 

mathematical measurement of physical properties of facial expression. Such quantitative 

evaluation would enable a deeper understanding of the relationship between facial 

expression and psychosocial adjustment for patients undergoing facial cancer treatment. 

1.1.2. Patients with Cleft Lip and Palate 

Cleft lip and palate is one of the most common congenital facial deformities 

worldwide. Cleft lip and cleft palate are formed during the early part of pregnancy when 

lip or mouth roof of baby are not properly structured [20]. A baby can have cleft lip only, 

cleft palate only, or both of them. Cleft lip is further categorized as unilateral and 

bilateral when it occurs on one side and both side of lips, respectively. It is the second 

most common birth defect in the United States with prevalence of 1 in 940 newborns 

[21].   

It has been shown that the presence of cleft impairment results in negative 

perceptions of the patient’s face, such as the face being deemed unattractive [22]–[24]. 

Negative perceptions and fear of negative perceptions can have detrimental effects on a 

child’s self esteem and interpersonal relationships [25]–[27]. Thus, one goal of 

reconstructive surgery is to create normal facial appearances for children with cleft lip 

and palate to minimize negative social consequences.  
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In order to determine how a patient’s face should appear after reconstructive 

surgery, it is imperative to understand what qualities constitute an attractive or normal 

face. The four factors that have been demonstrated to correlate strongly with subjective 

assessment of attractiveness are averageness, symmetry, sexual dimorphism, and neotony 

[28]. It is important to note that “averageness” refers to the mathematical mean of facial 

features, not average attractiveness [29]. Although most of these studies draw on data 

from adult subjects, the literature suggests that these canons can be extended to children 

and adolescents [30]. Thus, in order for a surgeon to reconstruct a child’s face such that it 

will be deemed attractive or normal, the surgeon requires knowledge of the typical values 

of facial measurements for unaffected children. Since there is substantial natural variation 

in appearance across the human population, surgeons need knowledge of the craniofacial 

norm of the patient’s race and ethnic group within the patient’s age range.  

1.1.3. Facial Cancer vs. Cleft Lip and Palate  

There are several key differences between patients undergoing facial 

reconstruction for cancer and those undergoing reconstruction for cleft lip and palate. 

First, patients with facial cancers are typically middle aged adults whereas patients with 

cleft lip and palate are typically children (infants through adolesence). This is because 

facial cancers typically affect older adults whereas cleft lip and palate is a congenital 

facial defect, which is treated by a series of operations that usually begin in infancy. 

Thus, most decisions about reconstructive surgery for patients with cleft lip and palate 

fall on the patients’ parents, while patients with facial cancer using act on their own 

behalf. Second, the patient's expectations from the reconstructive surgery are different. 

Patients with facial cancers want to recover their normal appearance and regain their 
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identity, i.e., they want to return to their pre-cancer appearance, while patients with cleft 

lip and palate do not have a previous unaffected appearance that they want to restore. 

Thus, the expectation of patients with cleft lip and palate for reconstructive surgeries is 

focused more on recovering normal appearance, i.e., how well their post-reconstructed 

facial appearances fits in their community. Last, the regions where reconstruction surgery 

are performed for these two patient population are different. Cleft lip and palate primarily 

affects the nose and the mouth area, while facial cancers can happen anywhere on the 

face. 

There are also key similarities between patients undergoing facial reconstruction 

for cancer and those undergoing reconstruction for cleft lip and palate. First, they are 

similar to each other in terms of the goal of reconstructive surgery, which is restoring 

facial function and minimizing possible facial disfigurement. Second, the surgical 

planning and evaluation of reconstructive surgery outcomes for both of these patient 

populations still rely heavily on surgeons’ qualitative assessments, which can have high 

inter- and intra-variability. Thus, quantitative measures of facial morphology are needed 

to help surgeons to objectively and quantitatively evaluate the reconstructive outcomes 

and thereby improve upon them. Last but not least, they both have concerns about their 

facial appearance. Increased understanding of human perception on facial morphology 

would ultimately benefit patients by helping them develop realistic expectations of their 

post-operative appearance and enabling the development of better reconstruction 

techniques. In this respect, what we learn from the research on patients with facial 

cancers can be extended to help patients with cleft lip and plate, and vice versa. 
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1.2. METHODS FOR STUDYING THE HUMAN FACE  

One way to study facial morphology is to directly evaluate human faces using 

caliper and tape measures. Facial anthropometry is one field of research utilizing 

anatomical landmarks (or fiducial points) on an individual’s face to measure the 

morphology of his/her face. Leslie G. Farkas is one of the most famous people in 

craniofacial anthropometry. He proposed distances, angles, and ratios of distances to 

quantify human facial morphology. Some of his seminal works can be found in [31], 

[32]. Direct anthropometry is considered to be the gold standard for measurements of 

human face and has been extensively utilized in both clinical practice and research.  

However, direct anthropometry is time-consuming and expensive, as it requires 

highly trained medical professionals’ time and effort. Thus, 2D imaging modalities such 

as photography, video, and x-ray have been used to document and study the morphology 

and functions, particularly expressions, of the human face. X-ray images are utilized for 

evaluating the bony structure of the human face. In medical practice, surgical planning 

(e.g., correction of craniofacial abnormalities) is usually based on X-ray images of 

patients’ face. 2D photographs are extensively used in both clinical and research 

applications. Research applications include face recognition and human computer 

interaction based on 2D facial photographs. Numerous algorithms have been proposed to 

verify/identify a face and estimate facial expressions using the facial features extracted 

from 2D facial photographs. In clinical practice, 2D facial photographs are used to 

document the outcomes of surgery/treatment. Researchers also utilize 2D video to study 

dynamic characteristics (e.g., facial expressions) of the human face. Although 3D 

imaging systems has been developed and much research has been done last few decades, 

2D imaging approaches are used frequently in both clinical practice and research, since 
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they are less expensive and less time consuming than 3D imaging modalities. However, 

2D imaging modalities have a critical limitation; 2D photographs, 2D video, and X-ray 

images lose important depth information as they are created by projecting the complex 

3D structure of human facial morphology. In addition, it is difficult to compare facial 

morphologies at different time points using 2D images because registration is a 

challenging problem. For example, reliable registration of 2D photographs typically 

requires strict standardization in terms of head orientation, magnification, and lighting 

[33]. 

3D imaging modalities can retain full 3D geometric information of the human 

face. Thus, they do not suffer from the above problems (registration, lighting, and etc.) 

that 2D imaging modalities have. Earlier 3D imaging systems utilized a laser scanner and 

2D camera to reconstruct the 3D surface facial image. A laser scanning system first scans 

the face to compute its distance from the laser source to reconstruct the geometric 

information of the face. Then, a 2D camera takes color information of the face. Usually, 

there are a few seconds of delay between acquisition of the geometric and color 

information of the face. This causes some discrepancy between the geometric and color 

information of the final reconstructed 3D face. To remove such discrepancies, most 

recent 3D imaging modalities utilize stereophotographic methods rather than laser 

scanning. A stereophotographic 3D imaging system typically consists of multiple 

cameras with known geometry. It acquires both geometric and color information of the 

face simultaneously (or within few micro seconds delay) and, therefore, there is no 

discrepancy between those two components of the reconstructed 3D face.  
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In this dissertation, we therefore focused more on 3D facial images obtained from 

stereophotographic imaging systems (3dMDCranial and 3dMDFace from 3dMD Atlanta, 

GA) than 2D photographs for evaluating facial morphology of a given face. For the case 

of facial expression, we used 2D facial images, but our method is readily applicable for 

3D facial images.  

1.3. CURRENT QUANTITATIVE ANALYSIS ON THE FACE 

Quantitative analysis of the face is a highly active research area in image 

processing and computer vision. Numerous algorithms have been proposed for 

applications in face recognition, human computer interaction, and etc. Such algorithms 

quantify facial morphology to achieve goals such as identifying/verifying given faces 

from database and analyzing facial expressions.   

We briefly review the previous research on quantifying facial morphology for 

both medical and non-medical applications as some prior work outside of the medical 

field is still directly applicable for evaluating the reconstructive surgery outcomes.  

1.3.1. Quantification of Facial Morphology in Face Recognition Algorithms 

Based on how they quantify the facial morphology, face recognition algorithms 

for 2D images can be divided into two types: feature-based and holistic. Feature-based 

approaches first identify facial features such as eyes, mouth, and nose as well as fiducial 

points (landmarks) to compute geometric relationships (e.g., Euclidean distance) between 

those features and fiducial points. Then, various standard statistical pattern recognition 

algorithms are applied to match the geometric information of faces. Various types of 

facial features are extracted from the facial images for the recognition task. Geometrical 

features such as distances, ratios of distances, areas and angles are straightforward 
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features for frontal view images [34]–[38] and for profile view images [37], [38]. One of 

the well-known and successful feature-based face recognition algorithms for 2D images 

is elastic bunch graph matching (EBGM) method proposed by Wiskott et al. [39]. In 

EBGM, fiducial points such as eye, mouth, and nose are chosen and labeled by Gabor 

wavelet coefficient on those fiducial points. A graph connecting those fiducial points and 

the associated 2D Euclidean distances are used to represent a face. 

Holistic approaches employ information from the entire face rather than local 

features of the face. Statistical and machine learning methods have been utilized for these 

approaches. The simplest holistic approach was to employ to direct correlation between 

the query face and all other faces in the database [40]. Later Turk and Pentland [41] 

proposed an algorithm based on Principal Component Analysis (PCA) by building 

eigenfaces (which are eigenvectors associated with the dominant eigenvalues of the 

covariance matrix of training faces) and projecting the query face along eigenfaces to 

determine if the query face exists in the database. Another statistical analysis method, 

Fisher’s Linear Discriminant Analysis, which finds the projection matrix that maximizes 

the discrimination between the different classes in the projected space, was utilized in 

[42]. Building on these works, numerous algorithms that extend the standard PCA or 

LDA have been proposed (PCA-based: e.g., [43]–[48], LDA-based: e.g., [49]–[58]). 

Other popular holistic techniques used for face recognition include: 1) independent 

component analysis (ICA) which seeks independent image decomposition and 

representation [59]–[64], and 2) various wavelet transform and non-negative 

factorizations [65]. In addition, sparsity has been extensively studied for face recognition 

when there exists partial occlusion, expression, and pose variation of faces in images. 
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Sparse Representation-based Classification (SRC) by Wright et al. [66] is the seminal 

work for the above problems. In the SRC framework, the precise choice of facial features 

for the recognition is no longer important; instead, what is critical is whether enough of 

the face is available to enable an effective sparse representation. After this work, sparsity 

has been exploited in numerous studies. Some recent examples include [67]–[69]. 

Due to recent improvements in 3D acquisition technology, 3D face recognition 

has been getting much attention. Similar to 2D face recognition algorithms, we can 

broadly divide existing 3D face recognition algorithms into two groups based on how 

they quantify the facial morphology: Local feature based and holistic approaches. Among 

studies utilizing local facial feature properties, facial profile curve, especially the central 

vertical facial profile, was used in numerous studies for identifying individuals. Some 

examples include [70], [71]. Local geometric features of facial sub-regions including 

their 3D position in the space, surface area, curvatures, 3D Euclidean and Geodesic 

distances, 2D and 3D Gabor coefficient in the local region, ratios of distances, joint 

differential invariants, and angles between the local facial regions were also utilized for 

3d face recognition [72]–[78]. For examples, Gupta et al. [77] proposed a 3d face 

recognition algorithm which utilized geodesic and Euclidean distances between 10 

automatically annotated clinically meaningful fiducial points [32]. Jahanbin et al. [78] 

introduced a multimodal face recognition algorithm, which employs both 2D and 3D 

Gabor coefficient around fiducial points such as the inner eye corner. 

Holistic approaches can be further categorized into two types: 1) 3D appearance-

based techniques that are straight extensions of successful 2D appearance-based 

approaches, 2) comparison between pairs of 3D facial images after rigid or non-rigid 
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registration. A few examples of using 3D appearance-based techniques include statistical 

subspace projection methods such as PCA [79], ICA [80], LDA [81], [82], and machine 

learning techniques such as HMM [83], [84]. In addition, Iterative Closest Point (ICP) 

algorithm [85], which iteratively rotates and translates one 3D model to fit another until 

the difference between them is minimized, was used extensively for the rigid or non-rigid 

registration approaches [77]. A few examples include [86]–[89]. In addition, some studies 

utilized an intrinsic representation of facial surface using multi-dimensional scaling that 

is invariant under facial expression [90]. Non-rigid warping of one facial surface to 

another using non-elastic deformation [91] and elastic deformations [80] of facial 

geodesic curves are other examples of rigid and non-rigid registration approaches.  

Among these previous algorithms, local feature based approaches are more 

applicable to the clinical setting. This is because holistic features are difficult to interpret; 

they only provide abstract information (e.g., first eigen-vector) of the face rather than that 

of facial features (e.g., distance from tip of nose to subnasale) that reconstructive 

surgeons can actually use for surgical planning and evaluating the outcomes.  

1.3.2. Quantification of Facial Morphology in Clinical Setting 

Many previous studies have proposed quantitative measures of facial appearance 

and related those measures to various subjective ratings on facial morphology such as 

facial attractiveness [30], [31], [92]–[98]. These studies utilized distances between 

landmarks (fiducial points) or proportions formed from such distances to quantify facial 

morphology.  

Facial measurements can be made either on photographic images 

(anthropometrics) or on x-ray images (cephalometrics). Although cephalometrics provide 
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good bony facial measurements, which have been related to the subjective opinion of 

facial attractiveness (e.g., [22], [25]), it requires subjects to be exposed to unnecessary 

radiation as it uses x-ray to create radiograph images. In this respect, anthropometrics 

using 2D or 3D photographs has received attention over cephalometrics. 2D photographs 

have been heavily used over 3D photographs since they are easier and cheaper to obtain 

than 3D photographs. However, as previously mentioned, 2D photographs lose important 

depth information and therefore contains only partial information of facial morphology, 

which makes it difficult to compare facial morphologies at different time points. 

Thus, this dissertation focuses on geometric features such as distances, areas, and 

volumes from 3D facial images as a way to quantify the facial morphology. These 

geometric features have an advantage in developing evaluation measures since those 

features can be directly related to surgical actions.  

1.3.3. Quantification of Facial Expression in Engineering 

Human facial expressions have been studied extensively in computer vision. In 

the computer vision literature, the main focus has been on recognition/classification of 

facial expressions in order to develop better human computer interaction algorithms [99]. 

Automatic facial expression analysis includes series of steps: 1) face acquisition, 

2) facial feature extraction, and 3) facial expression classification [100]. Face acquisition 

refers to locating the face in a given image or image sequence using a face detection 

algorithm such as Viola-Jones [101]. After this acquisition step, various preprocessing 

steps are conducted to segment the located faces and then normalize the scale and pose of 

the extracted faces. Then, facial features that are related to facial expressions are 

extracted and tracked in the facial feature extraction step. After that, various classification 
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algorithms such as Hidden Markov model (HMM) method are applied to estimate facial 

expressions. The ground truth of facial expressions for these algorithms were determined 

using either expert-based judgments on overall expressions of a given face (whether it 

shows an expression of happiness, sadness, disgust, fear, or etc.) or combinations of 

localized coding scheme such as Facial Action Coding System (FACS) [102]. FACS 

consists of 44 action units (AUs) for describing possible facial actions that human could 

pose. Using FACS, facial expressions can be explained by combinations of those 44 AUs. 

Since this dissertation is interested in how to quantify facial expression in clinical setting, 

we briefly reviewed the previous research in terms of facial feature extraction methods 

that those studies have used. 

Similar to face recognition algorithms, facial expression analysis algorithms can 

be divided into two categories: local-based and holistic-based. Local-based approaches 

utilize local characteristics around mouth and eye areas, which are highly variable when 

people pose facial expressions. Some previous studies [103]–[105] utilized changes in 

image intensity around mouth and eye areas to extract facial expression from given 

images. Many other previous studies [106]–[113] exploited the facial geometry to 

recognize given facial expressions. In these studies, the fixed amount of fiducial points 

were placed on key facial points such as the corner of eye or mouth, to represent facial 

morphology. Angles, Euclidean distances, and ratios of distances were used to quantify 

facial morphology. Then the algorithms track the changes in location of the fiducial 

points between facial images to estimate AUs of the face. They set up various rules to 

determine which AU a given face poses. For example, one study [106] set a rule for the 
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evidence of raising the mouth corner when distance between the inner eye corner and the 

outer mouth corner decreases.  

On the other hand, holistic-based approaches utilize the overall facial shapes as 

facial features to estimate the facial expressions of given images. Some algorithms 

directly utilized either whole facial images [114]–[116] or Gabor filtered facial images 

[114], [115] to recognize facial expressions. Other studies [117]–[120] exploited holistic 

facial motions using dense optical flows. Lantis et al. represented key facial features and 

their spatial relationship using Point Distribution Model (PDM) on the face [121]. Then, 

they used Active Shape Model (ASM) [122], which is a parameterized description of the 

face, to locate facial features of given facial images. Both shape and texture extracted 

from the images were used to estimate the facial expressions. In addition, some existing 

works [113], [123], [124] utilized the Gabor jets (coefficients of Gabor wavelets with 

various scales and orientations) around fiducial points on the face to recognize the facial 

expressions by comparing the Gabor jets to those of the reference model. Previous works 

using ASM and Gabor jets are similar to fiducial point based local approaches. However, 

these studies exploited the extracted information (e.g., facial shape or Gabor jets) as a 

whole while local-based approaches were further extracting quantitative measures (e.g., 

Euclidean distances) out of selected fiducial points. 

As 3D imaging technologies emerged, 3D facial expressions databases became 

available [125]. Both holistic and local-based approaches have been introduced using 

such database. Wang et al [126] developed holistic approaches using primitive 3D facial 

expression features such as surface curvatures extracted from the 3D facial expression 

images. They compared the distribution of primitive 3D features in facial segments (e.g., 
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left and right eye, nose, and mouth) of given 3D facial images to recognize 6 facial 

expressions (anger, disgust, fear, happiness, surprise, and sadness). In the case of local-

based approach, Tang and Huang [127] utilized 96 facial features including length-

normalized distances and slopes between the subset pairs of 83 fiducial points on 3D 

facial images. Using those facial features, they built a multi-class support vector machine 

(SVM) to classify given facial expressions into 6 facial expressions.  

Similar to the review on face recognition algorithms, local-based approaches, 

especially for fiducial point based methods, are more applicable for clinical settings than 

holistic approaches. This is because of the applicability of the learned information to 

surgical actions. Although Gabor jets are useful for recognizing facial expressions, health 

care providers do not have a medium to apply it to the surgical planning and the outcome 

evaluation.  

1.3.4. Quantification of Facial Expression in Clinical Setting 

There are two areas of prior focuses in clinical research utilizing quantitative 

analysis on facial expressions of patients: patients with facial paralysis and patients with 

neuropsychiatric disorders such as schizophrenia. The main focus of previous studies on 

patients with facial paralysis was to evaluate the outcome of facial reanimation surgery. 

Facial reanimation surgery refers to surgical actions including muscle transfer and nerve 

grafting to re-establish spontaneous and intended facial motion in paralyzed side [128]. 

These studies utilized distances and angles between landmarks (fiducial points) to 

quantify changes in facial morphology during facial motions (i.e., facial expressions). 

Using such distances and angle measures, they [128], [129] quantitatively measured the 

visual improvement after facial reanimation surgeries. Various imaging modalities were 
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used to quantify facial expressions: 2D facial photographs (e.g., [128], [129]), videos 

(e.g., [130]), and 3D facial images (e.g., [131]).  

Schizophrenia is a type of mental disorder characterized by patients being unable 

to deliver their thought and emotion harmoniously [132]. The main goal of previous work 

on patients with schizophrenia is to evaluate the current status and the prognosis of 

patients during the treatment. Only a few prior studies were based on quantitative 

analysis of facial expressions for this particular patient population. Verma et al. [133] 

proposed a geometric feature-based method to quantitatively analyze facial expressions 

from 2D photographs. They divided the face into several regions and computed a non-

rigid deformation from each region of the face with no expression (or neutral) to the 

corresponding region of the expressive face. From the same research group, quantitative 

facial expression analysis methods have been proposed for different imaging modalities 

such as video and 3D surface imaging [134], [135]. Although their quantitative methods 

showed promising results for patients with schizophrenia, their methods depend on the 

changes in facial regions (e.g., eye or nose region) rather than distances/ratios between 

facial landmarks (fiducial points). Since facial region based methods are more difficult to 

interpret than distance/ratio based methods and they require complex computation to 

provide quantitative expression analysis results, they are less likely to be adopted for 

clinical use.  

1.4. SUMMARY 

Patients with facial disfigurement are at higher risk for psychosocial difficulties 

than other patients because face is one of the most socially important body parts of 
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human. Patients undergo a series of reconstructive surgeries to recover facial function 

and reduce the adverse impact of facial disfigurement on their psychosocial functioning.  

A quote from a Scottish physicist William Thomson, also known as Lord Kelvin, 

claims the importance of quantitative analysis by stating, "if you cannot measure it, you 

cannot improve it." Patients with facial disfigurement seek improvement of their 

appearance through reconstructive surgeries. However, surgical planning and the 

evaluation of reconstructive outcomes still heavily relies on surgeons' qualitative 

assessments which makes it challenging to measure and is thereby difficult to improve.  

Thus, this dissertation research aims to help patients with facial disfigurement by 

developing quantitative measures that are related to 1) human perception of faces, and 2) 

the patient’s internal status (i.e., psychosocial functioning). Such measures can be used to 

improve surgical practice and help patients with disfigurement to psychosocially adjust to 

their disfigurement. 

The remainder of this dissertation presents quantitative analysis of facial 

morphology and expression with respect facial disfigurement. In Chapter 2, we review 

the facial image datasets that this dissertation used. In Chapter 3, we develop an 

algorithm allowing us to study the human perception of facial disfigurement by applying 

the disfigurement on other faces with control of the location, type, and degree of 

disfigurement. Chapter 4 proposes quantitative measures of facial morphology that can 

measure the asymmetry of faces. In Chapter 5, we attempt to develop quantitative 

measures that are closely correlated with the human perception on facial attractiveness. In 

Chapter 6, we introduce measures that can quantify facial expression, particularly smiling 

intensity. Then, we attempt to relate our quantitative facial expression measures with the 
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psychosocial functioning of patients with facial cancers in Chapter 7. In Chapter 8, we 

conclude this dissertation by summarizing our findings and discussing how such findings 

will help us to improve the quality of life of patients with facial disfigurements.   
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Chapter 2. Datasets 

2.1. FACE IMAGE DATASETS OF PATIENTS WITH FACIAL CANCERS 

Two image datasets of this dissertation consist of 2D and 3D images of patients 

with facial cancers aged 18 or older who underwent or were scheduled for reconstructive 

surgery at The University of Texas MD Anderson Cancer Center, Houston, Texas USA. 

Data were collected with the approval of the MD Anderson Cancer Center Institutional 

Review Board (IRB). There is a The University of Texas at Austin IRB protocol for 

allowing the use of these datasets for this dissertation research. The overall goals of the 

ongoing protocol for this dataset are to investigate how patients with facial cancer feel 

about the changes in their physical appearance and to develop quantitative measures of 

their appearance computed from 2D and 3D facial images. To date, a total of 150 patients 

were recruited into this ongoing study. 

2.1.1. 2D Dataset 

A Canon EOS REBEL Tli (Canon, USA) was used to obtain anterior posterior 

(AP), left and right lateral (LAT), and left and right oblique (OBLQ) facial photographs 

of 150 patients. 2D facial photographs were taken at 5 time points: prior to beginning 

reconstruction (pre-operative), and at 1, 3, 6, and 12 months following the primary 

reconstructive surgery (post-operative). If a participant has not completed the 

reconstructive process by 12 months, a final time point is added to obtain a 2D facial 

photograph at the conclusion of reconstruction. For AP photographs only, three AP 

photographs were obtained from each patient: one with a peak smile (patients were asked 
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to smile as they reflected on a time in their life when they were extremely happy and 

overjoyed), one with a mild smile (patients were asked to smile as they think an 

experience in their life when they were satisfied or content to the extent that it caused 

them to have a slight smile), and another with neutral expression. Figure 2.1 depicts a 

total of 14 2D facial photographs of a patient at the pre-operative and the 3 month post-

operative visit. Part of this 2D dataset was used to conduct the studies described in 

Chapter 6 and Chapter 7.  

2.1.2. 3D Dataset 

This dataset includes 3D facial images of patients with facial cancer undergoing 

facial reconstruction at 5 time points: prior to beginning reconstruction (pre-operative), 

 

Figure 2.1. Images at the first row show a total of 7 2D facial photographs of a patient 
at his pre-operative visit. AP Neutral, AP Mild, AP Peak refer to 2D 
Anterior Posterior (AP) photographs with neutral, mild, and peak smile, 
respectively. Images at the second row show a total of 7 2D facial 
photographs of the same patient at his 3 month post-operative visit. He 
underwent mandibulectory followed by primary closure of the resulting 
wound to remove tumor in his oral cavity and mandible. 
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and at 1, 3, 6, and 12 months following the primary reconstructive surgery (post-

operative). If a participant has not completed the reconstructive process by 12 months, a 

final time point is added to obtain a 3D image at the conclusion of reconstruction. Similar 

to the 2D dataset, a total of three 3D facial images were taken from each patient: one with 

a peak smile, one with a mild smile, and another with neutral expression, with each 

expression evoked as described for the 2D image data set above. Figure 2.2 depicts a total 

of 6 3D facial images of a patient at the pre-operative and the 3 month post-operative 

visit. These 3D photos were obtained using the 3dMDcranial System (3dMD, Atlanta, 

GA). The part of this 3D dataset was used to conduct the study described in Chapter 3.  
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2.2. 3D FACE IMAGE DATASET OF HEALTHY HISPANIC/LATINO WHITE CHILDREN 

This image dataset consists of 82 3D craniofacial images of healthy 

Hispanic/Latino White children who are currently residing in Central Texas, USA. The 

term Hispanic/Latino refers to individuals of Spanish culture or origin. Thus, the 

composition of the Hispanic/Latino White group can be very different in different regions 

of the US. According to US Census data, Hispanic/Latino Whites currently residing in 

Central Texas, USA most typically identify their origin or ancestry as Mexico [136]. A 

 

Figure 2.2. Images at the first row show a total of three 3D facial images of a patient at 
his pre-operative visit. From left to right, this figure shows 3D facial images 
with neutral, mild, and peak smile, respectively. Images at the second row 
show a total of three 3D facial images of the same patient at his 3 month 
post-operative visit. 
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total 41 boys and 41 girls whose ages ranged from 7 to 12 years were recruited at Dell 

Children's Medical Center of Central Texas under an approved IRB protocol. A 

3dMDCranial system (3dMD, Atlanta, GA) was used to obtain all 3D craniofacial 

images. Figure 2.3 shows examples of 3D facial images of this dataset. This dataset was 

used to conduct the studies described in Chapter 4 and Chapter 5. 

2.3. 3D FACE IMAGE DATASET OF HEALTHY CONTROL 

We used the Binghamton University 3D Facial Expression (BU-3DFE) Database 

as a source of images of non-disfigured individuals [125]. It is a publically available 3D 

face database of 3D facial images acquired using the 3dMDface system manufactured by 

3dMD (Atlanta, GA). The database consists of 2500 3D facial expression models of 100 

adult human subjects. The database contains 56 female and 44 male subjects, ranging age 

from 18 to 70 years, with the major ethnic groups of White, Black, East-Asian, Middle-

east Asian, Indian, and Hispanic Latino. Each subject performs seven different 

 

Figure 2.3. Examples of 3D facial images of healthy Hispanic/Latino children. 
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expression, which are neutral, happiness, disgust, fear, angry, surprise, and sadness, in 

front of the 3dMD face system. Each facial expression includes 4 intensity levels except 

for the neutral expression. Figure 2.4 depicts example 3D facial images with 7 different 

facial expressions from this dataset. 3D facial images with neutral expression in this 

dataset were used as target faces on which the disfigurement simulations were applied 

(Chapter 3). In addition, they were served as the healthy control group for the studies 

described in Chapter 6 and Chapter 7.  

 

 

Figure 2.4. Examples of 3D facial images of a healthy subject. 6 facial expressions are 
at their maximum levels (i.e., level 4). 
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Chapter 3. Eigen-disfigurement Model for Simulating Plausible Facial 

Disfigurement after Reconstructive Surgery 

We introduce a framework to learn and extract facial disfigurements from real patient 

data that persist after oncologic and reconstructive surgery of facial cancers, and 

subsequently to model and apply such disfigurements on novel faces with a high degree 

of control of disfigurement types. The modeling scheme will allow future systematic study 

of human perception of disfigurement. Quantitative analysis of simulated disfigurements 

will enable us to develop quantitative measures that are closely related with human 

perception of facial disfigurement. A preliminary version of the study described in this 

chapter was presented at the 26th International Congress and Exhibition of Computer 

Assisted Radiology and Surgery in June 2012 [137]. This work is currently under review 

for publication in a peer-reviewed journal. 

3.1. BACKGROUND 

Individuals with difficulties adjusting to facial cancer are clearly concerned about 

how others perceive and evaluate their appearance [5]. However, there is a significant 

gap in knowledge regarding how others actually perceive and process disfigured faces. 

Information about the threshold at which disfigurement is noticeable and which aspects 

of disfigurement are most salient would benefit patients and healthcare providers alike. 

These data could be used to inform psychological interventions that help patients with 



 
 
 

27

facial disfigurement gain a more accurate understanding of how they are perceived in 

society, which has a strong potential to facilitate their psychosocial adjustment. 

The best way to study the human perception of facial disfigurements is to show 

patients with facial disfigurement to human observers directly, and asking them to answer 

how they perceive the disfigurements. However, it is not feasible to recruit real patients 

for such an observer study. An alternative way is showing the observers 2D/3D 

photographs or videos of patients with facial disfigurement. However, such approaches 

possess critical weakness; we cannot control the degree and location of facial 

disfigurement.  

Therefore, it is crucial to have a mathematical model to simulate facial 

disfigurement resulting from facial cancer treatments. This will allow us to control the 

degree and location of facial disfigurement, while removing the effect of the natural 

variability in facial morphology. For example, some patients may have more noticeable 

disfigurement than others, even if they underwent the same reconstructive procedure. 

Since we cannot control these variations, it is evident that they will add uncertainty to any 

model of the human perception of facial disfigurement. Using a mathematical model to 

create realistic simulations of disfigurement will enable control over the location and 

level of disfigurement. Moreover, such a model will make it possible to apply the same 

disfigurement to the faces of people of different ages and genders. 

Here we present a new strategy that enables realistic modeling of the types of 

disfigurement that persist following facial cancer treatment and reconstructive surgery. 

Our approach employs 3D surface facial images of patients with facial disfigurement. 

This tool can be applied to other faces to provide control of the location and degree of 
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disfigurement. We utilize Principal Component Analysis (PCA) to capture longitudinal 

structural and textural variations found within each patient with facial disfigurement over 

the treatment. We treat such variations as disfigurement. Each disfigurement is smoothly 

stitched on a healthy face by seeking a Poisson solution to guided interpolation using the 

gradient of the learned disfigurement as the guidance field vector. To show the usefulness 

of the proposed disfigurement model, we quantitatively evaluated the modeling technique 

and also conducted an observer study using experienced medical professionals in which 

they evaluated the appearances of the simulated facial disfigurement. 

3.2. RELATED WORK 

Simulating surgical outcomes on the human face has been extensively studied. In 

the field of computer-assisted surgery, its main focus has been on simulating the possible 

changes that arise from craniofacial surgery using volumetric reconstruction of patients’ 

CT data and/or 3D surface facial images. Most previous studies have tried to estimate 

soft tissue changes after the correction (such as osteotomy) of bony parts of the face 

[138]–[144] by using modeling techniques, including physics based models such as the 

Finite Element Model (FEM).  

Within the field of plastic surgery, much effort has been expended toward 

predicting the outcomes of facial aesthetic surgery. For example, many algorithms have 

been proposed to predict outcomes of rhinoplasty by using computer graphic and image 

processing techniques on the patients' 3D surface facial images or 3D rendering of 

volumetric reconstructions of their CT images [145]–[149]. The techniques used in these 

studies include: 1) warping the surface image using free form deformation based on B-

spline interpolation [148], 2) directly morphing the volumetric reconstructed patient's CT 
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image [146], 3) morphing the patient's surface image [145] using Laplacian surface 

editing, and 4) applying volumetric Laplacian editing (extended version of Laplacian 

surface editing [150]) to the CT images of patients [149].  

Recently, Bottino et al. [151] introduced a simulation tool for facial aesthetic 

surgery. In their work, once a 3D surface facial image with a selected target region (e.g., 

nose, chin, mouth) for the aesthetic surgery is submitted, their system searches the k most 

similar faces in their face database using the entire face area except the target region. 

Then the facial target regions of the k most similar faces suggested by the system as well 

as their average are used to morph the original target region of the patient. They 

evaluated their system using panel ratings of laypersons and reported that the simulation 

with the mathematically averaged facial target region obtained the best panel 

attractiveness rating for most of their simulation cases.  

However, no prior studies considered the facial disfigurement that remains after 

reconstructive surgery. From the results of previous work, there exists a limitation on 

helping patients who have to live with permanent facial disfigurement. This implies a 

significant need for developing modeling a strategy such as our disfigurement modeling 

technique.   

Moreover, previous studies do not account for any textural appearance changes 

that arise from surgical treatment. This is because these prior methods focus on overall 

structural changes, and not on any disfigurement remaining after the surgery. However, 

some reconstructive surgeries on patients with facial cancer (e.g., reconstruction of the 

orbit using his/her own tissue) can entirely change the textural appearance of the face. 
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Hence, modeling strategies that can incorporate textural aspects of disfigurement are also 

worthy of study and implementation. 

3.3. METHODS 

3.3.1. Dataset: Disfigured Faces 

In order to develop surgically plausible models of facial disfigurement, it is 

crucial to have 3D facial images of patients who have had excisions of facial tumors and 

reconstruction of structures in the face. We used the subset of the image dataset of 3D 

facial images described in Chapter 2.1.2 for this study.  

To learn structural and textural changes over time due to the reconstruction 

process, we utilized images of patients who had completed pre-op and at least 3 post-op 

visits (i.e., any three of 1, 3, 6, and 12 month post-op visits) to develop a model to 

simulate disfigurement on other faces. Among those patients, we removed any patients 

whose 3D images showed no visible disfigurement, who did not have their 3D facial 

images taken, or whose 3D images contained substantial artifacts introduced by problems 

in the acquisition process (e.g., calibration errors). After that, a total of 17 patients (3 

females and 14 males, 79 images in total) were included in this analysis. Their ages 

ranged from 50 to 83 (mean: 64). Among 17 patients, 7 patients had visible disfigurement 

in their mid-face area only (eye, nose, or mouth area), while 10 patients had visible 

disfigurement in the periphery (forehead, cheek, chin, or neck area). We tabulate the 

information regarding each disfigured face region, the disease characteristics, and its 

location for those patients in Table 3.1.  

All 3D images were cropped to remove unnecessary regions (e.g., clothes and 

back of the head) when developing the facial disfigurement models. The number of 
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vertices in the 3D images after cropping ranged from 50,000 to 70,000. Although such 

number of vertices is enough to show the morphology of the face, it is not enough to 

adequately capture the texture. There is still a lack of texture detail when we rendered the 

face interpolating the color information at each vertex. To solve this problem, we 

increased the resolution of 3D images by subdividing the 3D images linearly. Each 

triangle was divided into 4 triangles using a new vertex that is linearly interpolated. Color 

information (RGB) at the newly identified vertices was extracted from the corresponding 

location of the original 2D texture image. The final number of vertices after the 

subdivision process ranged from 150,000 to 200,000. Figure 3.1 depicts an example of 

pre- and post-operative 3D facial images of a patient who underwent oncologic and 

reconstructive surgery. 

 

 

Figure 3.1. Example pre-operative (A) and post-operative (B) 3D facial images of one 
patient who underwent right neck composite resection followed by 
reconstructive surgery using the anterolateral thigh free flap. 
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Table 3.1. Demographic information, diseases characteristics, and location of 
disfigurement on the faces 

 
Patient ID Age Ethnicity/Race Gender 

Disfigured 
Region 

# of 
Images 

Histology Disease Site 

P
er

ip
h

er
y 

P1 60 
Non Hispanic/Latino 

White 
Male M, LC, LN 5 SCC 

Oral cavity, 
Mandible 

P2 65 
Non Hispanic/Latino 

White 
Male RC, RN, LN 5 SCC Oral cavity 

P3 68 
Non Hispanic/Latino 

White 
Male LC, LN 5 SCC Cheek 

P4 83 
Non Hispanic/Latino 

White 
Male FH, LC 5 Sarcoma Forehead/Scalp 

P5 66 
Non Hispanic/Latino 

White 
Male M, LC, LN 5 SCC Mandible 

P6 65 
 Hispanic/Latino 

White 
Male M, RC, RN 4 SCC Mandible 

P7 67 
Non Hispanic/Latino 

White 
Female RC, RN 5 SCC Ear 

P8 62 
Non Hispanic/Latino 

White 
Female M, RC, RN 4 SCC Oral cavity 

P9 50 
Non Hispanic/Latino 

White 
Male M 5 SCC Oral cavity 

P10 67 
Non Hispanic/Latino 

White 
Male 

M, LC, RC, 
LN, RN 

4 SCC 
Oral cavity, 
Mandible 

M
id

-F
ac

e 

M1 65 
Non Hispanic/Latino 

White 
Male FH, LE, N, RE 4 SCC Orbit 

M2 59 
Non Hispanic/Latino 

White 
Male N, M, RC 5 SCC Maxilla 

M3 53 
Non Hispanic/Latino 

White 
Male RE, N, RC 5 BCC Orbit 

M4 59 
Non Hispanic/Latino 

White 
Male N, LE, LC 5 Sarcoma Nose 

M5 79 
Non Hispanic/Latino 

White 
Male LE, LC 5 Sarcoma Maxilla 

M6 57 
 Hispanic/Latino 

White 
Male LE 4 ACC Maxilla 

M7 70 
Non Hispanic/Latino 

White 
Female N 4 Melanoma Nose 

FH: Forehead, LE: Left Eye, N: Nose, RE: Right Eye, LC: Left Cheek, M: Mouth, RC: Right Cheek, LN: 

Left Neck, RN: Right Neck, SCC: Squamous Cell Carcinoma, BCC: Basal Cell Carcinoma, ACC: 

Adenoid Cystic Carcinoma 
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3.3.2. Dataset: Non-disfigured Faces 

The surgically plausible disfigurement models are added to 3D facial images of 

non-disfigured individuals to evaluate the quality of the model. We used the Binghamton 

University 3D Facial Expression (BU-3DFE) Database described in the chapter 2.3. 

Among the available 2500 facial images, we utilized only the raw 3D images (i.e., 

without cropping) of neutral expression faces. A total of 91 raw 3D images were used 

after removing 9 images having a missing neck area. Just as with the dataset of disfigured 

faces, all 91 images were cropped to remove unnecessary regions and their resolution 

linearly increased to 150,000 – 200,000 vertices.  

3.3.3. Preprocessing 

3.3.3.1. Establishing Full Correspondence of Examples 

In order to model both structural and textural disfigurements, it is necessary to 

establish full correspondence of all faces. This is a difficult problem as: 1) each face has a 

different number of vertices and 2) 3D images obtained from the 3dMD system contain 

various types of noise, such as holes (missing data). The 3dMD system projects a random 

speckle pattern on the face, and uses that pattern to create the 3D images of subjects 

using triangulation. Oily areas of the face (e.g., foreheads or cheeks) or facial hair (e.g., 

mustaches) often result in reflecting the speckle pattern from the 3dMD system. As a 

result, holes remain in such areas since there is no pattern to match by triangulation. To 

solve these issues and to achieve a good correspondence between all of the faces, a 

mannequin facial model was used (Figure 3.2.A). This facial model was treated as a 

reference that was warped to reproduce each patient’s facial morphology. We set the 
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number of vertices of the mannequin facial model to be 150,000. We placed denser 

vertices on the mid-face area than on peripheral areas since the mid-face has more 

complex structures than do peripheral areas. Note that there exist fully automated 

algorithms for establishing dense correspondences between healthy faces (e.g., [152]). 

However, no algorithm has been validated for faces with disfigurement, and therefore we 

used the semi-automatic method described below to establish dense correspondences 

between the faces.  

The first step taken was to manually annotate (by the author) a set of 61 fiducial 

points on the 3D surface images. The fiducial points used are shown in Figure 3.2.A-B. 

The point set consists of: 1) 45 key fiducial points defined according to the rich literature 

on human facial anthropometry [31], for which there are established specifications of 

 

Figure 3.2. A total 61 fiducial points (white dots) are used to establish full 
correspondences between samples. The fiducial points are manually 
annotated on both a 3D mannequin facial model (A) and a 3D facial image 
of a patient (B). After completing all correspondence steps, his original 3D 
face was fully reproduced using the 3D mannequin facial model (C). Note 
that the algorithm fills any holes on the original 3D facial image of the 
patient. 
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their locations, 2) 16 additional points outlining facial structures (e.g., eye, nose, and lips) 

and the entire facial boundary. It has been shown that most facial fiducial points can be 

identified reliably by human observers [153]. In practice, annotating these fiducial points 

for most faces can be done in approximately 5 minutes. After the annotation, we roughly 

aligned all faces (including the mannequin facial model) by translating the tip of the nose 

of each face to the point at (x y z) = (0, 0, 5) cm, to cause the centroid of the vertices of 

the face to be located near the origin. 

The second step is to conform the size and location of the reference face model M 

to a given 3D surface image M* using the Procrustes method [154]. The fiducial points of 

M and M*, L, and L*, respectively, are used to find an affine transformation matrix to fit 

M to M*.  

The third step is transforming both M and M* (as well as L and L*) to a frontal 

orientation with the forehead titled back by 10 degrees relative to the vertical axis, then 

transforming the representation to a cylindrical coordinate system (z), where 

and z represent the radial, the azimuth, and the height, respectively.  

The fourth step is to warp M to M* using the fiducial points L and L* as control 

points. L and L* are used to create a deformation function that warps M to M*. This study 

used the Thin-Plate Spline method [154], which minimizes a bending energy (or 

distortion) while maximizing the fit of M to M*, to compute the deformation function. 

The resulting deformation function was used to warp M.  

The last step is to fully reproduce the given face model M* using the set of 3D 

vertices associated with the reference face model M. This is done by linearly interpolating 

for each point (z) of M using the values (z) of M* as interpolants. Likewise, the 
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RGB color values at each vertex of M were interpolated using these of M*. After this step, 

full correspondence of the resulting reproduced faces can be automatically achieved as 

they are generated from the same reference face model M (Figure 3.2.C).  

3.3.3.2. Post-operative Images with Missing Fiducial Points 

As previously mentioned, a patient may lose large portions of his/her face to 

disease and require a reconstructive surgery that substantially changes his/her facial 

morphology. In particular, he/she may need a reconstructive surgery in which a “flap”, a 

unit of tissue, usually comprised of skin, fat, muscle, bone or some combination of these 

types of tissue, is transplanted from another part of the body, such as the arm, leg, or 

trunk, and vascularized by an arterial input and venous output. For example, patients who 

underwent orbital exenteration followed by reconstructive surgery using an autologous 

flap are missing a substantial amount of the eye region of their faces and so do not have 

associated fiducial points available. To allocate fiducial points on the missing facial 

portion, we used the fiducial points of the same patient’s pre-operative image. To do so, 

we first aligned the pre-operative and post-operative images using the unaffected fiducial 

points. Then, the missing fiducial points can be found by projecting the corresponding 

fiducial points of the pre-operative image to the surface of the post-operative image 

(Figure 3.3). 
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3.3.3.3. Color Normalization of 3D Images 

In many cases, the color statistics of 3D images of the same patient change over 

time; the changes include not only image brightness but also color temperature (Figure 

3.4.A). Such color changes may be viewed as artifacts that arise as the disfigurement 

model is developed. To reduce such color changes, we stretched the contrast of each 

color channel of the image such that only 1% of the data is saturated at low and high 

intensities of the image. Figure 3.4.B shows the effectiveness of the contrast-stretching 

 

Figure 3.3. Missing fiducial points on the post-operative facial image are allocated by 
projecting (red lines) the corresponding fiducial points of the pre-operative 
facial image of the same patient. White dots on both images, which indicate 
fiducial points unaffected by the surgery, are used to align the two images. 
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algorithm for the images of one patient over different time points. There exist more 

sophisticated color alignment methods than contrast stretching. However, we found 

contrast stretching to be simple and effective for this application.  

 

3.3.4. Eigen-disfigurement: Surgically Plausible Disfigurement Model 

3.3.4.1. Defining a Surgically Plausible Disfigurement Model 

Facial reconstruction for facial cancer patients cannot be achieved by a single 

operation. Multiple surgical operations are typically required until the patients complete 

 

Figure 3.4. A: Images of a patient showing high variation in color. B: Images of the 
same patient after contrast stretching each color channel, showing 
improvement of the color consistency. 
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the facial reconstruction. The best reconstruction strategy for each facial cancer patient is 

highly personalized since cancer can happen anywhere on the face, resulting in different 

reconstruction outcomes. Thus, this study focuses on modeling the unique disfigurement 

of each patient, and learning how such disfigurements change over the reconstruction 

process using a statistical modeling technique. It should be noted that patients can have 

more than one disfigurement; hence, we model each of them separately. 

Let F be the 3D surface of the face. F consists of two components: 1) a structural 

component 
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where x, y, and z are the coordinates of the vertices of the 3D facial image, and 2) a 

textural component 
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where r, g, and b represent the red, green, blue color components at the vertices of the 3D 

facial image.  

Then, define the surgically plausible disfigurement model to be a function that 

alters the given face F to the simulated one F : 
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D

s
s,i, 

D
t

t,i, 
















 s

t









 F ,   (Eq 3.3) 

where i and are parameters that change the type (and therefore the location) and the 

degree of the disfigurement, respectively. The index i indicates the different types of 

disfigurements. 
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To take the local characteristics of facial disfigurements into account, we restrict 

our model to be learned and applied within specific facial regions of interest (ROIs): the 

forehead, the eyes (left and right), the nose, the cheeks (left and right), the mouth, the 

chin, and the neck (left and right). These 9 ROIs in total are depicted in Figure 3.5. We 

used a subset of the fiducial points (white dots in Figure 3.5) to determine the ROIs. The 

selection of the facial segment is based on a typical location where a given surgical 

treatment for facial cancer might cause facial disfigurement.  

Now define the set  |i v v F    consisting of one or combinations of the 

aforementioned 9 ROIs, which is assumed to be affected by the ith disfigurement. Then 

the disfigurement model for the ith disfigurement can be further formulated as: 

D
s

s,i,  
s   if  v 
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s  if  v 
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,   (Eq 3.4) 

 

Figure 3.5. This figure illustrates a total of 9 facial segments (i.e., ROI) used in this 
study. The list of segments is: forehead (FH), right & left eye (RE & LE), 
nose (N), right & left cheek (RC & LC), mouth (M), right & left neck (RN 
& LN). Other areas were removed before further processing. A subset of 61 
fiducial points (white dots) is to determine the ROIs. 
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where v are vertices in an target face F. Further define  and as the results of 

stitching functions fs and ft: 

  (Eq 3.5) 

where ŝ  and t̂  denote the structural and textural disfigurements learned from the 

patient images, respectively. Thus, the surgically plausible disfigurement model is a 

function that stitches the learned disfigurement within the corresponding ROI of the 

target face.   

3.3.4.2. Eigen-Disfigurement 

As a first step toward developing the surgically plausible disfigurement model, we 

next describe how to learn the structural and textural disfigurement ŝ  and t̂  from the 

patient images. 

We utilized a common dimension reduction technique, Principal Component 

Analysis (PCA), to capture the ŝ  and t̂  on patients’ faces. This is based on the fact 

that the appearance of the disfigured areas of patients’ faces will show high variations 

across his/her reconstruction process, since a facial disfigurement may imply major 

structural and textural changes on the face. Thus, we hypothesize that eigenvectors found 

from the faces of the same patient across the reconstruction process can capture for 

his/her facial disfigurement. We call these eigenvectors Eigen-disfigurements and used 

them to model ŝ  and t̂ . 

Let sij be the structural face component of the patient exhibiting the ith type of 

disfigurement at the jth temporal moment of the reconstruction process. The variable j is 

an integer falling in the range 0 to p, where 0 represents the pre-operative visit, and p 

indicates the last post-operative visit. We compute the sample mean Si  of the shape 
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components of those patients having the ith type of disfigurement at different time 

instants, i.e., Si  sij

j0

p

 . We can obtain the structural eigen-disfigurement uik 
of the 

patient’s face by computing the eigenvector of the covariance matrix given as 

Qi 
1

p
ij

j1

p

 ij
T ,   (Eq 3.6) 

where ij  sij  Si . Since solving Qi directly is infeasible, we first obtain the 

eigenvectors û
k
 of QT, then compute the structural eigen-disfigurement 

uik   kjij

j1

p

 , k 1,..., p.   (Eq 3.7) 

The textural eigen-disfigurement vik of the patients’ face can be obtained similarly. 

Once both the structural and the textural eigen-disfigurements are found, we can 

model ŝ  and t̂ . Since the disfigurement is the major change in the face, the first few 

eigen-disfigurements should capture such change. We assumed that the first eigen-

disfigurement is sufficient to capture the facial disfigurement. In fact, the first eigen-

disfigurements (for both structural and textural disfigurement) are responsible for 50% of 

the total variation found from each patient’s data. Hence, the structural and textural 

disfigurements ŝ  and t̂  for the ith disfigurement are 

 
ŝ  S
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 u

ik

t̂ T
i
  v

ik

with v 
i
, 1  1, and k 1,  (Eq 3.8) 

where  is a variable that modifies the degree of disfigurement and   1, |ik ik ku v   refers to 

the first eigen-disfigurement (having the largest eigen-value). Note that we can assign 

different parameters to control the structural and textural components separately and 

many face synthesis systems allow users to do so. However, this is not appropriate for 

simulating facial disfigurements of facial cancer patients. Surgical actions or radiation 
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therapies affect both the structural and textural component of the face, and therefore, we 

need to consider them simultaneously. We also found statistically significant correlations 

between structural changes and textural changes arising from reconstruction surgery 

[137], which support our rationale. Figure 6 illustrates the concept of our eigen-

disfigurement model; it captures the disfigurement from the patient’s longitudinal 

images. 
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Figure 3.6. Illustration of the concept of our Eigen-disfigurement model. A shows the 
longitudinal changes of a patient who underwent reconstructive surgery on 
his right mandible and neck area (highlighted by yellow dashed circle). As 
shown, major structural and textural changes occur in the reconstructed area. 
B shows images of the same patient with varying degrees (i.e.,  values) 
along the direction of the first principal component. As the  value deviates 
from 0, the degree of disfigurement increases. Specifically, as its value 
deviates towards -1, the texture/color of the disfigured region deviates (i.e., 
darker) from that of the typical healthy face. Moreover, as its value deviates 
towards 1, the structure of the disfigured region deviates from that of the 
typical healthy face. Thus the first principal component was sufficient to 
capture the disfigurement of the patient. 
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3.3.4.3. Stitching a Surgically Plausible Disfigurement on Target Face 

We have now defined all of the parameters of the disfigurement model. Given 

proper stitching functions fs and ft, we can simulate disfigurements of varying types, 

locations, and severities by adjusting the parameters i and .   

The stitching functions should satisfy two conditions: 1) the simulated ROI 

should be smoothly connected to its boundary, and 2) the simulated ROI should capture 

the key characteristics of the learned disfigurement. We solved the problem by finding 

the interpolation functions that best fit the pre-defined guidance vector field from the 

boundary, thereby reconstructing the simulated structural and textural components within 

the ROI of the target face. We let the gradients of the learned disfigurements (ŝ  and 

t̂ ) be the guidance vector fields. The formulation of the above problem is identical to 

that of the seamless-cloning feature of Poisson Image Editing [155], which was 

developed for 2D image editing, whereas our application is directed towards 3D surface 

images.   

For each ith disfigurement, let i  be the boundary of  i  and let fs
* and ft

* be 

the known functions that determines the structural and textural components of the given 

face F excluding the  i , respectively. Also let s  and t  be vector fields that guide 

the corresponding interpolation functions fs and ft, to display the key characteristics of the 

disfigurement. 

Considering the structural component first (as the textural component can be 

computed similarly), the function fs achieving the above two conditions can be found by 

solving the following minimization problem: 

min
fs

f
s


s

2
 with 

i

 f
s i

 f
s
*

i
  (Eq 3.9) 
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where  represents the gradient operator. Its solution can be obtained by solving the 

following Poisson equation with Dirichlet boundary condition: 

fs  div s  i
with  fs i

 fs
*

i
  (Eq 3.10) 

where   and div     represent the Laplacian operator and divergence, respectively.  

To apply the above minimization to our application, we discretized the problem 

and solved it numerically. Let  be the set of vertices that defines each triangulated 

mesh on the facial surface image. Further denote a, b   to be the vertex pair defined by 

the triangulation set . Then we can define the weight matrix 

Wa, b 
1   if a, b   

0    otherwise   






,   (Eq 3.11) 

which indicates adjacencies between vertices. Let  a  Wa, bb
  be a connectivity 

weight vector, which counts the number of edges connected to the vertex a. Then the 

Laplacian operator can be computed in matrix form as follows, 

L  W,   (Eq 3.12) 

where   diag 1,.., n  . 

As previously mentioned, we used the gradient of the learned disfigurement (ŝ  

and t̂ ) to guide the vector field (s  and t ). Then, the Poisson equation (Eq 3.13) 

can be expressed as, 

fs  ŝ overi, with fs i
 fs

*
i

,   (Eq 3.13) 

where it can be formulated as the following linear equations: 

La, b  fs vb 
b1

m

  La, b  ŝ vb , if  b i

b1

m



fs vb  fs
*

vb , if  b  i

,   (Eq 3.14) 
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where m is the total number of vertices in  i , and fs vb  and ŝ vb  refer to the 

structural information contained in fs  and ŝ  at the vertex v = b, respectively.  

The above linear equation can be solved using an iterative algorithm. We used the 

biconjugate gradient method [156] to solve the above sparse equation, i.e., to compute 

fs  for each of the x, y, and z components separately. In all cases, the least square 

solutions are found within 1000 iterations. Figure 3.7 shows how the stitching function 

works; it smoothly connects the learned disfigurement of varying degree to the target face 

within the ROI of the target face using gradient information from the learned 

disfigurement. 
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Figure 3.7. Illustration of how the stitching function works to create simulated faces 
with disfigurements. The stitching function finds the interpolation functions 
that follow the gradient of the learned disfigurement (gradient of structural 
and textural part inside of red boundary line in a) from the boundary of the 
target face (blue dashed line in c). Sub-figures d-h are simulation results for 
varying degrees of disfigurement. It may be seen that the stitching functions 
fs and ft smoothly connect the learned disfigurements of varying degrees to 
the target face using the unknown boundary of the ROI of the target face and 
gradient of the learned disfigurement. 
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3.3.5. Evaluation Strategy 

3.3.5.1. Evaluation of Preprocessing Step  

The disfigurement model that this study proposes is based on 3D facial surface 

images of patients reproduced from original 3D images, using the model mannequin face 

to achieve correspondence across images. Thus, a reliable and accurate algorithm to 

reproduce the 3D faces with full correspondence is necessary.  

We evaluated the quality of the preprocessing step using the Hausdorff distance 

[157]. We calculated the Hausdorff distance dH between each facial segment of the 

resulting face M and that of the given face M* using 
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* *

,

        max max min , , max min , ,
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(Eq 3.15) 

where a and b refer to the vertex of the reference face model M and the target face M*, 

respectively, and ROIl denotes the lth region of interest (explained previously). In 

addition, dist refers to the Euclidean distance between the vertices of the two sets. The 

Hausdorff distance, which is a measure of similarity between two sets of points, 

computes the maximum of all distances from one point of the one set to its closest point 

in the other set. As the distance reduces, the measured similarity between the sets of 

vertices increases. Thus, the distance will be minimized as the algorithm effectively 

reproduces the given face with full correspondence to other faces. 

3.3.5.2. Sensitivity to Fiducial Point Allocation 

We evaluated how sensitive the algorithm is to errors introduced by fiducial point 

allocation since such errors can affect the overall quality of the reproduced face. For this, 

we randomly selected one face pair from each dataset (disfigured and non-disfigured) and 
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the preprocessing algorithm was reapplied after randomly scrambling the locations of the 

fiducial points. It was found that the maximum error was 1.49 mm when human raters 

annotated the fiducial points [153]. Next, we scrambled the location of each fiducial point 

by 1.5 – 3 mm in increments of 0.5 mm. We then recomputed the Hausdorff distance for 

each case to check the effect of the introduced perturbations in fiducial point allocation 

for the overall quality of the reproduced face. We also computed the average 

displacement of all of the vertices of the resulting faces following the perturbation 

process with respect to the unperturbed reconstructions. The aforementioned procedures 

were repeated 10 times to obtain summary statistics of the above measures.  

3.3.5.3. Evaluation of Disfigurement Model 

The ultimate purpose of this study is to provide a new tool that allows us to 

understand human impressions of visible disfigurements while being able to control the 

location and level of the severity of disfigurement. Our goal is not to estimate physical 

properties of a reconstructive surgery outcome, but rather, to determine whether the 

resulting simulated disfigurement is plausible or not.  

The best way to evaluate the visual plausibility of the simulated disfigurement is 

to obtain subjective opinions of medical professionals who have clinical experience in the 

treatment of patients with facial cancer. Thus, we conducted an observer study using 4 

medical professionals under the approved IRB protocol. The participating medical 

professionals included 2 plastic/reconstructive surgeons, 1 nurse, and 1 physician 

assistant (PA) employed at the Seton Medical Center in Austin, Texas, USA. These 

medical professionals were not involved in the development of the disfigurement model. 

Here after we shall refer to these 4 medical professionals as observers. 
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3.3.5.4. Simulated image Set for Observer Study 

 We selected a total of 5 3D facial images (3 female and 2 male, all non 

Hispanic/Latino White to match the major race/ethnic group in the disfigured set) as 

target faces for the simulation (Figure 3.8.A). Among the 5 images, 2 were from the 

dataset of disfigured faces while 3 were from the dataset of non-disfigured faces. The 3 

individuals from the non-disfigured dataset had ages typical of facial cancer patients (>45 

old). After removing visually subtle disfigurements or disfigurements having similar 

shape and texture each other (1 mid-face and 3 periphery), we applied 13 disfigurements 

(the first 6 mid-face disfigurements and the first 7 peripheral disfigurements listed in 0) 

developed from our modeling technique on randomly selected male target faces. The 

same 13 disfigurements were also applied on randomly selected female target faces. For 

those 26 simulations, we fixed  = 0.5 (Figure 3.8.B). To test the observers’ responses to 

implausible results, we also included 4 implausible simulations (2 mid-face 

disfigurements and 2 peripheral disfigurements) by exaggerating the degree of 

disfigurement by setting  = 1.3 (Figure 3.8.C). In addition, for comparison, we included 

two 3D facial images of patients having real disfigurements (Figure 3.8.D). These images 

were not used to develop our disfigurement model. Therefore, a total of 32 3D facial 

images were prepared for evaluation of the proposed disfigurement modeling technique. 

Figure 3.9 shows the 3D rendering of one of our examples. Reader may activate the given 

3D model and maneuver the angle/view to assess the result of the simulation (Note: 

Adobe acrobat or reader is required to activate the 3D model). 
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Figure 3.8. In subfigure A, the first two images from the left are from the disfigured 
dataset while the others are from the non-disfigured dataset. From left to 
right, subfigure B shows: 1) disfigurement due to a flap on the left mandible 
and neck, 2) disfigurement due to a flap around the nose and eye area, 3) 
disfigurement due to a mandibulectomy scar on the mouth and neck, 4) 
disfigurement due to a flap on the right eye and forehead, and 5) 
disfigurement due to a flap on the right eye, respectively. Subfigure C shows 
implausible results created by exaggerating the degree of disfigurement. 
Their plausible versions are shown in the first two simulations in B. 
Subfigure D shows real disfigurements. The patients’ pre-operative faces are 
the first two faces in A. 
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3.3.5.5. Observer Study Setup 

Each 3D simulated face was displayed on a typical personal computer screen. 

Each 3D face was rendered on the screen and observers were allowed to evaluate the 

facial appearance fully by rotating the face and zooming in or out of the 3D scene.  

After the review, they were asked to rate the plausibility of the simulation result 

using a 9-point Likert scale. A value of 1 indicates that they strongly disagreed that the 

depicted disfigurement could be seen as an outcome following facial reconstructive 

surgery, while a value of 9 indicates that they strongly agreed that the depicted 

disfigurement could be seen as a reconstruction outcome. The duration of the study was 

approximately 40 minutes for each observer. Figure 3.10 shows the layout of the 

experiment for this study.  

 

Figure 3.9. This figure shows the 3D rendering of one of our examples. Reader may 
activate the given 3D model and maneuver the angle/view to assess the result 
of the simulation (Note: Adobe acrobat or reader is required to activate the 
3D model). 
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3.3.5.6. Statistical Analysis for Observer Study 

We performed a statistical modeling of the observers’ ratings to investigate the 

plausibility of different types of facial disfigurement simulations. In addition to the 

simulation type, gender of target faces was included as a covariate since previous 

literatures suggest that there may an inherent bias in observer’s perception on facial 

 

Figure 3.10. This figure depicts the layout of the evaluation study. Observers were 
allowed to examine the given stimuli fully by rotating the rendered 3D faces 
and zooming in or out of the 3D scene. 
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lesions [158]. Moreover, the observers' criteria of assessing the plausibility of the facial 

disfigurement are expected to show some variability. Thus, we used a mixed model to 

properly model factors affecting observers’ ratings as well as the inter-observer 

variability. Among many variations of mixed models, we utilized a cumulative link 

mixed model as observer's ratings are ordinal in nature: 

   ,logit 1,...,128, 1,...,8i j i iP r j X Obs i j         (Eq 3.16) 

where r, X, and Obs are the observers' ratings, the fixed effects, and the random effects, 

respectively. In addition, i indexes all ratings,  corresponds to the coefficient associated 

with X, and j is a threshold value for jth Likert scale level. This model accounts for the 

cumulative probability distribution of the ith rating being in the jth Likert scale level. The 

simulation types (mid-face, periphery, real, and exaggerated) and gender of each target 

face are considered as the fixed effects Xi. The inter-observer variability is modeled as 

random effects  2
, ~ 0,i ObsObs N  . Note that we did not stratify the real and exaggerated 

simulation samples further to create additional (sub) types due to the limited number of 

available samples in both cases. 

The questions that we are interested in are: 1) whether there is any difference in 

observer-rated plausibility between the simulated faces, the real patient faces, and the 

exaggerated faces, and 2) whether the plausibility ratings on simulation results are 

affected by the gender of the target face. This study used the ordinal package of the R 

v.3.0.3 [159] to build a cumulative link mixed model and answer the above questions. 
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3.4. RESULTS 

3.4.1. Evaluation of Preprocessing Step 

The results show that the preprocessing step effectively reproduced the given face 

using the reference mannequin model (Table 3.2). For both datasets, the averaged 

Hausdorff distances for each facial segment ranged from 1.8 mm to 5.2 mm, which is low, 

except for ROIs on the neck. The average Hausdorff distances for the neck area were 

relatively higher than for the other ROIs (which ranged from 8.1 mm to 17 mm). This is 

due to the large holes (missing data) in the neck areas of some of the original face images 

(Figure 3.11). In many cases, the subjects’ clothing blocked the view of the 3D camera, 

resulting in holes in the resulting 3D image. Since our preprocessing algorithm fixes 

(fills) such holes by interpolation, the relatively higher Hausdorff distances are due to 

fixed regions in the neck area.  

Table 3.2. Hausdorff distance between the pre-processed face and the given face for 
each facial segment 

Segment Name 
Hausdorff distance (mm) 

Disfigured set Non-disfigured set 
Mean Std Mean Std 

Forehead (FH) 4.2 3.3 3.2 3.0 
Right Eye (RE) 3.5 2.1 1.8 0.6 

Nose (N) 4.4 1.5 2.1 0.6 
Left Eye (LE) 3.5 1.2 1.7 0.5 

Right Cheek (RC) 4.7 2.8 5.2 4.2 

Mouth (M) 3.3 2.0 2.5 5.9 
Left Cheek (LC) 5.1 5.4 3.6 3.1 
Right Neck (RN) 8.8 6.9 17.5 10.5 
Left Neck (LN) 9.8 6.6 17.6 9.9 
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3.4.2. Evaluation of Fiducial Point Allocation Sensitivity 

The results show that there was no significant effect on the error introduced by the 

fiducial points allocation (Table 3.3). Although the Hausdorff distances increased with 

the amount of error introduced, the increased amounts are limited (mostly less than 5 

mm). In addition, the average displacement increase with the degree of introduced 

perturbation. However, the displacement errors were still small (<= 3 mm average 

displacements for 3 mm perturbations) compared with the degree of morphological 

change due to the reconstructive surgery. Overall, the effect of errors in fiducial point 

allocation on the overall quality of the preprocessed faces and the subsequent 

disfigurement models was minimal. 

 

Figure 3.11. This figure depicts the 3D face (A) with a large hole (missing data) in the 
neck area. That area was filled after the preprocessing step (B) and therefore 
caused higher Hausdorff distance between A and B.   
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3.4.3. Observer Evaluation of Disfigurement 

The test for differences in gender shows that there was no statistically significant 

gender effect on observer's plausibility ratings (p-value = 0.64) when considering 

different simulation types (Table 3.4). Similarly, the test for differences between the real 

Table 3.3. Evaluation results for fiducial point allocation sensitivity analysis 

 
Mean Hausdorff distance between the 

preprocessed face and the original 
face (mm) 

Average distance error between 
the preprocessed face with and 

without scrambled fiducial points 
(mm) 

Scramble Error 
(mm) 

 
Segment  

0 1.5 2 2.5 3 1.5 2 2.5 3 

D
is

fi
gu

re
d

 s
am

p
le

 

Whole Face N/A 1.9 2.2 2.6 3 

Forehead (FH) 1.9 3.5 4.1 5.7 7.2 

N/A 

Right Eye (RE) 2.8 3.4 3.5 3.4 4.6 
Nose (N) 2.8 3 3.4 3.3 4.1 

Left Eye (LE) 2.3 2.7 3.4 3.4 5.3 
Right Cheek 

(RC) 
1.4 

2.9 3.2 3.7 4.7 
Mouth (M) 1.5 2.4 2.7 3.3 4.5 

Left Cheek (LC) 1.2 4.5 5.3 4.8 4.9 
Right Neck (RN) 2.9 3.5 4.2 4.2 4.5 
Left Neck (LN) 3.1 3.3 4 4.1 4.5 

N
on

-d
is

fi
gu

re
d

 s
am

p
le

 

Whole Face N/A 1.4 1.8 2.3 2.8 
Forehead (FH) 1.5 3 3.7 4.3 5 

N/A 

Right Eye (RE) 1.4 2.7 3.5 4 5 
Nose (N) 1.4 2.1 2.5 3.3 4.3 

Left Eye (LE) 1.9 2.5 2.9 3.4 3.6 
Right Cheek 

(RC) 
1.7 

3.2 3.5 4.6 4.7 
Mouth (M) 1.4 3.1 3.5 5.7 5.5 

Left Cheek (LC) 2.3 3.5 4.5 4.9 4.5 
Right Neck (RN) 6 6.1 6.7 6.5 7.5 
Left Neck (LN) 10 9.9 10.4 9.7 10.8 

 



 
 
 

59

samples and the other simulation types indicate that there was no statistically significant 

difference in observer plausibility ratings (p-value = 0.08) between the real samples and 

the simulations of peripheral disfigurements when considering gender. However, we 

found opposite results (p-values < 0.001) for mid-face and exaggerated simulated 

disfigurements. This demonstrates that our modeling technique was effective when 

simulating peripheral disfigurements. However, mid-face simulations were not rated as 

similar to the real samples. 

In addition, we evaluated the observer effects by conducting a likelihood ratio test 

between the original cumulative link mixed model and an additional cumulative link 

model without observer effects. The chi-squared test on the likelihood ratio showed 

significant difference between two models (2 = 14.88, df = 1, p-value <0.001), which 

indicates that the observer-level random effects are significant. We further evaluated the 

observer effects by estimating their conditional modes with 95% confidence intervals 

based on the conditional variance (Figure 3.12). The fourth observer gave the lowest 

Table 3.4. Final cumulative link mixed model estimates for each fixed, and random 
effect variable, as well as the result of testing for difference in observer 
ratings for simulation types and gender. For the simulations, the tests for 
difference in ratings were against real disfigurement samples. For gender, the 
test was against male target face samples. 

Fixed-effects Coefficient Standard Error p-value 

Simulation 
Type 

Mid-face -2.99 0.79 <0.001 

Peripheral -1.31 0.75 0.08 

Exaggerated -7.37 1.09 <0.0001 

Gender Female -0.15 0.33 0.64 

Random-effects  Variance 
Standard 
Deviation N/A 

Observer (Intercept) 0.68 0.83 
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plausibility ratings to simulations, while the second observer gave the highest plausibility 

ratings. These results indicate that observers perceive the plausibility of simulation 

samples differently.   

To evaluate the trend of observer ratings in detail, we computed summary 

statistics for each simulation type, and for each gender. As expected, the real 

disfigurement samples were rated higher (group median: 7.25) than the others (Table 

3.5). In addition, the exaggerated disfigurement simulations were rated lower (group 

median: 1.75) than the others. The mid-face (group median: 5.5) and peripheral (group 

median 6.5) disfigurement examples were rated between the ratings of the real and 

 

Figure 3.12. This figure shows that the fourth observer gave the lowest plausibility 
ratings, while the second observer gave the highest plausibility ratings. 
These variations on ratings may indicate that observers perceive the 
plausibility of simulation samples differently.   
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exaggerated samples. Although there are some exceptions, most of simulated 

disfigurements received median ratings above 5, which means the observers were prone 

to believe that those simulations were plausible facial cancer reconstruction outcomes. 

Two mid-face simulations (M1 and M4 in Table 3.5) were rated as implausible results. 

The disfigured regions of patients M1 and M4 are wider than on the 4 patients with mid-

face disfigurement. In fact, the disfigured region of patient M6 is smaller than the others 

and its simulation on the target faces got high ratings (especially on male target). This 

indicates that the observers perceive a wider and larger disfigurement simulation as less 

plausible. 
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Table 3.5. Summary statistics of the medical professionals' ratings on simulated, real, 
and exaggerated disfigurement. 

Types 
Location / Gender of 

Target Face 
Disfigurement 

Source 

Medical Professionals' Ratings (N = 4) 

Median MAD Min Max Overall 

Simulated 
( = 0.5  
| N = 26) 

Mid-Face 
Female Target 

(N = 6) 

M1 2.5 0.5 2 5 

5.5 

M2 6 0.5 5 7 
M3 5.5 1 4 8 
M4 4.5 0.5 3 5 
M5 6 0.5 4 7 
M6 5.5 1.5 3 7 

Mid-Face 
Male Target 

(N = 6) 

M1 4 1.5 2 7 

5 

M2 5 1.5 2 7 
M3 5 0 3 5 
M4 4.5 0.5 4 6 
M5 5.5 2 3 8 
M6 7 0.5 4 8 

Peripheral 
Female Target 

(N = 7) 

P1 7.5 0.5 7 9 

6.5 

P2 6.5 0.5 6 8 
P3 6.5 0.5 5 7 
P4 6 1 2 7 
P5 6.5 0.5 4 7 
P6 6 1 5 8 
P7 7 0.5 6 8 

Peripheral 
Male Target 

(N = 7) 

P1 7 0 7 9 

6.5 

P2 6.5 1 4 8 
P3 7 0.5 5 8 
P4 6 1 4 7 
P5 7 0.5 5 8 
P6 6.5 1 3 8 
P7 6 1 6 8 

Real 
(N = 2) 

Mid-Face 
N/A 

8 0.5 7 9 
7.25 

Peripheral 6.5 1 5 8 

Exaggerated 
(  = 1.3 
 | N = 4) 

Mid-Face 
(N = 2) 

M1 2 0.5 1 4 

1.75 
M3 1.5 0.5 1 3 

Peripheral 
(N = 2) 

P2 1 0 1 2 
P3 2 0.5 1 7 

MAD refers to Median Absolute Difference. 
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3.5. DISCUSSION 

We proposed a new strategy to learn facial disfigurements from real patient data 

that persist after ablative and reconstructive surgery of facial cancers. We subsequently 

used the gathered data to simulate such disfigurements on the faces of other individuals 

by a modeling process. Unlike previous studies investigating how human perceive facial 

disfigurements, this study utilized modeling techniques that provide control over the type, 

location, and degree of disfigurement, enabling controlled and systematic experiments on 

the human perception of disfigurements.  

From the 3D surface facial images of patients with facial disfigurement, the 

algorithm first reproduces each face from a facial mannequin model to establish full 

correspondence between the faces. Using the reproduced faces, an algorithm derived 

from the model learns the longitudinal structural and textural changes (disfigurements) on 

each patient’s face over the course of the treatment. This algorithm enables plausible 

simulations by smoothly imposing the learned disfigurements on the corresponding part 

of the faces of others.  

Quantitative evaluation of the reproduced faces showed that the algorithm was 

able to effectively reproduce each given face using a facial mannequin model. We also 

showed that human error during fiducial point allocation could introduce errors in 

modeling. However, these errors were very small (mostly less than 5 mm) as compared to 

structural changes that patients can experience during treatment.     

To show that the proposed modeling strategy can be used to investigate how 

humans perceive disfigurement, we evaluated the plausibility of the simulated examples 

using panel ratings of experienced medical professionals, blind to the source of each 

image. We prepared a total of 32 facial images for evaluation. Four types of samples 
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were prepared: 1) mid-face, 2) periphery, 3) real, and 4) exaggerated. Based on statistical 

analysis of the observer ratings, our disfigurement modeling scheme was able to create 

simulation results with plausibility ratings similar to real disfigurement samples for 

periphery disfigurements. While mid-face simulations were rated as lower than real and 

periphery samples, in most cases these also were rated as plausible reconstructive surgery 

outcome.  

We found significant observer-level random effects in plausibility ratings. 

Moreover, we found that observers tended to rate mid-face simulations with wider 

affected regions as lower than those with smaller affected regions. This may indicate that 

each observer has a different threshold of plausibility. In the simulations, we fixed the 

degree of disfigurement  = 0.5 for both mid-face and peripheral disfigurements. It is 

possible that the observers may have perceived such a fixed degree of disfigurement 

differently on the different facial areas, thereby affecting his/her final ratings. This could 

explain why the mid-face simulations were rated lower than peripheral simulations. It is 

also possible that setting  = 0.5 resulted in mid-face disfigurements that were too large, 

especially for disfigurement with wide affected regions. Further studies with varying  

values will be required to confirm this. However, the variation found in the observer 

ratings on each simulation is strong motivation to create a model to study human 

perception of disfigurement.  

One limitation of this study is that the algorithm may decide that an error having 

greater variation than a real disfigurement is also a disfigurement. Conversely, the 

algorithm may ignore minimal disfigurements with less variation than natural 

longitudinal variations of a patients' face morphology. This is due to the fact that our 
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modeling technique utilizes PCA to capture longitudinal structural and textural changes 

(disfigurements) of a patient during treatment. Since PCA only aligns the data in terms of 

the amount of variance found in it, any error causing high variation could be detected as 

disfigurement. Specifically, large illumination changes of one image relative to another 

of the same patient could mislead our modeling algorithm to regard such illumination 

error as disfigurement. However, such illumination changes could be controlled at the 

acquisition stage by applying a rigorous calibration step on 3D image acquisition and by 

maintaining the ambient light conditions. Visually minimal disfigurements usually occur 

when the oncological and reconstructive surgeries were conducted internally. In such 

cases, many disfigurements are visually subtle or even not superficially visible. Even if 

the algorithm extracts such subtle disfigurements, it may not be useful to develop a 

disfigurement model from it since it may not be noticeable to a human observer. 

The ultimate goal of this study was to provide models that can simulate surgically 

plausible disfigurements with control of the location and degree of the disfigurement. In 

this respect, the obvious clinical application of our modeling method is to investigate how 

humans perceive disfigurements by varying the location and degree of disfigurement 

severity. Moreover, our model can be used for patient consultation. Care providers (e.g., 

surgeons or psychologists) could use an image showing the simulated disfigurement of a 

patient who will undergo certain oncological and reconstructive surgery for facial cancer 

for surgical planning, or patient education (i.e., helping him/her to understand and cope 

with possible changes to his/her face that are expected due to surgery).  

Although we demonstrated the usefulness of our model using patients suffering 

from facial cancers in this study, it can be extended to patients with other facial 
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disfigurements such as those occurring due to burns or other trauma. Just as facial cancer 

treatments can result in highly diverse disfigurements at various locations; similarly, 

disfigurements caused by facial trauma or burns can vary significantly according to type 

and location. By using our modeling technique, we will be able to investigate how 

humans perceive disfigurement regardless of the etiology.  

3.6. SUMMARY 

In this chapter, we have introduced a framework to learn and extract facial 

disfigurements from real patient data that persist after oncologic and reconstructive 

surgery of facial cancers, and subsequently to model and apply such disfigurements on 

novel faces with a high degree of control of disfigurement types. The modeling technique 

was able to capture facial disfigurement and its simulation represents plausible outcomes 

of reconstructive surgery for facial cancers, especially for disfigurements on the facial 

periphery. In the future, the framework introduced by this study could be used to 

understand how human perceive facial disfigurement (specifically how they affect a 

person's facial identity and his/her normalcy) systematically by varying its type and 

severity. Findings of this future study and subsequent quantitative analysis of facial 

morphology with different disfigurements will allow us to develop quantitative measures 

of facial morphology that are closely correlated with the human perception on facial 

disfigurements.  

In the following two chapters, we attempt to identify quantitative measures of 

facial morphology that could be used to study the human perception of facial morphology 

including facial disfigurement.  
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Chapter 4. Three-Dimensional Analysis of Facial Asymmetry of 

Healthy Hispanic/Latino White Children 

Reconstructive surgery of patients with facial asymmetry provides a challenge. When 

severity increases and is complex, it is hard to judge and plan for surgical correction. In 

this chapter, we introduce quantitative measures of facial morphology that can measure 

the asymmetry of given face. The quantitative measures were used to evaluate the facial 

asymmetry of Healthy Hispanic/Latino White children. Facial features of each hemiface 

(left and right) were quantified using 27 anthropometric distances between 22 facial 

landmarks computed from the 3D facial images. The ratio of each facial feature of the 

left hemiface to the corresponding facial feature of the right hemiface was calculated. 

Healthy Hispanic/Latino White children have fairly symmetric faces. However, there is a 

statistically significant asymmetry of facial features for this population. For example, the 

ratio of the nostril (sbal – sn) was asymmetric for boys and the ratio between the 

Geodesic distances from tragion to nasion (t – n) was asymmetric for both boys and girls. 

The results of this study are consistent with previous studies of other racial/ethnic 

groups. This information will serve as reference data for surgeons who conduct 

reconstructive surgery for Healthy Hispanic/Latino White children with congenital 

deformities of their faces. Although this study applied the proposed measures to Healthy 

Hispanic/Latino White children, these measures can be applied to other populations 

including patients with facial disfigurement. The study described in this chapter was 
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presented at the 3rd International Conference on 3D Body Scanning Technologies in Oct 

2012 [160]. 

4.1. BACKGROUND 

Current maxillofacial repair procedures rely on the artistic vision of the surgeon 

rather than a set of quantitative standards. An objective system for quantifying surgical 

outcomes is key for enabling the development of evidence-based approachs to 

reconstructive surgery.  

In order to determine how the face of a patient should appear after reconstructive 

surgery, surgeons need precise knowledge of the craniofacial norms of the patient’s 

race/ethnic group. Craniofacial norms of non-Hispanic/Latino Whites are well 

documented, while Hispanic/Latino Whites are less studied; yet, they comprise one of the 

largest and fastest growing ethnic groups in the U.S. The objective of this study is to 

introduce quantitative measures of facial asymmetry that allow us to conduct quantitative 

analysis of facial asymmetry of healthy Hispanic/Latino White children residing in 

Central Texas, USA. 

Previous studies [161]–[167] have consistently reported that there is a mild 

asymmetry of the face for different racial/ethnic groups. For example, Farkas and Cheung 

[161] reported a subtle asymmetry of 308 healthy, young non-Hispanic/Latino Whites in 

North America (154 boys and 154 girls). Primozic et al. [162] also showed a mild 

asymmetry of 27 healthy, young non-Hispanic/Latino Whites in Slovenia (15 boys and 

12 girls) in their longitudinal study. Similar trends were found in other studies: 1) 

Ferrario et al. [163] of 80 healthy, young Whites (40 men and 40 women) residing in 

Italy, 2) White et al. [166] of 83 healthy non-Hispanic/Latino White infants (41 boys and 
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42 girls) residing in the United Kingdom, and 3) Ercan et al. [164] of 321 healthy, young 

Turks (151 men and 170 women). 

However, previous findings are variable with respect to the nature of the reported 

asymmetry. Some studies [161]–[163] reported that the right side of the face is larger that 

the left side, while it is not true for one study [164]. There was also variability in which 

facial part was noted as the most asymmetric; some studies [161], [162] found that the 

upper part of the face is the most asymmetric part of the face, while other studies reported 

the middle [164] and the lower facial part [167] as the most asymmetric part of the face. 

This variation across the studies of different racial/ethnic groups suggests that we may 

need separate normative data for non-Hispanic/Latino White pediatric population.  

In this study, we assessed the facial asymmetry of healthy Hispanic/Latino White 

children using three-dimensional (3D) surface images. Assessing the facial asymmetry 

using 3D surface image has advantages over the analysis on two-dimensional (2D) 

clinical photographs and the traditional direct anthropometry. 3D surface images preserve 

the depth information of the facial morphology, which is usually lost on 2D clinical 

photographs. Moreover, 3D surface images allow us to see a number of different views of 

the facial morphology, while 2D photographs only offer a limited number of views of the 

face. Although direct anthropometry on the study subject has been considered as the gold 

standard for evaluating the facial morphology, it requires substantial involvement of 

study subjects, which may burdensome to them. Once it is taken, which usually take only 

a few seconds, 3D facial morphology of study subjects can be evaluated anytime without 

bothering them. Moreover, many studies (e.g., [168], [169]) validated the usage of 3D 

surface imaging technique for evaluating the result of surgery. 
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4.2. MATERIALS AND METHODS 

4.2.1. Dataset 

This study used a portion of subjects in the dataset introduced in Section 2.2. A 

total of 80 3D facial images of healthy Hispanic/Latino White children (41 boys and 39 

girls) were included.  

4.2.2. Quantification of Morphology of Each Hemiface 

This study first quantified the morphology of each hemiface (left and right) of 

participants using 27 anthropometric distances (facial features) between 22 facial 

landmarks. These 22 facial landmarks of all study participants were annotated by one 

non-clinical observer following the definition based on [31]. Figure 4.1 summarizes the 

list of facial landmarks used for this study. The 27 anthropometric distances consist of 

two types of distances, which are simple Euclidean distances and Geodesic (Surface) 

distances. Dijkstra’s shortest path algorithm [170] was used to compute the Geodesic 

distances. Table 4.1 shows the list of Euclidean and Geodesic distances used for this 

study and their corresponding summary statistics of the study participants. To access the 

facial asymmetry of healthy Hispanic Caucasian children, the ratio of each facial feature 

of the left hemiface to the corresponding facial feature of the right hemiface was 

calculated as follows, 

R
i


f
i ,left

f
i ,right

for all i,   (Eq 4.1) 

where Ri is the computed ratio for the ith facial feature obtained from left and right 

hemiface, which are fi,right, and fi,left, respectively. 
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4.2.3. Statistical Analysis 

As a perfectly symmetrical face is expected to have a ratio of 1 for all facial 

features, the one-sample Student’s t test was employed to assess the extent of facial 

asymmetry. The null hypothesis for this study was that facial features are symmetric (i.e., 

the means of ratios of facial features are equal to 1). The test was performed on each 

gender group. A Bonferroni correction was employed as multiple statistical tests were 

conducted. The corrected significance level was 0.0019. All analyses were performed 

using the MATLAB v.7.12.0 (R2011a) (The Mathworks, Natick, MA) statistics toolbox 

v.7.5 (R2011a). 

 

Figure 4.1. This figure shows an example 3D surface facial image with facial landmarks 
used for this study. This figure illustrates examples of Euclidean (yellow 
solid line) and Geodesic (a.k.a., Surface distance, yellow dashed line) 
distances. 
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Table 4.1. List of Euclidean and Geodesic distances used for this study and their 
corresponding summary statistics of study participants. (Unit: mm) 

Facial Area Distance Type List of Distances 
BoyLeft BoyRight GirlLeft GirlRight 

Mean SD Mean SD Mean SD Mean SD 

Orbital Euclidean ex-en 30.3 2.4 30.3 2.9 22.7 29.9 29.3 3.6 

  en-n 23.2 2.1 23.3 2.1 24.1 23.5 23.8 3.5 

 Geodesic en-n 29 4.6 28.2 2.9 28.1 27.7 29.1 4.6 

Nasal Euclidean al-prn 22.6 3.4 23.3 3.7 20.3 23.5 23.8 4.1 

  sbal-sn 11.5 2.4 12.5 2.6 7.8 11.4 12.1 2.1 

  al-sbal 10 1.8 9.5 1.6 10.8 9.9 9.8 1.4 

 Geodesic al-prn 28.6 5.4 28.3 5.1 24.7 28.1 28.7 5.5 

Oral Euclidean cph-ls 6.4 1.1 5.3 0.9 8.1 5.9 4.9 1.2 

  ch-ls 28.8 2.2 28.7 2.5 25.3 28.4 28.2 2.7 

  ch-li 25.4 2.6 26.3 2.7 24.1 25.6 25.9 2.7 

  ch-sto 24.1 2.6 25 2.5 21.9 24.6 24.6 2.9 

  ch-sl 26.7 2.4 28.2 2.5 27 26.9 27.9 2.5 

  ch-gn  43 5.1 42.8 5 38.1 42 41.4 3.2 

  sbal-cph 14.6 2.1 14.8 1.8 15 14.4 14.5 1.7 

  al-ch 31.7 2.4 32 2.6 30.7 31 31.1 2.5 

 Geodesic N/A         

Profile Euclidean t-sn 115.2 6.6 116.4 6.6 119.3 113.8 114 6.3 

  t-gn  126.4 8.7 127.9 9 125.1 124.9 124.7 7.4 

  t-n 111.3 4.9 112.8 5.2 116.8 111 111.8 6.1 

  t-ch 98.3 7 99.8 7.2 101.9 96.7 97.2 5.8 

  t-ex 69.4 4.9 70.2 5.4 81.1 69.2 70.2 5.8 

  t-al 100 6.5 100.5 6.1 107.8 98.6 98.5 6.5 

 Geodesic t-sn 146.1 9.9 148.7 9.6 156 146.9 146 10 

  t-gn  151.7 10.1 155.7 12.5 164.7 153 151.5 10.4 

  t-n 128.2 11.6 129.3 9.8 156 143.1 127.2 10.7 

  t-ch 119.4 8.9 122.6 10.8 135.1 119.7 119.1 9 

  t-ex 84.8 8.8 85.8 8.4 102.8 83.5 84.7 9 

  t-al 127.6 10.7 129.3 9.8 142 127.4 127.2 10.7 
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4.3. RESULTS 

Table 4.2 shows the summary statistics of each facial feature and ratio, and the 

results of the statistical test for each gender group. Overall, for both genders, the facial 

features from the right side are larger than those from left side. We failed to reject the 

null hypothesis for more than half of the facial feature ratios (total 20 features for boys 

and total 23 features for girls), which indicates that healthy Hispanic Caucasian/Latino 

White children have fairly symmetric faces. There was mild but not statistically 

significant (p-value is between the cut-off statistical significance level before and after 

the Bonferroni correction) asymmetry found for both genders (total 3 features for boys 

and total 2 features for girls). For example, the ratio between left and right profile 

distances from cheilion to labiale inferius (ch – li) shows mild asymmetry but it is not 

statistically significant for boys. In addition, the ratio between left and right nostril (sbal – 

sn) shows mild asymmetry but it is not statistically significant for girls. 

However, our data suggest that there is statistically significant asymmetry of some 

facial features for healthy Hispanic/Latino White children (total 4 features for boys and 

total 2 features for girls). For healthy boys, the ratios between left and right Euclidean 

distances between: 1) subalare (sbal) and subnasale (sn), 2) crista philtr (cph) and labiale 

superius (ls), 3) cheilion (ch) and sublabiale (sl) show statistically significant asymmetry. 

In addition, the ratios between left and right Geodesic distances between tragion (t) and 

nasion (n) shows statistically significant asymmetry. Similar trends were found for 

healthy girls. For this gender group, Euclidean distance ratios between crista philtr (cph) 

and labiale superius (ls) and Geodesic distance ratio between tragion (t) and nasion (n) 

show statistically significant asymmetry. Figure 4.2 illustrates the facial features showing 

statistically significant asymmetry. 
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*Statistically significant asymmetry 
**Mild asymmetry, not statistically significant 

Table 4.2. Summary statistics and statistical test results for each ratio 

Facial Area Distance Type List of distances 
RatioBoy RatioGirl 

Mean SD p-value Mean SD p-value 

Orbital Euclidean ex-en 1.01 0.1 0.6831 1.03 0.12 0.1439 

  en-n 1 0.11 0.8734 1 0.13 0.9499 

 Geodesic en-n 0.99 0.13 0.558 0.97 0.14 0.1496 

Nasal Euclidean al-prn 0.98 0.12 0.2427 0.99 0.12 0.6965 

  sbal-sn 0.92 0.13 0.0005* 0.94 0.14 0.019** 

  al-sbal 1.07 0.19 0.0245** 1.02 0.16 0.5503 

 Geodesic al-prn 0.97 0.16 0.2019 0.99 0.15 0.6789 

Oral Euclidean cph-ls 1.24 0.29 <0.0001* 1.29 0.48 0.0004* 

  ch-ls 1.01 0.07 0.5156 1.01 0.09 0.3594 

  ch-li 0.97 0.08 0.0137** 0.99 0.09 0.6174 

  ch-sto 0.97 0.1 0.0528 1.01 0.13 0.7542 

  ch-sl 0.95 0.07 <0.0001* 0.97 0.07 0.0053** 

  ch-gn  1 0.04 0.47 1.01 0.04 0.0291 

  sbal-cph 0.98 0.08 0.1904 0.99 0.1 0.7494 

  al-ch 0.99 0.06 0.3477 1 0.07 0.9225 

 Geodesic N/A       

Profile Euclidean t-sn 0.99 0.04 0.1673 1 0.04 0.9529 

  t-gn  0.99 0.03 0.0512 1 0.04 0.7927 

  t-n 0.99 0.04 0.0324** 0.99 0.04 0.3457 

  t-ch 0.99 0.05 0.0839 1 0.05 0.6208 

  t-ex 0.99 0.07 0.4853 0.99 0.08 0.3944 

  t-al 1 0.05 0.7006 1 0.05 0.8396 

 Geodesic t-sn 1 0.06 0.6844 1.01 0.06 0.3972 

  t-gn  1 0.05 0.5155 1.01 0.05 0.2155 

  t-n 1.12 0.07 <0.0001* 1.13 0.07 <0.0001* 

  t-ch 1 0.07 0.9103 1.01 0.07 0.5494 

  t-ex 0.98 0.09 0.0957 0.99 0.1 0.5683 

  t-al 1 0.06 0.8303 1 0.07 0.7195 
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4.4. DISCUSSION AND CONCLUSIONS 

In this study, we assessed the facial asymmetry of healthy Hispanic/Latino White 

children. We considered two types of distances, which are Euclidean and Geodesic 

(surface) distances, between manually annotated facial landmarks. The ratio of those 

 
A 

 
B 

Figure 4.2. Graphical illustration of facial features that show statistically significant 
asymmetry for boy (A) and girl (B). The yellow solid line and yellow dashed 
line represent Euclidean and Geodesic distances, respectively. 
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distances (or facial features) between the left and right hemifaces was used to quantify 

asymmetry of the facial morphology of the study population.  

We found that, in general, the facial features from the right side are larger than 

those from left side for both genders. This is consistent with the aforementioned studies 

of other racial/ethnic groups conducted by Farkas and Cheung [161] (non-

Hispanic/Latino Whites in North America), Primozic et al. [162] (non-Hispanic/Latino 

Whites in Slovenia), and Ferrario et al. [163] (Whites in Italy); however, this result is 

contrary of the finding of Ercan et al.’s analysis of a young Turkish sample [164]. 

Interestingly, for both genders, the ratio of Euclidean distances from crista philtr (cph) to 

labiale superius (ls) and Geodesic distances from tragion (t) and nasion (n) show that the 

left side is statistically significantly wider than the right side, which is opposite of general 

finding of this study. Although we cannot make a direct comparison due to the 

differences in the age (7-12 years old vs. 18 years old) and the distance metric (Geodesic 

vs. projective) used, the oldest group of study subjects in Farkas and Cheung [161] 

showed a similar asymmetry on the projective distance made from tragion (t) to nasion 

(n) by a spreading caliper. However, there is no consistent finding for the aged match 

group in their study to our data. A similar trend was found in the study of Ercan et al. 

[164] for the cph-ls. Although we cannot make a direct comparison due to the differences 

in the age (7-12 years vs. 17-21 years), they reported a similar result of ours in that the 

left side of cph-ls is wider than the right side for male subjects.  

The comparisons from the data of this study to those of other studies show that 

there is a distinct trend in the facial morphology of healthy Hispanic/Latino White 

children residing central Texas, USA. Although the study population has fairly 
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symmetrical face, there exist unique asymmetries that are different from those reported 

for other racial/ethnic groups. This information may serve as reference data for both 

plastic surgeons and orthodontists who conduct reconstructive surgery for children with 

congenital deformities of their faces. Reconstructive surgery of patients with facial 

asymmetry provides a challenge. When severity increases and is complex, it is hard to 

judge and plan for surgical correction. Often times, the asymmetry affects the “normal 

side” and patients may prefer the affected side as opposed to the non-affected side. The 

typical asymmetries of different areas of the face should be taken in consideration in 

surgical planning.  

Additional applications of these normative data are constructing soft tissue norms 

for surgical software and prediction of changes of soft tissue with surgery. Moreover, 

normative data could be used for construction of better fitting oxygen masks and CPAP 

masks for children. Ultimately, understanding the facial form of Hispanic/Latino White 

children will enable the development of better treatment tools in the future for this large 

and growing segment of our population. 

In this chapter, we proposed a set of quantitative measures that allow us to 

evaluate facial asymmetry of given faces. In Chapter 5, we attempt to develop another set 

of quantitative measures that are closely correlated with human perception of facial 

attractiveness. 
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Chapter 5. Quantitative Measures of Facial Appearance of Healthy 

Hispanic/Latino White Children: Implications for Care of Cleft Lip and 

Palate 

It is important for plastic surgeons to have knowledge of the typical facial appearance of 

unaffected children when planning surgery for children with cleft lip and palate. In this 

chapter, we conducted quantitative analyses of surgically-relevant anthropometric 

measures of 3D facial images of healthy Hispanic/Latino White children. Panel ratings of 

attractiveness were used to identify anthropometric measures to consider when planning 

reconstructive surgery. Attractive Hispanic/Latino White children in this sample had 

different facial morphology (e.g., longer nose or face, thinner face profile, or thicker 

lower lip) compared to what has been reported for other racial/ethnic groups. When 

planning reconstructive surgery for Hispanic/Latino White children, surgeons should pay 

particular attention to areas located around the base of nose (e.g., Subnasale) and mouth 

(e.g., Stomion) because measurements of these facial areas are correlated with 

attractiveness and these facial areas are typically affected by cleft lip deformity. The 

study described in this chapter is currently under review for publication in a peer-

reviewed journal. 

5.1. BACKGROUND 

Cleft lip and palate is one of the most common congenital facial deformities 

worldwide. In order to determine how a patient’s face should appear after reconstructive 
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surgery, it is imperative to understand what qualities constitute an attractive or normal 

face. 

Many previous studies have proposed quantitative measures of facial appearance 

and related those measures to subjective ratings of facial attractiveness [30], [31], [92]–

[98]. They used facial measurements from 2D or 3D photographs to build a scoring 

method (deviation from the norm) [92], [93] or statistical models (e.g., Principal 

Component Analysis) [94], [96] to correlate them with subjective ratings or even to 

predict such ratings. However, these models utilize the processed information that was 

created by combining and transforming the facial measurements. Typically such 

processed information is difficult to interpret; it only provides abstract information (e.g., 

first eigen-vector) of the face rather than facial features (e.g., distance from tip of nose to 

subnasale) that reconstructive surgeons can actually use for surgical planning. There are 

other studies focusing on facial measurements of various racial/ethnic/age groups (e.g., 

Italian children [30], [163], [171] and young non Hispanic/Latino White adult [31]) as 

well as patients with cleft lip and palate [172]–[175]. However, none of them have 

investigated how facial features of healthy Hispanic/Latino White pediatric population 

relate with subjective opinion of their facial appearance. Thus, the findings of those 

previous studies are not suitable for providing useful information to help Hispanic/Latino 

patients with cleft lip and palate.  

To overcome the limitations of previous studies and develop quantitative 

measures of facial appearance that will be suitable for use in a Hispanic/Latino White 

pediatric population undergoing reconstructive surgery for cleft lip and palate, this study 

investigates quantitative measures that are: 1) surgically applicable, 2) preserve 3D 
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information of the face (i.e., facial features were obtained from 3D facial images), and 3) 

correlate well with subjective attractiveness scores of subjects. This study focused on 

facial features around nose and mouth as they are directly related to the changes after the 

correction of cleft lip and palate. 

5.2. MATERIALS AND METHODS 

5.2.1. Image Dataset 

This study used 82 3D craniofacial images of subjects (41 boys and 41 girls) 

explained in Chapter 2.2. Figure 4.1 shows an example 3D craniofacial surface image of 

one study subject. 

5.2.2. Participants 

A total of 16 participants (8 females, 8 males), aged 21 - 47 years were recruited 

to individually rate the aesthetics of each face in the database using a 7 point Likert scale 

ranging from 'Extremely Unattractive' to 'Extremely Attractive' [25], [94], [176], [177]. 

Study participants were recruited from students and staff of The University of Texas at 

Austin and Dell Children’s Medical Center of Central Texas under the approved IRB 

protocol. There were a total of 4 Whites (3 of whom is Hispanic/Latino), 10 Asians (not 

Hispanic or Latino), and 2 American Indians or Alaska Natives (1 of whom is Hispanic 

/Latino). We refer to these participants as observers throughout this paper. 

As each observer has different personal criteria to judge facial aesthetics, their 

ratings may have different mean values that could introduce errors if combined to 

investigate their association with facial features. Therefore, each observer's ratings were 

standardized for the further processing. The resulting mean and standard deviation of all 

observers' ratings are 0 and 1, respectively.  



 
 
 

81

5.2.3. Stimuli 

Each craniofacial 3D image was rendered and converted into a movie clip. The 

movie clip starts with Anterior-posterior (AP) view of a 3D craniofacial image of a 

healthy Hispanic White child, and rotates to show the left and then right lateral view of 

the 3D craniofacial image. After that, it is rotated back to the AP view of the 3D 

craniofacial image. The length of each movie clip was set to 15 seconds.  

Each observer was presented with the movie clips one at a time on a computer 

screen. The movie clips were presented in the same random order for each observer. The 

observers had as much time as they like to review each movie clip by replaying it. 

However, once the observer had rated a movie clip and progressed to the next movie clip, 

he/she could not return to a previous movie clip or change his/her score of a previous 

movie clip.  

5.2.4. Nasal and Mouth Features 

Since our goal is to identify facial features relevant for surgical reconstruction of 

children with cleft lip and palate, we focused on facial features of the nose and mouth 

regions. A total of 28 anthropometric facial features around nose and mouth were used 

for this study (Table 5.1 and Table 5.2). We used the anthropometric proportions by 

Farkas and Munro [32] as anthropometric facial features to compensate for the natural  

differences in size across children’s faces. These features were based on 15 facial 

landmarks (Figure 4.1) and they were annotated by one non-clinical observer following 

the definition given in [31]. The 28 anthropometric facial features consist of two types of 

distances, which are simple Euclidean distances and Geodesic (Surface) distances. 

Dijkstra’s shortest path algorithm [170] was used to compute the Geodesic distances.  
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Table 5.1. Facial features for quantifying the morphology of nose and mouth area (Part 
1). 

Facial feature 
number 

Description Formula 

1 Nasal index al al
n sn


  

2 Upper lip height-mouth width sn sto
ch ch

 

3 Cutaneous-total upper lip height sn ls
sn sto

 

4 Vermilion-total upper lip height ls sto
sn sto

 

5 Vermilion-cutaneous upper lip height ls sto
sn ls

 

6 Vermilion height ls sto
sto li

 

7 Upper face height-biocular width n sto
ex  ex

 

8 Intercanthal-nasal width en en
al  al

 

9 Nose-face height n sn
n  gn

 

10 Nose-mouth width al  al
ch ch

 

11 Upper lip-upper face height sn sto
n sto

 

12 Upper lip-mandible height sn sto
sto gn

 

13 Upper lip-nose height sn sto
sn gn

 

14 Upper face height-upper face third face depth n sto
t  n
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5.2.5. Statistical Analysis 

To determine the level of agreement among observers in their ratings, we 

computed the mean inter-observer correlation. Then, to identify facial features that 

reconstructive surgeons should pay attention to when they treat Hispanic White children 

with cleft lip and palate, we conducted Spearman rank correlation analyses between the 

Table 5.2. Facial features for quantifying the morphology of nose and mouth area (Part 
2). 

Facial feature 
number 

Description Formula 

15 Mandible height-lower third face depth sto gn
gn t

 

16 Face height-lower third face arc n gn
(t ~ gn gn ~ t)

*
 

17 Mandible height-lower third face arc sto gn
(t ~ gn gn ~ t)

 

18 Middle third face contour t  sn
t ~ sn

 

19 Middle lower third contour t ~ sn
gn ~ t

 

20 Lower face arcs (t  sn sn t)
(t ~ sn sn ~ t)

 

21 Philtrum-mouth width index cph cph
ch ch

 

22 Nasal tip protrusion-upper lip height index sn prn
sn  sto

 

23 Nasal tip protrusion-nose height index sn sto
n sn

 

24 Nasal tip protrusion-nostril floor width index sn prn
(sbal  sn sn sbal)

 

25 Chin-mandible height index sl  gn
sto gn

 

26 Lower lip-mandible height index sto sl
sto gn

 

27 Nasal tip protrusion-width index sn prn
al  al

 

28 Nostril-nose width index (sbal  sn sn sbal)
al  al

 

* - and ~ indicating Euclidean and Geodesic distances, respectively. 
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median of the observers’ ratings and each of the facial features in Table 5.1 and Table 

5.2. The statistical toolbox (v.7.5, R2011a) in MATLAB (The Mathworks, Natick, MA) 

was used for this statistical analysis. Since it has been reported that the criteria for 

judging facial aesthetics of male face and that of female faces are different [30], [31], we 

analyzed the data from boys and girls separately. 

5.3. RESULTS 

5.3.1. Inter-rater Agreement 

We removed one male observer’s (American Indian or Alaska Natives, 

Hispanic/Latino) ratings because the standard deviation of his ratings was only 0.3, which 

is very low compared to the other observers in the study (ranged from 0.7 to 2). In other 

words, he rated all of the faces as being very similar in their degree of attractiveness. 

The mean inter-observer correlation for all possible observer pairs is  = 0.41. No 

significant difference was found in ratings made by male and female observers:  = 0.4 

within male pairs,  = 0.4 within female pairs,  = 0.42 for all possible pairs between 

male and female observers. We analyzed the agreement between different racial groups 

of the observers. Due to the sample size, this analysis was performed for the White and 

Asian subsets. We found that  = 0.49 within White pairs,  = 0.4 within Asian pairs, and 

 = 0.39 for all possible pairs between White and Asian. Although there is a difference 

between these two racial groups, their correlation values both fall into the moderate range 

(0.3<<0.5 based on [178]). Thus, instead of stratifying the observers into two racial 

groups, we combined all observers’ ratings and used it for the subsequent correlation 

analysis.  
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5.3.2. Facial Features Correlated with Observer Ratings 

A total of 4 and 2 features showed statistically significant positive correlation 

with the mean of the observer ratings for faces of boys and girls, respectively (Table 5.3). 

The boys with the following trends are deemed to be more attractive (or aesthetically 

pleasing) than others: 1) boys with longer nose (n-sn) for a given face height (n-gn); 2) 

Table 5.3. Spearman rank correlation results between each facial feature and panel 
attractiveness ratings 

Facial feature 
number 

Boys Girls 

 p-value  p-value 
1 -0.24 0.12 -0.28 0.08+ 
2 0.25 0.12 0 1 
3 -0.03 0.84 0.03 0.83 
4 -0.07 0.67 -0.03 0.83 
5 -0.04 0.81 -0.03 0.83 
6 -0.12 0.47 -0.05 0.77 
7 0.35 0.03* 0.11 0.5 
8 -0.1 0.53 0.09 0.6 
9 0.39 0.01* 0.08 0.6 

10 0.13 0.42 -0.19 0.23 
11 0.01 0.95 -0.13 0.42 
12 0.21 0.19 0.07 0.65 
13 0.2 0.21 -0.01 0.93 
14 0.33 0.03* 0.27 0.08+ 
15 -0.17 0.28 0.11 0.49 
16 0.32 <0.05* 0.26 0.1 
17 -0.14 0.39 0.06 0.72 
18 0.18 0.26 0.4 <0.01* 
19 0.16 0.3 0.05 0.75 
20 0.09 0.59 0.45 <0.01* 
21 -0.07 0.68 -0.04 0.8 
22 -0.12 0.45 -0.12 0.45 
23 -0.04 0.78 -0.13 0.42 
24 0.03 0.85 0.01 0.94 
25 -0.29 0.07+ -0.15 0.36 
26 0.27 0.09+ 0.1 0.55 
27 -0.03 0.85 -0.05 0.76 
28 -0.01 0.95 -0.08 0.62 

* statistically significant correlation with p-value of <0.05 
+ approaching statistically significant correlation 



 
 
 

86

boys with longer upper face (n-sto) for a given biocular width (ex-ex); and 3) boys with 

longer entire face (n-gn) for a given upper face depth (t-n) or lower face arc (t~gn, left 

and right). For the case of girls, girls with a less curved (or flat) middle third facial 

contour (t-sn) are considered more attractive than others. No features were identified as 

statistically significant for both genders.  

Although not statistically significant (p-value > 0.05), 2 features for boy samples 

and another 2 features for girl samples showed marginal correlation to the mean of the 

observer ratings. For a given mandible height (sto-gn), boys with longer lower lip height 

(sto-sl) or shorter chin height (sl-gn) are regarded as more attractive than others. For a 

given nose height (n-sn) or upper face depth (t-n), girls with narrower soft nose width (al-

al) or longer upper face height (n-sto) are regarded as more attractive than others. 

5.4. DISCUSSION  

In this study, we investigated quantitative measures of facial morphology that are 

suitable for use in a Hispanic/Latino White pediatric population undergoing 

reconstructive surgery for cleft lip and palate. To identify such measures, a total of 28 

facial features that are clinically intuitive and meaningful were computed from 15 facial 

landmarks on 3D craniofacial images of unaffected Hispanic/Latino white children. The 

association between the facial measures and the mean panel rating of 15 observers was 

investigated.  

The mean inter-observer correlation values of observers in this study are similar 

to those reported in prior studies, which ranged from 0.41 to 0.48 [94], [179]. Our results 

showed that there is no significant effect of gender on the observers’ judgment of the 

attractiveness of a face. This result is in agreement with the study of Bronstad et al. [94], 
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where they found minimal difference in the mean inter-observer correlation between 

genders. In the case of racial groups of observers, White and Asian observers showed 

moderate agreement within their own groups as well as between them. There has been 

mixed reports about the extent to which observers from different racial/ethnic groups 

agree with each other in rating facial aesthetics (e.g., [31], [97]). Since there is a limited 

number of White (N = 4) observers as compared to Asian observers (N=10) in this study, 

we were unable to assess observer agreement as a function of race/ethnicity in this study.  

This study found that boys with a longer nose, a longer upper, or a longer entire 

face given the fixed reference distance are considered as attractive. This finding is 

different from a prior aged-matched studies of Italian children and young adults of North 

American White population: 1) Sforza et al. [30] reported that children with attractive 

faces have wider faces than the reference children, and 2) Farkas [31] reported that 

attractive young male adults have a shorter nose for a given face height. With marginal 

statistical significance, this study found that boys with a shorter chin height (sl-gn) or a 

longer lower lip height (sto-sl) given the fixed reference distances are considered as 

attractive. As these are related, we can interpret it as meaning that boys with a thicker 

lower lip are considered to be attractive in our sample. This finding is similar to the 

findings of the aforementioned studies; Sforza et al. indicated that attractive Italian 

children have larger vermilion lip height (ls-li) than the reference children, while Farkas 

reported that attractive young male adults have larger upper lip vermilion height (ls-sto).  

In the case of girls, we found that girls with a less curved (or flat) middle third 

facial contour (t-sn) are considered to be more attractive. As the path of the surface 

distance (t~sn) pass through the cheek of the face, a less curved middle third facial 
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contour is related with smaller soft tissue volume in the cheek area. Thus, this can be 

interpreted as meaning that girls with thinner facial profile are considered to be more 

attractive. This finding is similar to that reported in a previous study. Ferrario et al. [171] 

reported that unattractive Italian girls have a larger lower facial width. With marginal 

significance, it is found that girls with a narrower nose width (al-al) or a longer upper 

face height (n-sto) given the fixed reference distances are considered as attractive. 

Similar to the case of boys, the finding of longer upper face height is in contrast with the 

previous studies. No direct comparison from previous studies is available for the finding 

of narrower nose width.  

Most of our findings are different from the previous studies on different 

racial/ethnic groups. This suggests that surgeons may need to consider separate norms for 

different racial/ethnic groups when planning cleft lip and palate reconstruction. Many 

facial features identified as statistically significantly or nearly statistically significantly 

are correlated with attractiveness are based on the Subnasale (sn) or Stomion (sto) facial 

landmarks. This is an important finding as these points are of primary focus for 

reconstruction surgery for patients with cleft lip and palate.   

5.5. CONCLUSIONS 

Our analysis indicates that healthy Hispanic/Latino White children are considered 

to be attractive if they have: 

 Longer face (upper or entire) given the fixed reference distances (e.g., biocular width, 

or upper face depth) for boys 

 Longer face given the fixed reference distance (upper face depth) for girls 

 Longer nose given the fixed reference distance (face height) for boys 
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 Narrower nose given the fixed reference distance (nose height) for girls 

 Less curved middle face contour (or thinner face profile) for girls 

 Thicker lower lip for boys 

5.6. SUMMARY 

In Chapter 4 and Chapter 5, we proposed sets of quantitative measures of facial 

morphology that could be used for planning reconstructive surgery and evaluating the 

surgery outcomes. Although we utilized these measures to quantify the facial morphology 

of one specific population, which was healthy Hispanic/Latino, they can be easily 

extended to quantify the facial morphology of patients with various disfiguring 

conditions.  

As previously mentioned, changes in facial morphology from illness or injury can 

also have a critical impact on the formation of facial expressions. In the following two 

chapters (Chapter 6 and Chapter 7), we investigate quantitative measures of facial 

expressions and their relationship with psychosocial adjustment for patients undergoing 

medical treatment.  
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Chapter 6. Quantitative Measures of Facial Expression for Patients 

with Facial Cancer        

In addition to changes in facial morphology, facial cancer treatment can impact the 

facial expression. Quantification of changes in facial expression, particularly of smiling, 

would enable a deeper understanding of the relationship between physical changes and 

psychosocial adjustment in patients being treated for facial cancer. In this chapter, we 

proposes 48 quantitative facial expression measures, which consist of the length 

normalized distances and slopes between 27 manually annotated fiducial points on 

standard 2D clinical photographs of patients with facial cancer. Using the proposed 

measures, the maximum intensity of smiling for patients with facial cancer prior to their 

treatments was compared to that of a sample from a healthy population. A total of 7 

facial expression measures captured statistically significant differences between patients 

with facial cancer and healthy individuals. These measures suggest that patients with 

facial cancer are less expressive than healthy controls. This study is the first attempt to 

quantify the facial expression of patients with facial cancer and to build a foundation for 

studying how surgical interventions may affect their facial expressions. Moreover, this 

study lays the groundwork for investigation of the relationship between facial expression 

and psychosocial functioning in cancer patients, such as in Chapter 7. The study 

described in this chapter was presented at the 35th Annual International Conference of 

the IEEE Engineering in Medicine and Biology Society in July 2013 [180]. 



 
 
 

91

6.1. BACKGROUND 

Patients with facial cancer often undergo treatment that affects their facial 

function as well as their appearance. In addition to surgical changes in facial morphology, 

treatment of facial cancer can impact facial expression. Quantification of changes in 

facial expression, particularly of smiling, would enable a deeper understanding of the 

relationship between physical changes and psychosocial adjustment for patients.  

There are multiple studies who employed quantitative facial expression analysis 

on patients including facial paralysis [128]–[131] and schizophrenia [133]–[135]. They 

have introduced a number of ways to quantify facial expressions of their target 

population to evaluate surgery or treatment outcomes. Although some prior studies on 

facial paralysis utilized their measures on patients with tumor on their face, the number of 

such patients is limited. To best our knowledge, this is the first study that focused on 

patients with facial cancer using quantitative facial expression measures.  

In this study, we propose quantitative facial expression measures that are 

clinically intuitive and suitable for longitudinal study. Our quantification method consists 

of 48 expression measures computed from the length normalized distances and slopes 

between 27 fiducial points on standard 2D clinical photographs of patients with facial 

cancer. The proposed expression measures were based on a previous study showing 

promising results for the recognition of facial expressions [127]. The proposed measures 

were evaluated by comparing the maximum intensity of smiling for the pre-operative 

(prior to either reconstructive surgery alone or oncological resection followed by 

reconstructive surgery) patients with facial cancer and that of healthy individuals. 
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6.2. MATERIALS AND METHODS 

6.2.1. Datasets 

We used the image dataset of 2D facial photographs in Chapter 2.1.1 for this 

study. Among the 2D photographs of the dataset, this study utilized 99 adult patients with 

facial cancer about to undergo major facial reconstructive surgery from July 2010 to 

November 2012 at The University of Texas MD Anderson Cancer Center. Patients who 

had difficulty posing a facial smile due to a facial tumor or nerve defect (N=4) were 

excluded. This was done in an effort to minimize the impact of the physical 

characteristics of the tumor that affect smiling intensity as the main purpose of the current 

study was to validate the proposed measures by comparing smiling intensity of the 

normal control and the patients prior to substantive changes to the facial morphology due 

to oncological and reconstructive surgeries. For each patient, two AP photographs were 

obtained; one with a peak smile (patients were asked to smile as they reflected on a time 

in their life when they were extremely happy and overjoyed) and another with neutral 

expression (Figure 6.1.A). 
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The Binghamton University 3D facial expression database (BU-3DFE) [125] in 

Chapter 2.3 was used as a control dataset. The age distribution of this dataset is from 18 

to 70 years with most subjects being university students. Prior research has indicated age 

is not associated with ability to smile or intensity of smiling [181]–[183]. Each 3D facial 

image can be decomposed to 2D texture and depth images and we utilized the 2D texture 

image (Figure 6.1.B) for the study. Among 7 facial expressions, we used the images of 

happy and neutral expression, since this study is interested in comparing the maximum 

intensity of smiling between pre-operative patients with facial cancer and healthy 

individuals. 

 

Figure 6.1. A: Example pre-operative facial photographs of patients with facial cancer. 
First and second column of images show the patients with neutral facial 
expression and peak smile, respectively. B: Example 2D texture images of 
BU-3DFE dataset. First and second column of images show healthy 
individuals with neutral facial expression and peak smile, respectively. C: 
Illustration of 27 facial fiducial points. 
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6.2.2. Quantitative Measures of Facial Expression 

In this study, we adopted the method introduced by Tang and Huang [127] to 

compute the quantitative expression measures. In their work, they used 24 length 

normalized distance features and 24 slope features on 3D facial images of the BU-3DFE, 

and showed promising results for the recognition of the given facial expression. Figure 

6.2.A and Figure 6.2.B illustrate those 48 facial features used in the prior study. A 

detailed description of each facial feature can be found in [127]. To take into account the 

differences across individuals in face size, the normalization was done on distance 

features by dividing those by 5 facial animation parameter units (FAPUs): 1) eye 

separation (ES0), 2) iris diameter (IRIS0), 3) eye-nose separation (ENS0), 4) mouth-nose 

separation (MNS0), and 5) mouth width (MW0) (Figure 6.2.C) [127], [184]. Table 6.1 

shows the distance feature numbers and their corresponding FAPUs to normalize those 

distance features. Since slope features are unit-less, the normalization was applied only to 

distance features. 

 

Figure 6.2. Illustration of 24 distance features (A), 24 slope (B) features [127] and 5 
facial animation parameter units (FAPUs) [184] (C) used in this study. 24 
distance features were divided corresponding one of 5 FAPUs by facial 
regions, which are eye (ES0 or IRISD0), nose (ENS0 or MNS0), and mouth 
(MNS0 or MW0). 
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A non-clinical observer manually annotated 27 facial fiducial points on the first 

image dataset following the definition of Farkas [31] and the illustration shown in Tang 

and Huang [127] (Figure 6.1.C). For BU-3DFE, this study used the subset of fiducial 

points provided with the dataset (red dots in Figure 6.2.A and Figure 6.2.B). To make the 

fiducial points of BU-3DFE comparable to our dataset, we projected those points to the 

xy-plane of Cartesian coordinate space and used the resulting location in the xy-plane for 

the study. Then 24 distance features and 24 slope features were obtained from those 

fiducial points. Although this study used manually annotated fiducial points, this step 

could be automated in the future using existing fiducial point detection algorithms (e.g., 

[185]). 

The quantitative measures of smiling intensity consist of 48 features F, which are 

24 length-normalized distances and 24 slopes based on 27 facial landmarks on the 

patient’s facial photograph. The quantitative measure of smiling intensity Si is given as 

S
i
 F

i ,PE
 F

i ,NE
, i 1,2,...,48  (Eq 6.1) 

where i indexes the measure, and PE and NE refer to the peak smile and neutral 

expression respectively. For BU-3DFE, we referred to the images depicting the highest 

expression intensity level (i.e., intensity level 4) as the PE images. 

Table 6.1. Distance Features and Corresponding FAPUs for Normalization. 

Distance Feature 
Numbers 

Normalized by 

1 – 4, 9 – 12 ES0 
5 – 8, 15, 16 ENS0 

13, 14 IRISD0 
17 – 22, 24 MNS0 

23 MW0 
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6.2.3. Statistical Analysis 

The hypothesis of this study is that patients with facial cancer at the pre-operative 

stage show limited intensity in their facial expressions, particularly in smiling, compared 

to healthy individuals. This trend for patients with facial cancer is expected since: 1) the 

tumor itself may hinder forming a smile and 2) they are facing many serious concerns 

such as dying and disfiguring surgeries as well as the potential for functional impairment.  

As previous studies have indicated that there is a gender difference in posing 

facial expressions [186], we compared the quantitative analysis results by gender. 

However, we did not stratify our data further by age since previous studies showed that 

there is no age effect in posing facial expressions [181]–[183]. Moreover, since facial 

expression, especially smiling, is considered to be universal [187], we didn’t divide our 

dataset into different race/ethnic groups.  

A two-sample student’s t test was applied to each facial expression measure pair 

to evaluate our hypothesis. Since multiple t-tests were conducted, we corrected the 

significance level using Bonferroni’s correction. The resulting significance level after the 

correction was 0.001. 

6.3. RESULTS 

There were a total of 7 facial expression measures that showed statistically 

significant differences between patients with facial cancer at the pre-operative stage and 

healthy individuals.  

Female patients showed statistically significant differences in a total of 5 facial 

expression measures, which are the distances between tip of eye and mouth, the distances 

from each nostril to chin, and the distance between the upper and lower lip (Figure 6.3.  
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first row). These measures are all distance-based expression measures. None of the slope 

measures showed a statistically significant difference between the two groups. The values 

of those 5 distance-based expression measures are typically reduced, i.e., the length 

between related fiducial points in PE is shortened than that in NE. Our results indicated 

that the values of those 5 distance-based expression measures of female patients are less 

reduced than those of healthy women.  

Male patients showed statistically significant differences in a total of 4 facial 

expression measures, which are the distance between left tip of eye and nose, the distance 

between upper and lower lip, right-upper and lower slope measures on right eye (Figure 

6.3. second row). A similar trend for the distance-based expression measures was found; 

the values of those 2 measures are less reduced than those of healthy men. In the case of 

those 2 slope-based measures, the values of the measures for both groups are similar; the 

measure values are around 0, which means that those slopes do not change much when 

they form a smile. This trend also was found for the other slope-based measures. Hence, 

those 2 slope-based measures have less meaning than the distance-based measures. 

Although the value of the other 3 distance-based measures that showed statistical 

significance for the female case were not statistically significantly different between the 

male patients and the healthy male groups, their p-values were closed to the significance 

level cut-off (i.e., 0.001). This shows that male and female patients have similar trends in 

smiling as quantified by distance-based expression measures.  
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6.4. DISCUSSION AND CONCLUSION 

In this study, we proposed 48 quantitative facial expressions measures computed 

from 27 manually annotated fiducial points on 2D clinical photographs of patients with 

facial cancer. The quantitative expression measures were computed by calculating the 

change of the facial feature value between the peak smile and neutral expression. Facial 

 

Figure 6.3. This figure illustrates the quantitative expression measures that showed 
statistically significant differences between the patients with facial cancer at 
the pre-operative stage and healthy individuals. The first and second 
columns show the mean of each measure and the upper and lower bounds by 
its +/- standard variation from the mean. Among all measures, statistically 
significant measures are bounded by the dashed box. For the most cases, 
there were no statistically significant difference between the facial cancer 
patients and healthy individuals. All statistically significant expression 
measures are the distance-based measures except the measures of the 
patient’s right eye (the slope-based measures). The distances between the tip 
of eye and mouth are usually reduced when people smile. Analysis result 
showed that those lengths for facial cancer patients are less reduced than 
those of healthy individuals. Although a few slope-based expression 
measures showed statistical significance, their absolute values are around 0, 
which means there is almost no change in angle before and after forming a 
smile. 
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features for this study consist of the length normalized distances and the slopes (or 

angles) between those 27 fiducial points. Using the proposed measures, the maximum 

intensity of smiling for patients with facial cancer prior to facial reconstruction was 

compared to that of healthy individuals. We identified a total of 7 quantitative facial 

expression measures (5 distance-based and 2 slope-based measures) that capture 

statistically significant differences between either male or female patients with facial 

cancer and a gender-matched sample of a healthy population. The value of the above 

expression measures indicated that patients with facial cancer are less expressive when 

they smile as compared to healthy individuals.  

This study lays a foundation for investigating an important facet of the cancer 

treatment consequences, which is change in facial expression. Previous studies were 

limited to the patients with neuropsychiatric disorders. Using the proposed measures and 

existing psychosocial instruments, we can quantitatively track changes in smile intensity 

across cancer treatment and relate such changes to patient’s psychological functioning. 

This will allow us to understand better how physical changes due to cancer treatment 

relate to psychosocial adjustment and quality of life.  

Although this study was conducted on 2D facial photographs of patients with 

facial cancer, our quantitative measures of facial expression can be easily extended to 3D 

facial images. To do so, we only need to annotate the same set of fiducial points on 3D 

facial images then computation of each quantitative measures are same as 2D photograph 

cases. 

Areas for future work building on this study include: 1) automation of fiducial 

point detection using existing algorithms to facilitate the process of quantification of 
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smile intensity, 2) investigating changes in smile intensity of patients over the course of 

their cancer treatment, and 3) relating it to patients’ psychosocial functioning.  

In Chapter 7, we investigate the relationship between quantified facial expression 

and psychosocial functioning for patients undergoing facial cancer treatments. 
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Chapter 7. Associations between Psychosocial Functioning and Smiling 

Intensity in Patients with Facial Cancer 

Patients with facial cancer can experience significant body changes associated with their 

treatment, including changes in facial expressions, such as smiling intensity. In this 

chapter, we used the quantitative facial expression measures introduced in the previous 

chapter (Chapter 6) to examine associations between smiling intensity and psychosocial 

outcomes in cancer patients about to undergo major facial reconstruction surgery. 

Smiling intensity of 95 facial cancer patients was measured using 48 quantitative 

measures calculated from facial photographs with and without a smile. We computed a 

composite smiling intensity score for each patient representing the degree of similarity to 

healthy controls. A lower composite score indicates that the person is less expressive, on 

average, than healthy controls. Patients also completed self-report measures assessing 

domains of body image and quality of life. Spearman rank correlations were computed to 

examine relationships between composite scores and psychosocial outcomes. Composite 

scores were significantly correlated with multiple measures of body image and quality of 

life. To the best of our knowledge, this is the first study to demonstrate associations 

between objectively quantified facial expression (i.e., smiling) and psychosocial 

functioning in patient population. These findings will serve as a reference for future 

analyses on changes in smiling intensity and psychosocial functioning as patients 

undergo facial reconstruction. The study described in this chapter is currently under 

review for publication in a peer-reviewed journal. 
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7.1. BACKGROUND 

Facial expression and emotion are closely related each other. An expression 

signifies or initiates one’s related emotion [188], [189]. For example, people smile when 

they are happy, but also use smiling as a strategy to pursue happiness [190]. Quantitative 

facial expression analysis would enable a more nuanced understanding of the relationship 

between expression formation and quality of life, such as for patients with facial cancer. 

As previously mentioned, there are multiple studies who employed quantitative facial 

expression analysis on patients including facial paralysis [128]–[131] and schizophrenia 

[133]–[135]. However, to the best of our knowledge, no prior studies have utilized 

quantitative measures to investigate the relationship between facial expressions, such as 

smiling, and psychosocial functioning in patient population.  

Quantitative evaluation of smiling entails objective, mathematical measurement 

of physical properties of facial expression. Such quantitative evaluation would enable a 

deeper understanding of the relationship between facial expression and psychosocial 

adjustment for patients undergoing facial cancer treatment. We previously proposed 48 

quantitative facial expression measures based on facial landmarks derived from a 

patient’s photograph that capture smiling intensity [180]. In the current study, we used 

these quantitative facial expression measures to quantify the associations between 

patients’ smiling intensity and their psychosocial functioning. Specifically, we 

investigated the relationship between smiling intensity and self-reported body image and 

quality of life for patients being treated for facial cancer. This work is the first step 

towards quantitative analysis of changes in smiling and psychosocial functioning during 

the process of facial reconstruction.   
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7.2. MATERIALS AND METHODS 

7.2.1. Datasets 

The same datasets of Section 6.2.1 in Chapter 6 were used in this study. 

7.2.2. Composite Score of Smiling Intensity 

We derived a composite score that summarized the overall degree of similarity in 

smiling intensity of each patient compared to that of the healthy controls. The composite 

score can be computed as follows, 

Scorej 
Si i 
 ii1

48


1

,  for each jth patient,  (Eq 7.1) 

where μi and σi  refer to the mean and standard deviation of ith measure (i.e., Si in Eq 6.1) 

obtained from the healthy population. The parameters μi and σi were computed from the 

BU-3DFE dataset using Eq 6.1. Eq 7.1 represents how similar a patient is to the healthy 

controls in terms of smile intensity relative to the mean of the healthy controls. A lower 

composite score indicates that a subject is less expressive than the average healthy 

control.  

7.2.3. Self-Report Measures of Body Image and Quality of Life 

7.2.3.1. Body Image Measures 

Body image dissatisfaction was measured using Hopwood’s Body Image Scale 

(BIS) [191] and the Perceived Social Impact subscale of the Adapted Satisfaction With 

Appearance (ASWAP) scale [192]. Body image coping, which refers to cognitive and 

behavioral responses to address body image challenges, was measured using the Body 

Image Coping Strategies Inventory (BICSI) [193]. The BICSI contains 3 subscales: 

appearance fixing, avoidance, and positive rational acceptance. These measures have 
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been validated by prior research and likewise have good internal consistencies in the 

current study (α’s range from 0.72-0.96). 

7.2.3.2. Quality Life Measures 

Quality of life was assessed with the Functional Assessment of Cancer Therapy-

Head & Neck (FACT-HN) questionnaire [194], where a total score can be calculated as 

well as 5 subscales: physical well-being, functional well-being, emotional well-being, 

social/family well-being, and a head and neck cancer-specific subscale. The FACT-HN 

has been well-validated and widely used with cancer patients [195], [196].  

7.2.4. Statistical Analysis 

To assess associations between smiling intensity and psychosocial outcomes, we 

conducted Spearman rank correlation analyses between quantitative scores computed as 

in (Eq 7.1. and each of the psychosocial subscales. Because previous studies have not 

examined associations between quantitative facial expression measures and psychosocial 

functioning in patients, we conducted an exploratory analysis rather than setting up a 

specific hypothesis. Thus, we considered the correlation with the traditional significant 

(p-value <0.5), instead of correcting it for multiple comparisons. Statistical toolbox 

(v.7.5, R2011a) in MATLAB (The Mathworks, Natick, MA) was used. 

7.3. RESULTS 

Our patient sample has a wide range of cancers affecting the mid-face, cutaneous, 

and oral cavity regions (Table 7.1). Subscales measuring similar concepts were grouped 

together. Lower composite scores, reflecting decreased smiling intensity from the average 

of the healthy controls, were significantly related to various psychosocial measures 
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(Table 7.2). We found significant negative associations between composite scores and 

measures of body image dissatisfaction and body image coping: BIS, ASWAP-Perceived 

Social Impact, and BICSI-Avoidance. Significant positive associations were found 

between composite scores and overall quality of life as measured by the FACT-HN total 

score. Additional findings demonstrated significant positive associations between 

composite scores and measures of functional well-being: FACT-HN Functional Well-

Being and the FACT-HN Head and Neck subscale. 
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Table 7.1. Patient demographic and clinical characteristics (N=99) 

Variable/subgroup Mean (SD) No. of patients  

Age 61 years (14) 
 
 

Gender 
Male  
Female 

 
 

66 
33 

Ethnicity 
Not Hispanic or Latino 
Hispanic or Latino 

 

 
94 
5 

Race 
White 
Black or African American 
Asian 
Other 

 

 
93 
4 
1 
1 

Marital status 
Married/domestic partnership 
Divorced/Separated 
Single/Never married 
Widowed 

 

 
63 
22 
9 
5 

Disease histology 
Squamous cell carcinoma 
Melanoma 
Basal cell carcinoma 
Sarcoma 
Mucoepidermoid carcinoma 
Adenoid cystic carcinoma 
Pleomorphic adenoma 
Adenocarcinoma 
Other 

 

 
49 
16 
12 
5 
5 
4 
1 
1 
6 

Disease sitesa 
Oral cavity 
Mandible 
Maxilla 
Nose 
Cheek 
Ear 
Forehead/scalp 
Parotid 
Oropharynx 
Orbit 
Chin 
Other 

 

 
31 
13 
15 
12 
9 
3 
3 
3 
2 
3 
1 
2 

BMI 27.8 (5.2)  

aFrequencies may not add up to sample size as patients may belong to more than one subgroup 
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7.4. DISCUSSION AND CONCLUSION 

In this study we investigated associations between objectively quantified smiling 

intensity and psychosocial functioning in patients being treated for facial cancer. We 

found that for patients about to undergo major facial reconstruction surgery, decreased 

smiling intensity, relative to the average of healthy controls, was associated with 

increased body image concerns and decreased quality of life. Specifically, decreased 

Table 7.2. Spearman rank correlation coefficients and corresponding p-values between 
the composite scores and psychosocial outcomes 

Domain Construct Measure & Subscale 
Coefficient 
(Rho value) 

p-value 

Body 
Image 

Body image 
dissatisfaction 

 

BIS -0.2397 0.0237* 

ASWAP - Perceived 
Social Impact 

-0.2710 0.0098* 

Body image 
coping 

BICSI - Appearance 
Fixing 

-0.1319 0.2178 

BICSI - Avoidance -0.2175 0.0406* 

BICSI - Positive Rational 
Acceptance 

-0.0921 0.3934 

Quality 
of life 

Physical well-
being 

FACT HN - Physical 
well-being 

0.1941 0.0668 

Functional well-
being 

 

FACT HN – Functional 
well-being 

0.2336 0.0285* 

FACT HN – HNC 
subscale 

0.2238 0.0361* 

Emotional well-
being 

FACT HN – Emotional 
well-being 

0.0857 0.4217 

Social/family 
support 

FACT HN - 
Social/Family well-being 

0.2023 0.0558 

Overall QOL FACT HN total 0.2587 0.0149* 

*statistically significant at p<.05 

Note. BIS=Body Image Scale, ASWAP=Adapted Satisfaction with Appearance Scale, BICSI=Body Image 

Coping Strategies Inventory, FACT HN=Functional Assessment of Cancer Therapy, QOL = Quality 

of life 
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smiling intensity was significantly correlated with feelings of dissatisfaction with one’s 

body, discomfort in social situations, increased use of avoidance as a body image coping 

strategy, reduced functional well-being, and greater head and neck-cancer specific issues 

(e.g., speech and swallowing problems).  

These results are promising since they show, for the first time, a statistically 

significant linkage between objectively quantified external characteristics (i.e., smiling 

intensity) and self-reported measures of psychosocial functioning of a patient population. 

Moreover, it should be noted that our patient sample has a wide range of cancers 

affecting the mid-face, cutaneous, and oral cavity regions. Despite such variations in 

cancer location, our findings imply that those patients share common trend between their 

psychosocial functioning and smiling intensity. Clinically, affect and facial expression 

can be used as indicators of psychological functioning. Our results provide evidence that 

the intensity of smiling is statistically associated with the degree of body image 

adjustment and overall quality of life, especially functional well-being. The development 

and use of objective quantitative measures of facial expression signify advancement in 

our ability to identify patients who are more likely to experience negative psychosocial 

outcomes during the process of cancer treatment, including facial reconstructive surgery.  

One limitation of our study is that it is difficult to infer causal direction between 

expressiveness and psychosocial functioning of the patients as we only showed the 

associations. Thus, to infer causation between them, future work will need to consider 

includes: 1) analyzing longitudinal changes in facial smile over the procedures of facial 

reconstruction, and 2) how those longitudinal changes related with patients’ psychosocial 

functioning.  
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7.5. SUMMARY 

In Chapter 6 and Chapter 7, we proposed a set of quantitative measures of facial 

expressions that are closely correlated with psychosocial functioning of patients with 

facial cancer. We applied our quantitative expression measures on patients with facial 

cancer who are about to undergo major reconstructive surgery. This is an important step 

toward investigating longitudinal changes in facial expressions and patients' psychosocial 

functioning, and between those two during facial cancer treatments. Longitudinal 

analyses require the baseline information that future changes could be compared with, 

and our findings of these two chapters could be served as the baseline information. 
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Chapter 8. Conclusions and Future Work 

In this dissertation, we introduce quantitative analyses of facial morphology and 

expression of patients with facial disfigurement. In contrast, current practice relies on 

surgeons' qualitative assessments for planning surgery and evaluating its outcome. Since 

such qualitative assessments are highly variable both within a surgeon and between 

surgeons, it is challenging to measure surgery outcomes and is thereby difficult to 

improve surgical practice.  

Patients with facial disfigurement are at higher risk for psychosocial difficulties 

than other patients are. Reconstructive surgery can help restore facial function and reduce 

the adverse impact of facial disfigurement on psychosocial functioning. Human 

perception of facial morphology can help us understand the persistent aspects of 

disfigurement and develop quantitative measures of appearance change that are 

psychosocially relevant. In this dissertation, therefore, we developed quantitative 

measures of facial morphology (Chapter 4 and Chapter 5) and expression (Chapter 6 and 

Chapter 7) that are closely related to human perception (e.g., facial attractiveness) and 

patients’ psychosocial functioning (e.g., quality of life and body image).  

We proposed a disfigurement modeling framework (Chapter 3) to learn and 

extract facial disfigurement from real patient data that persists after oncologic and 

reconstructive surgery of facial cancers, and subsequently to model and apply such 

disfigurement to novel faces with a high degree of control of disfigurement type, 

location, and severity. We showed that the proposed disfigurement modeling technique 

was able to capture facial disfigurement, and its simulation represents plausible outcomes 
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of reconstructive surgery for facial cancers. In the future, the framework could be used to 

understand how human perceive facial disfigurements (specifically how they affect a 

person's facial identity and his/her normalcy) systematically by varying its location, type, 

and severity. Then we introduced surgically-relevant quantitative measures of facial 

morphology that are closely correlated with one key perception of facial morphology, 

which is facial attractiveness (Chapter 5). In addition, we proposed a set of quantitative 

measures of facial expression that are related to psychosocial functioning of patients with 

facial cancers (Chapter 6 and Chapter 7). The effectiveness of each proposed quantitative 

measure was shown by applying them to patient samples (e.g., patients with facial cancer, 

healthy Hispanic/Latino white children).  

This dissertation opens new research areas that can ultimately help patients with 

facial disfigurement. By using a disfigurement modeling framework, we can conduct 

human observer studies to determine how the type, location, and severity of facial 

disfigurement affects human perception. As previously mentioned, our modeling 

framework can be easily extended to any type of facial disfigurement regardless of the 

etiology. Thus, one can investigate how humans perceive a broad range of facial 

disfigurements (including disfigurements due to facial trauma) using our modeling 

framework. Specifically, future studies could determine what aspects of facial 

disfigurement are most noticeable to human observers, which would elucidate how the 

location, type, and severity facial disfigurement affects the perceived normalcy of faces. 

In addition, one could conduct human perception studies to determine how different 

types, locations, and severities of facial disfigurements affect the perceived similarity 

between the faces. Many patients with facial disfigurement undergo reconstructive 
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surgery with the goal of restoring their disease-free facial appearance, i.e., their facial 

identity. Facial similarity can be used to evaluate how facial disfigurement affects one's 

facial identity as perceived by others. The findings of these future studies may foster a 

deeper understanding of human perception of disfigured faces, which can be used to help 

patients with such disfigurements to psychosocially adjust to live with those conditions. 

Moreover, using our quantitative measures of facial morphology, one will be able to 

identify a list of measures that are closely related to overall human perception of facial 

disfigurements. Surgeons will also be to use such measures to quantitatively plan and 

evaluate reconstructive surgeries.  

Our modeling framework has the potential to be applied to not only in clinical 

settings but also in engineering. Obvious engineering future studies include: 

testing/validating an existing algorithm or further developing it to locate fiducial points 

automatically on 3D faces of patients with facial disfigurements. This will provide 

information about which existing fiducial point allocation algorithms are robust to facial 

disfigurements. This will also facilitate the overall processing efficiency of the 

disfigurement modeling process. In addition, one can also investigate how state-of-the-art 

face recognition algorithms perform on faces with simulated disfigurement. This may 

prove highly interesting for developing security and defense applications. Since most 

previous studies have focused on the healthy population instead of patients with facial 

disfigurement, even state-of-the-art face recognition algorithms may not succeed on 

individuals with facial impairments. By using the proposed disfigurement models, we can 

create different types of disfigurements at various locations on a face. Accordingly, we 
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will be able to systematically validate existing algorithms and help other researchers 

develop optimal methods robust to facial variations.  

In addition to the modeling framework, our quantitative measures of facial 

expression will further the study of longitudinal changes in facial expression during facial 

cancer treatment. As shown in this dissertation, the smiling intensity obtained from our 

quantitative measures of facial expression is closely correlated with psychosocial 

functioning of patients with facial cancer. Taking a picture of a patient is inexpensive, 

quick, and less-burdensome to patients than administrating self-report psychosocial 

questionnaires. Thus, we would be able to facilitate the process of pre-screening patients 

who have a problem in their psychosocial functioning; we only need to take their facial 

photographs and analyze their facial expressions. Any patients who are identified from 

our method could be advised to complete psychosocial questionnaires for further 

analysis. 

In conclusion, this dissertation has expanded the ground for helping patients with 

facial disfigurement: 1) to psychosocially adjust to living with the disfiguring condition, 

and 2) to achieve better facial reconstructive surgery outcome to minimize disfigurement. 

Our modeling framework and quantitative analysis of both facial morphology and 

expression will enable us to tackle this significant problem. 
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