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Abstract

In craniomaxillofacial (CMF) surgery, a reliable way of simulating the soft tissue deformation
resulted from skeletal reconstruction is vitally important for preventing the risks of facial
distortion postoperatively. However, it is difficult to simulate the soft tissue behaviors affected by
different types of CMF surgery. This study presents an integrated bio-mechanical and statistical
learning model to improve accuracy and reliability of predictions on soft facial tissue behavior.
The Rubin-Bodner (RB) model is initially used to describe the biomechanical behavior of the soft
facial tissue. Subsequently, a finite element model (FEM) computers the stress of each node in soft
facial tissue mesh data resulted from bone displacement. Next, the Generalized Regression Neural
Network (GRNN) method is implemented to obtain the relationship between the facial soft tissue
deformation and the stress distribution corresponding to different CMF surgical types and to
improve evaluation of elastic parameters included in the RB model. Therefore, the soft facial
tissue deformation can be predicted by biomechanical properties and statistical model. Leave-one-
out cross-validation is used on eleven patients. As a result, the average prediction error of our
model (0.7035mm) is lower than those resulting from other approaches. It also demonstrates that
the more accurate bio-mechanical information the model has, the better prediction performance it
could achieve.
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1. Introduction

The goal of craniomaxillofacial (CMF) surgery [1, 2] is to reconstruct a normal facial
appearance and function of patients suffering from CMF deformities. A predicting system
capable of accurate simulation of soft-tissue changes after skeletal reconstruction has
profound utilitarian value in orthodontics, plastic/general surgery, growth/aging prediction,
and forensic science [3-5]. Currently we are able to accurately plan the osteotomies based
on bone surgeries, whereas incapable to provide precise prediction of facial soft tissue
deformation following the virtual osteotomy despite of multiple attempts for years. It is an
urgent demand, from both doctors and patients, to develop a planning system that can
accurately simulate soft-tissue changes after skeletal reconstruction.

Up to this point, various approaches of soft tissue deformation prediction have been
developed. There are three most popular approaches, namely, mass spring model (MSM) [6],
finite element model (FEM) [7], and mass tensor model (MTM) [8-10]. MSM [6] with easy
architecture and low memory usage makes it very attractive for fast simulations. However,
MSM lacks bio-mechanical relevance and clinical accuracy. FEM [7] divides the whole soft-
tissue volume into massive geometrically discrete volumes and assigns material properties to
them. One of its most obvious demerits is computation cost. MTM [8, 9] can be considered a
hybrid of MSM and linear-FEM (LFEM) using homogenous tissue property. It was reported
fast computation time and acceptable accuracy [10].

The major disadvantage of these methods is that they are individual-based, without
considering population-based statistical information. Furthermore, many factors during CMF
surgery contribute to the complicated response of living tissue, because the material
behavior of living tissue is nonlinear, time dependent and anisotropic. In order to describe
material behavior of soft facial tissue, Rubin and Bodner [11] developed nonlinear three
dimensional constitutive equation for facial tissues valid for arbitrary deformations and
achieved reasonable agreement with the experimental data of Har-Shai et al [12]. In the
Rubin-Bodner model (RB model), the tissue is modeled as a composite material with a fully
elastic component and a dissipative component containing both elastic and viscous elements.
However, the elastic component also affected by specific CMF surgery was not considered
in the original RB model. We modified the function of RB model to model the reduction in
elastic stiffness caused by distortional deformations of the elastic component. Due to this
modification, the elastic component of the present model is referred to as a “reductively
elastic” component rather than a “fully elastic” component, which reflects soft tissue
behaviors after specific CMF surgery. Therefore, it is necessary to improve the RB model to
achieve better accuracy in simulations related to CMF surgery.

The object of our work is to develop a statistical model describing the relationship between
the biomechanical features and the soft tissue deformations with specific CMF surgical
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types. In this study, we firstly classify patients into two groups: single surgery on mandible
and mixed surgery on both mandible and maxilla, using an anatomic detailed template to
map the detailed anatomic structures of soft tissue to each patient on both pre-operative and
post-operative data. Secondly, finite element model (FEM) with RB model is applied to
calculate the stress of each node in soft facial tissue mesh data resulted from bone
displacement. Thirdly, a statistical model using Generalized Regression Neural Network
(GRNN) [13] is implemented to obtain the relationship between the facial soft tissue
deformation and the stress feature based on pre and post-operative data respectively.
Subsequently, the elastic relevant parameters of the RB model are adaptively optimized by
minimizing the difference between predictions and post-operative data with specific CMF
surgery. Finally, cross-validation for the prediction of facial soft tissue deformation model is
conducted by comparing the performance of different methods.

This paper completes our conference paper [14] by including more details of our methods,
additional experiments and analysis.

2. Methods

This retrospective study was approved by the Institutional Review Board of Wake Forest
Baptist Medical Center (IRB00028345). It is based on existing image data for CMF surgery.
Following data collection, patient identifying information were destroyed, consistent with
data validation and study design, producing an anonymous analytical data set. We have
eleven sets of patient’s pre-operative and post-operative CT data and 3D facial surface scans
from a 3D surface camera. By using facial surface scans, we can prevent any unintended soft
tissue strain during the CT scanning. The 3D camera was operated by a doctor while
ensuring the patient’s facial expression was neutral. Both the preoperative and postoperative
surface scans were rigidly registered to the preoperative CT images with the Mimics
software (Materialise, Belgium). The facial surface in CT images was replaced with the
surface scanned by 3D camera which provided a more faithful facial surface. The mandible
which would open in CT scanning was moved to be closed since the mouth was close in 3D
surface scanning. Muscles which connect the bones would be also moved accordingly. The
bones of preoperative and postoperative CT images were also segmented in Mimics which
would be further used to determine surgical plan. Fig. 1(a)—(b) shows the preoperative and
postoperative surface scans of a patient. Fig. 1(c)—(d) illustrates the skeletal reconstruction in
CMF surgery. To reduce the prominence of his chin and improve the overall appearance, the
patient underwent a surgery to setback the mandible (bilateral sagittal split osteotomies) and
advance the maxilla (Le Fort | osteotomy). The postoperative surface scan was acquired six
months thereafter to calculate the facial soft tissue deformation.

2. 1. Anatomic Detailed Template Generation

We consider the following muscles that contributed in facial soft tissue deformation:
Buccinator, Depressor anguli oris, Depressor labii, Levator anguli oris, Levator labii, Levator
labii alaeque nasi, Mentalis, Orbicularis oris, Zygomaticus major, Zygomaticus minor and
Masseter [15]. Since it is difficult to segment these muscles from patients’ CT data, and
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manual segmentation of each patient is extremely labor intensive, we propose a method to
locate the muscles for each patient by an anatomic detailed template.

The National Library of Medicine (NLM) Visible Female Data was used to generate an
anatomic detailed template. The reasons for using NLM’s Visible Female data are that
Female data has much higher resolution than Male data (2048x1216 pixels, 0.33mm interval
and 24-bit color) [16], and there is no difference in facial anatomy between male and female
[17-19]. However, if the model is anatomically over detailed, the combination of material
models for each tissue and the sheer number of anatomical structures can be overwhelming
for a detailed parameter study. Therefore, in this aim, we will further detail the facial tissues
into 2 categories: muscle and the remaining soft tissues. The latter category is composed of
soft tissue between skin and mucosa, grouped as homogenous material. This bifurcated soft
tissue model is the best possible balance between maintaining the anatomical details related
to facial tissue changes, and conserving computational cost [20].

Fig. 2 demonstrates different angles of the anatomic detailed template. In the next stage, we
use this template to map the detailed anatomic structures of soft tissue to each individual
patient.

2. 2. Mapping by Anatomic Detailed Template

Once the template was generated, the detailed anatomic structures were then mapped from
this model to each individual patient. In Visible Female Dataset, we find the location of each
muscle in the mesh and identify the elements containing these muscles. Assuming the
muscles are contained in the same elements for each patient, we map the muscles from
Visible Human to the patients. It is noteworthy that the shapes of muscles vary for each
patient when fitting the template to the facial geometries with defined anatomic
cephalometric landmarks [21]. Landmarks are manually defined on the 3D surface to
capture the facial shape mostly located at lips and nose. The 3D surface scan of the patient is
imported into TrueGrid (XYZ Scientific Applications, Inc., Livermore, CA) as facial
geometries. Then a surface projection technique of TrueGrid is applied on projecting the
anatomic soft tissue structures to the 3D surface by matching the landmarks. It keeps both
preoperative and postoperative data the same in number of finite elements with the mesh
nodes. A natural correspondence between different mesh nodes was established for
statistical analysis on soft tissue deformation prediction. It includes 48396 hexahedral
elements (each element has eight mesh nodes) in Fig. 3. The right-most subfigure shows the
shape of one element in the mesh object. To limit the number of elements and reduce the
computational complexity, we restrict the calculation area to the zone below the nose (cut
the nose tip) assuming the area above nose unaltered after surgery.

2. 3. Determination of Displacement Boundary Condition

The mesh nodes can be classified into two categories: the boundary nodes and the free
nodes. Boundary nodes located in skull parts would be repositioned during surgery.
Remaining parts are free nodes subject to the displacement of boundary nodes.

The displacement boundary condition, consisting of the displacements of all the boundary
nodes, can be determined from the paired preoperative and postoperative skulls by Iterative
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Closest Point (ICP) algorithm [22, 23]. The post-operative skull was preliminarily manually
registered to the pre-operative one based on an unaltered part (usually the part above nose)
in Mimics. Afterwards, the pre-operative skull was cut into parts according to the post-
operative one. Then, the skull parts were separately matched by manual alignment to the
post-operative counterparts. The displacements of skull parts were exported as STL
(STereoL ithography) files which were subsequently imported into Matlab (The MathWorks,
Inc., Natick, Massachusetts). In order to obtain the displacement boundary condition, it is
necessary to compute all boundary nodes in aforesaid STL files. The ICP algorithm was
conducted to calculate rotation transformation R and translation transformation t between
the pre-operative and post-operative skull parts. Assuming the coordinate of a boundary
node as b, and its displacement as u, the displacement of this node was calculated as
follows: u = (R-bpre + t) = bpog. Fig. 1 (c)-(d) shows the skeletal reconstruction in
osteotomies.

Determination of displacement boundary conditions entails some manual operations to
match different regions of the model. The same occurs for the matching of surface scans
with visual template. The postoperative model was registered to the preoperative one at
cranium, a surgically unaltered area. Afterwards, the preoperative model was virtually
osteomized and bony segments were individually moved and matched to the postoperative
counterparts. The errors entailed by the above operations were calculated as mean * standard
deviation (SD), which is 0.05 £0.03 (mm).

2. 4. Improved Rubin-Bodner Model Corresponding to Different CMF Surgical Types

To establish a statistical model describing the relationship between the bio-mechanical
features and the soft tissue deformations, an improved RB Model is developed to depict the
biomechanical behavior of the soft facial tissue in the specific CMF surgery. Under the RB
model, the tissue is simulated as a composite material with a fully elastic component and a
dissipative component containing both elastic and viscous elements. Consequently it has
accurate soft tissue bio-mechanical properties when processing viscoelastic materials such
as facial soft tissue. Because the postoperative CTs will be taken six months after surgery to
avoid surgical swelling, the short term soft tissue deformation is irrelevant. We only make
use of the elastic terms in this work, ignoring the time dependent factors associated with the
parts of the RB model which describe the transient and dissipative material behaviors.

RB Model [11] is characterized by a specific (per unit mass) strain energy function p. It is
specified in the form

2
"50/):% [e?" —1]

)

where xq is the mass density in the reference configuration, and eg and p represent material
parameters. The function t characterizes the response of the elastic dilatation and distortion.
The corresponding Cauchy stress tensor 6 in the spatial description is given by
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with E as the second order identity tensor, y” as the deviatoric component of the modified
left Cauchy—Green deformation tensor and e as shear modulus. S is a measure of dilatation
(namely determination) of the matrix of deformation gradient of boundary nodes. The
material parameters (xg, p, g, N1, 1)2) are determined from literature [11, 24] authored by
Rubin and Bodner. kg is the value of the mass density. p is an elastic hardening coefficient.
g is overall homogeneous scaling of the energy. n; controls the isotropic bulk modulus, and
2 controls the isotropic shear modulus. Rubin and Bodner developed a nonlinear three-
dimensional constitutive equation (& (xg, p, €0, M1, 1)2)) t0 characterize elastic behavior of
the biological tissues with these 5 parameters, where & is the stress of the tissue given a
particular dilatation. These parameters are obtained by minimizing the difference between
the real stress measured by experimental data of Har-Shai et al[12] and the stress simulated
by the 8(xo, p, €9, M1, M) constitutive equation. e = egePt. 1 is a pure measure of the elastic
distortion, given by

S=det(H) (3)

where H is the deformation gradient of boundary nodes, and y = S™3y = S8 HHT s the
modified left Cauchy-Green deformation tensor. E is the second order identity tensor. y” is
the deviatoric part of the modified left Cauchy-Green deformation tensor.

We use the parameter 6 to modify the model by reducing the elastic stiffness caused by
distortional deformations for two types of surgical plans. When ©6=0;, it refers to single
surgery on mandible (MA, MB, MR, ML). When 6=0,, it refers to mix surgery on both
mandible and maxilla (MB+XB, MB+XA). Here, M indicates mandible, X indicates
maxilla, A indicates skeleton shift forward, B indicates skeleton shift backward, R indicates
skeleton shift right, L indicates skeleton shift left.

Therefore, we have 6 parameters in total to establish the improved RB model. Five
parameters {xg, p, €9, N1, N2} are determined in RB model [11], and parameter © is
estimated from different surgical types with GRNN [13] respectively.

The GRNN based on kernel regression networks [25] is a variation of the radial basis neural
networks. Without iterative training procedure as back propagation networks, GRNN
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approximates any arbitrary function between input and output vectors, drawing the function
directly estimated from the training data. We use the GRNN to estimate the parameters © for
improving the RB model to describe the biomechanical behaviors of soft facial tissue with
specific CMF surgery. We set cases 1,3,5,6,9,10 (in Table 1) as Group A corresponding
=04, and cases 2,4,7,8,11 as Group B corresponding 6=6,. The improved RB model
algorithm is described below:

1.

Initialize 9@:1, where v is the number of iteration, it always starts from 1
for each case.

(’u+1) _9(1)) RMSE
Calculate ¢ a4 where q, is the mean of the post-

operative soft tissue deformation d;. Meanwhile RMSE is fed into a

procedure which alters the parameter 9 ) from time v to (v +1).

1 n / / - a .
Obtain RMSE £ \/Ezizl(di —d;)?, where, d, is prediction of soft

tissue deformation, and ¢; = Rgi) — Pl(i) is the post-operative soft tissue
deformation, 7= 1,2,3 ...n. nindicates the number of cases included in
Group A or Group B.

Get a template Tgv):{ £, 65 ")} n=1,2,...N, N denotes the numbers

of mesh nodes from Visible Human Female Dataset. Use Tl‘) to do
mapping process with Iterative Closest Point (ICP) algorithm to get skin-

mesh-data M= { m{), m{), m{ } of each case. For the ith case, pre-

skin-pointPO {p)(q)npyn,Pzn}and post-skin- pomtR() {() Sr)l Sg}

are extracted from pre and post- operative CT data of each patient.

An output estimate ¢, is calculated from GRNN. Build the GRNN by
using all but one sample from the set. Designate B8, ), calculated by the
RB model, as the input vector of GRNN. The argument & represents
Cauchy stress tensor, while ) is on behalf of the two material parameters
n1 and np in Eq. (2). We designate djas training output vector of GRNN.
Here /=1,2,...~1, hstands for the case number in Group A or Group B.

An output estimate d; yields to an input vector 3;as below.

S dgexp(— & "’))
Sy op(-C8) g

=Y (5;(8,m) =

Where, Gi(&"l):Z?:l 16j(6,m) — B5(&;0)], The optimal value of
smoothing factor o referring to the size of the neuron’s region is a vital
parameter of GRNN. For optimization of the smoothing factor o [26],the
holdout method consists in removing one sample (6, 1) at a time and
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constructing the network base on all of the other samples Bji(é, 7). Then the

network is used to estimate output d; for the removed sample. By repeating
this process for each sample and storing each estimate, the root mean-
squared error (RMSE) can be measured between the actual sample values

d;and the estimates dz The optimal value of o can be obtained by an
approach hereinafter:

a. Build the GRNN by using all but one sample from the
training set of size n and assign an initial value for o as 1.

b. Apply the resulting GRNN to the holdout sample and then
record the error. Repeat these procedure n times and
compute the root mean squared error (RMSE). RMSE is a
measure of the differences between values output by
GRNN and the values actually observed, calculated as

R 1 n ’ 2
RMSE = \/ Hzizl(di —di)".

c. Change the value of o by a step length such as 0.01 and
repeat the procedure. If the RMSE increases, change the
value of o in the other direction and repeat. If the RMSE
decreases, increase the value of o in the same direction. If
o changes only minutely like 0.005, select the current
value.

Then repeat the procedure (1)-(5) gtimes to get the optimal 95"*‘1) until
the RMSE reaches the minimum, such as RMSE < 0.5.

By the same token, we get the optimal value of parameters 6, for Group B.

Currently we are able to precisely plan the osteotomies (bone surgeries) for new patients, the
surgical plan could be determined from the paired preoperative skull and virtual
postoperative skulls. According to the new patient’s virtual osteotomies, the elastic relevant
parameters in the improved RB model can be chosen to provide the optimal results based on
specific CMF surgical plan. Table 2 shows the material parameters assigned to the soft facial
tissue in the improved RB model. Moreover, the improved RB Model is implemented into
the commercial FEM software ABAQUS6.8 (SIMULIA, Providence, RI) to generate the
stress as the bio-mechanical features to predict the soft facial tissue deformations.

Leave-one-out cross-validation is implemented to assess the accuracy of our prediction. To
be more specific, the validation opts out a single patient from the 11 patients as the test data,
while regarding the remaining patients as training data to train the GRNN model. Then
repeat aforesaid procedure until each patient has been treated as the test data for once.

We evaluate the performance based on the difference £ between the prediction result and
ground truth (post-operative data) of soft tissue deformation given by:
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N _

where X as the actual displacement of the kth node, X, as the predicted displacement of the
kth node, and N denotes the numbers of mesh nodes for calculation. We selected 4530 nodes
in total lying on the skin to compare actual displacements and finite element results.

Table 1 represents the prediction performance of different models namely, statistical
deformation model (SDM) [27], linear FEM (LFEM) [10], and the improved Rubin-Bodner
model (RBM) developed in this research.

4. Discussion

There is convincing evidence that RBM method provides more accurate prediction than any
other methods in Table 1. Since the accuracy of SDM depends significantly on the quantity
of sample data available, the insufficient sample size for training may result in low accuracy.
By taking advantage of bio-mechanical information, the performance of LFEM has been
substantially improved compared to SDM. However, both methods failed to consider the
change of properties on facial soft tissues affected by specific CMF surgery. RBM approach
significantly outperforms these algorithms. The reason is that RBM combines improved RB
Model, statistical information, and individual bio-mechanical information. The results
indicate that the more accurate bio-mechanical information the model has, the better
prediction performance it could achieve.

In finite element modeling, a finer mesh typically results in a more accurate solution for
representing the 3D object. However, as a mesh is made finer, the computation time
increases. Performing a convergence study [28] in maximum stress analysis refines the mesh
and reduces the size of the elements, which will keep the fast computation times and
acceptable accuracy. ABAQUS uses the maximum stress analysis to optimize the mesh
quality by default. In this study, we conducted convergence analysis in ABAQUS to obtain
mesh independent solutions. Mesh convergence was tested by increasing the size of the
mesh elements in ten steps, from step 1 (3.4 mm element) to step 10 (1.6 mm element). The
step size is 0.2 mm. We then selected the maximum stress of the whole model as the result
for convergence test in the various mesh groups. The results of the convergence tests were
shown in Fig. 4 with a mesh element of 2 mm (Step 8). Errors of all groups were within an
accept range (<0.3%).

To make effective prediction of the surgery oriented in the appearance, the quality of
prediction about facial soft tissue deformation is judged by the similarity to actual facial
image after surgery. Because the 4th patient has acute profile and less fat, we take this
paradigmatic case for visualization by using the Inverse Distance Weighted (IDW)
Interpolation [29]. The actual preoperative and postoperative outlook of this patient, and the
color maps of prediction errors by LFEM, RBM methods are illustrated in Fig. 5. In
particular, RBM method in Fig. 5(d) is more faithful than LFEM method in Fig. 5(c) by
comparing to the postoperative data. The red area stands for positive error and blue area
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means negative error. Finally the green area indicates negligible minor error. It is clearly
demonstrated that RBM method is superior over LFEM with closer prediction to the
postoperative image.

5. Conclusions

The challenging problem in craniomaxillofacial surgery is that we do not have a reliable way
of simulating the soft tissue-change resulted from skeletal reconstruction. In current practice,
doctors only plan osteotomies (improving hard tissue functions) and hope for the best for
optimal facial soft tissue. In order to accurately simulate soft tissue changes following the
virtual osteotomies, this study developed a reliable and novel systematic approach to predict
soft facial tissue deformation; an integrated bio-mechanical and statistical learning model
was proposed to meet the prediction accuracy prior to the CMF surgery. The key
contribution of this approach includes (1) improving the Rubin-Bodner model as to better
simulate soft tissue behavior by adaptively optimizing the elastic relevant parameters in its
function for different surgical plans; (2) generating a new mesh data of each patient’s pre &
postoperative faces by mapping from the anatomic detailed template; (3) constructing a 3D
FEM of the soft facial tissue to extract biomechanical stress information based on bone
displacement calculated from pre-operative and post-operative CT data; and (4) establishing
the GRNN method to characterize the relationship between the biomechanical stress feature
and the facial soft tissue deformation. Leave-one-out Cross-validation on all patients
demonstrated the effectiveness and efficiency of our robust model. This model can achieve
significantly high accuracy in soft facial tissue deformations prediction prior to clinical
surgery to prevent the risks of facial distortion after CMF surgery.
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Highlights

. RB model is improved to better simulate soft tissue behavior for CMF
surgery.

. Mesh data of each patient is generated by mapping an anatomic
detailed template.

. 3D FE analysis extracts biomechanical information from bone
displacement.

. GRNN relates the biomechanical information and changes experienced

by tissues.
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Fig. 1.
(a) The preoperative surface scan. (b) The postoperative surface scan. (c) Skull structure

before surgery. (d) Skull structure after surgery. Note that for this patient, all the bone parts
were repositioned after CMF surgery except the gray one.
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Fig. 2.
Anatomic template from the Visible Human Female Dataset.
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Fig. 3.
Hexahedral mesh elements of template.
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Mesh Convergence Analysis

1 2 3 - 5 6 7 8 9 10

Step with Different Size of Mesh Elements

Fig. 4.
Mesh convergence analysis.
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Fig. 5.
Prediction (No.4 patient in Table 2) using RBM method compare with LFEM method. (a)

Pre-operative. (b) Post-operative. (c) LFEM. (d) RBM.
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