1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Med Image Anal. Author manuscript; available in PMC 2023 August 23.

-, HHS Public Access
«

Published in final edited form as:
Med Image Anal. 2023 January ; 83: 102644. doi:10.1016/j.media.2022.102644.

Bidirectional prediction of facial and bony shapes for
orthognathic surgical planning

Lei Ma?, Chunfeng Lian?, Daeseung KimP, Degiang Xiao? Dongming Wei?, Qin Liu?,
Tianshu KuangP, Maryam Ghanbari?, Guoshi Li?, Jaime GatenoP, Steve G.F. Shend, Li
Wang?, Dinggang Shen?2, James J. XiaP¢", Pew-Thian Yap®™

aDepartment of Radiology and Biomedical Research Imaging Center (BRIC), University of North
Carolina at Chapel Hill, Chapel Hill, NC 27599, USA

bDepartment of Oral and Maxillofacial Surgery, Houston Methodist Hospital, Houston, TX 77030,
USA

¢Department of Surgery (Oral and Maxillofacial Surgery), Weill Medical College, Cornell
University, NY 10065, USA

dShanghai Ninth Hospital, Shanghai Jiaotong University College of Medicine, Shanghai 200025,
China

Abstract

This paper proposes a deep learning framework to encode subject-specific transformations
between facial and bony shapes for orthognathic surgical planning. Our framework involves

a bidirectional point-to-point convolutional network (P2P-Conv) to predict the transformations
between facial and bony shapes. P2P-Conv is an extension of the state-of-the-art P2P-Net and
leverages dynamic point-wise convolution (i.e., PointConv) to capture local-to-global spatial
information. Data augmentation is carried out in the training of P2P-Conv with multiple point
subsets from the facial and bony shapes. During inference, network outputs generated for multiple
point subsets are combined into a dense transformation. Finally, non-rigid registration using the
coherent point drift (CPD) algorithm is applied to generate surface meshes based on the predicted
point sets. Experimental results on real-subject data demonstrate that our method substantially
improves the prediction of facial and bony shapes over state-of-the-art methods.
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Introduction

Orthognathic surgery corrects craniomaxillofacial (CMF) deformities (Xia et al., 2015),
primarily to improve facial appearances and secondarily to improve functions such as
chewing, swallowing, and breathing (Shafi et al., 2013; Shahim et al., 2013). Due to

the complexity of face and jaw anatomies, orthognathic surgery relies on precise surgical
planning with the help of computer-aided surgical simulation (CASS) techniques (Xia et
al., 2009, 2011; Yuan et al., 2017; Sonneveld et al., 2019). The techniques typically involve
(1) reconstructing a 3D patient bony model from computed tomography (CT) or cone beam
computed tomography (CBCT) scans; (2) simulating an osteotomy by virtually cutting the
bony model into several bony segments; (3) moving the bony segments to desired positions
to normalize jaw deformities (Wang et al., 2015). Surgeons can accurately and efficiently
plan the bony movements using CASS (Wang et al., 2015; Xiao et al., 2021c,a). However,
they cannot practically predict postoperative facial appearance from the normalized bony
model during the surgical planning process, and just hope for the best that a postoperative
face will “automatically” become normal following the surgery (Kim et al., 2019; Ma et al.,
2021). However, this is often not true in practice because the relationship between bony and
facial soft tissue movements is based on complex and non-trivial physical interactions (Bell
and Ferraro, 1993). Therefore, there is an unmet need in predicting facial appearances given
a normalized bony model to provide surgeons with visual updates needed for continuous
optimization in surgical planning.

Current methods for the prediction of facial appearances mostly rely on biomechanical
simulation methods, e.g., finite-element models (FEMs), mass—spring models (MSMs), and
mass-tensor models (MTMSs) (Nadjmi et al., 2014; Knoops et al., 2018; Kim et al., 2019).
Biomechanical simulation requires labor-intensive and time-consuming data processing,
preventing it from being applied in daily clinical scenarios. In recent years, face-bone
transformation, which reconstructs a facial shape from a bony shape and vice versa, has been
applied to multiple fields, such as forensic medicine (Paysan et al., 2009), CMF surgical
planning (Xiao et al., 2019), archaeology (Duan et al., 2015), and animation (Nguyen et

al., 2020). For example, in planning for the surgery of a patient with facial trauma, a
patient-specific reference bony shape model is estimated from a facial surface reconstructed
from the patient’s pre-traumatic portrait photos (Xiao et al., 2019). However, most methods
for face-bone transformation are based on the unrealistic assumption that similar facial
shapes have similar underlying bony shapes and vice versa, ignoring subject-specificity, thus
resulting in limited performance.

Deep learning has been recently applied to surface parcellation (Gopinath et al., 2019;

Zhao et al., 2019), dental surface labeling (Zanjani et al., 2019; Lian et al., 2020), and

CMF shape prediction (Xiao et al., 2021a,b; Ma et al., 2022). State-of-the-art methods such
as P2P-Net (Yin et al., 2018) perform end-to-end geometric learning on point clouds, the
most straightforward and efficient representation of 3D models. High-level correspondences
between different views (e.g., meso-skeletons and surfaces) can be captured for shape
transformation.
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Here, we propose a point-cloud deep neural network to learn subject-specific
transformations between normal facial and bony shapes. Our method consists of three

main steps. In the first step, we extract multiple point subsets from a high-resolution 3D
model (i.e., facial surface or bony surface mesh) for efficient end-to-end network training.
In the second step, we employ a bidirectional P2P-Convto predict the transformations
between the bony point clouds and the respective facial point clouds. Our P2P-Conv consists
of two sub-networks: one to predict face-to-bone (F2B) transformation and the other to
predict bone-to-face (B2F) transformation. P2P-Conv extends the state-of-the-art P2P-Net
(Yin et al., 2018) by applying dynamic point-wise convolution (/.e., PointConv Wu et al.,
2019) to comprehensively capture local-to-global spatial information of CMF shapes. In
the third step, P2P-Conv predictions for multiple point subsets are combined to obtain a
high-resolution point cloud output. A 3D surface mesh is finally reconstructed by non-rigid
registration. Our method outperforms state-of-the-art methods in predicting facial and bony
shapes on a dataset of 45 real subjects.

The contribution of our paper is three-fold:

2.

2.1

1 We propose a deep learning framework to predict subject-specific
transformations between facial and bony shapes. The core of the framework
is a bidirectional P2P-Conv, comprehensively capturing the complex geometrical
correspondences between bony and facial shapes.

2. We propose a strategy to augment the training set for P2P-Conv by extracting
multiple pairs of non-overlapping facial and bony point subsets from each
subject using a two-step point sampling strategy.

3. Our method improves the prediction accuracy of facial and bony shapes by
25.7% and 21.0%, respectively, compared with the sparse representation (SR)
method described in Xiao et al. (2019).

The rest of the paper is organized as follows. Related work, including face-skull modeling
and deep learning on 3D point clouds, is briefly reviewed in Section 2. The proposed
framework is described in detail in Section 3. Experimental results are presented in Section
4. Finally, the paper is concluded in Section 5.

Related work

Face-skull modeling

Existing face-skull modeling methods are mainly proposed for forensic facial reconstruction
from skull structure. For example, Paysan et al. (2009) proposed statistical shape models
(SSMs) for faces and bones, optimized via ridge regression. Duan et al. (2014) constructed
two tensor models for face and bony subspaces. Mapping from the bone subspace to the
facial subspace is performed using partial least squares regression (PLSR). Other relevant
methods can be found in Duan et al. (2015), De Buhan and Nardoni (2016), Shui et al.
(2017) and Madsen et al. (2018). In a more recent work (Xiao et al., 2019), SR is employed
to reconstruct reference bony models from pre-traumatic portrait photos. Specifically, two
dictionaries are constructed for facial and bony models extracted from a set of normal
subjects. Sparse coefficients are learned from a facial model reconstructed from the pre-
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traumatic portrait photos and are applied to the bony dictionary to generate in a bony model.
However, these methods are based on the assumption that subjects with similar facial shapes
have similar underlying bony shapes, unrealistically ignoring subject-specific relationships
between facial and bony shapes.

Deep learning on 3D point clouds

2.2.1. Learning from point sets—There is a recent emergence of deep learning
methods for point sets (Qi et al., 2017a; Li et al., 2018; Guo et al., 2019). A pioneering
method, called PointNet, learns spatial features from unordered point sets (Qi et al., 2017a).
PointNet++ (Qi et al., 2017b) extends PointNet by learning spatial features hierarchically.
PointCNN (Li et al., 2018) utilizes y-transformation for point permutation and employs
x-Conv, which is invariant to point ordering, to learn point shape information. SpiderCNN
(Xu et al., 2018) extends convolutional operations from regular grids to irregular point sets
by using parametrized convolutional filters. PointConv (Wu et al., 2019) defines density
re-weighted convolution on point sets as a Monte Carlo estimate of a continuous 3D
convolution.

2.2.2. Cross-domain shape transformation—Leveraging PointNet++ (Qi et al.,
2017b), P2P-Net (Yin et al., 2018) learns geometric transformations between point-based
shape representations from two domains. P2P-Net is a bidirectional point displacement
network that transforms a source point set into a prediction of the target point set and

vice versa. P2P-Net is a weakly-supervised network trained using paired point sets without
strict P2P correspondence. However, PointNet++ does not explicitly consider the spatial
distribution of points for point feature aggregation, and may fail to capture some helpful
shape information. More recently, LOGAN (Yin et al., 2019) was proposed to perform
cross-domain transformation based on a generative adversarial network (GAN) (Goodfellow
et al., 2014) using shape information encoded in a shared latent space. LOGAN is an
unsupervised network designed for learning transformation from unpaired shapes. Although
easier to train due to its unsupervised nature, LOGAN does not perform P2P-Net on
supervised tasks (Yin et al., 2019).

3. Materials and methods

3.1.

Data and pre-processing

We randomly selected 45 CT head scans of normal subjects from our digital archive for
method development and evaluation. Subjects with jaw deformities, previous jaw/facial
cosmetic surgeries, or CMF trauma were excluded. These CT scans were deidentified and
obtained from a digital library collection at the Department of Oral and CMF Surgery at
Shanghai Ninth People Hospital, Shanghai Jiao Tong University School of Medicine (Yan

et al., 2010). The images were acquired using a 64-slice GE scanner following a standard
clinical protocol: 512 x 512 matrix, 25 cm field of view, and 1.25 mm slice thickness (Yan et
al., 2010; Wang et al., 2015).

Facial and bony models were first automatically segmented from the CT scans using a
deep-learning-based segmentation method proposed in Liu et al. (2021), followed by manual
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correction by an experienced oral surgeon. To align the segmented models to the same
space for efficient training, we first rigidly registered each segmented bony model to a bony
template. Then, the corresponding facial model was transformed using the transformation
matrix obtained from the rigid registration. The bony template was predetermined as the
bony model with landmarks closest to the average bony landmarks of the subjects in the
dataset. The aligned facial and bony models were cropped to retain only the CMF region,
which is pertinent to orthognathic surgery.

3.2. Overview of the proposed framework

3.3.

The proposed bidirectional face-bone shape transformation framework consists of three
main parts (Fig. 1). First, using a proposed two-step point sampling strategy, multiple non-
overlapping point subsets are uniformly sub-sampled to represent the high-resolution bony
or facial shape. Then, these bony (or facial) point subsets are fed to our P2P-Conv separately
to predict the corresponding facial (or bony) point subsets. Our P2P-Conv consists of two
sub-networks: F2B and B2F. Finally, the predicted point subsets in either the facial or

bony domain are merged to generate a dense point set. A high-resolution surface mesh is
generated by non-rigidly registering predetermined templates to the dense point set using the
CPD algorithm (Myronenko and Song, 2010).

Point sampling

Due to GPU memory limitations, we introduce a two-step point sampling strategy to sub-
sample multiple non-overlapping point subsets from high-resolution facial and bony shapes.
Specifically, given a high-resolution shape mesh S, N, non-overlapping M-point subsets
@, P ... Py are first sub-sampled randomly from the mesh vertices. Then, Poisson-disk
sampling (Yuksel, 2015) is employed to further uniformly sub-sample = points from each

—~i N . . . SN . . .
point subset in {PS},.:II, resulting in N, m-point subsets {P’s} ' . Poisson-disk sampling
produces tightly-packed points, but are no closer to each other than a specified minimum

distance. Compared to random sampling, Poisson-disk sampling provides a more uniform
point distribution over the sampling domain.

3.4. P2P-Conv

We develop a bidirectional P2P-Conv to capture the nonlinear transformation (i.e., point
displacement) between the facial and bony shapes. P2P-Conv is an extension of a state-
of-the-art shape transformation network called P2P-Net (Yin et al., 2018). P2P-Net is

a bidirectional shape transformation network-based on PointNet++. The training of the
P2P-Net is weakly supervised by point sets of paired source and target shapes without
relying on strict P2P correspondence. However, P2P-Net is inaccurate for complex shapes
like the facial and bony shapes mainly because PointNet++ (Qi et al., 2017b) uses
max-pooling to aggregate and propagate geometric features and is hence not effective

in capturing localized spatial information. To improve accuracy, we employ PointConv
(Wu et al., 2019) for dynamic point-wise convolution. PointConv is an extension of the
Monte Carlo approximation of the 3D continuous convolution operator (Hermosilla et al.,
2018). PointConv learns multi-layer perceptrons on local point coordinates to approximate
continuous weight and density functions in convolutional filters. Compared with PointNet+
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+, PointConv can capture more localized spatial information. Therefore, by leveraging
PointConv, P2P-Conv can more comprehensively capture local-to-global spatial information
to facilitate shape transformation.

3.4.1. Architecture—The architecture of P2P-Conv is shown in Fig. 2. Given a pair of
CMF facial shape F and bony shape B, P2P-Conv learns the bidirectional transformation
between point subsets from F and B, i.e., P and P;.

As shown in Fig. 2(a), P2P-Conv adopts a bidirectional architecture, similar to P2P-Net,
and consists of two point-displacement sub-networks catering to transformations in opposite
directions, i.e., F2B and B2F. The two point-displacement sub-networks share a common
architecture as shown in Fig. 2(b). The F2B sub-network generates a set of displacement
vectors I, that are applied to P. to predict the corresponding bony point set P,

P,=P.+1.. (€)

B2F predicts the facial point set P,,

P.=P,+1,. @)

Each sub-network in P2P-Conv learns a multi-scale feature embedding for each point

using an encoder, consisting of sampling, grouping, and dynamic convolution layers (i.e.,
PointConv), as shown in Fig. 2(b). The sampling layer samples a subset of points from the
given input point set using iterative farthest point sampling (Qi et al., 2017b). The grouping
layer organizes the sampled point set from the sampling layer into point subsets using a

ball query approach, which finds all points that are within a radius to the query point (Qi

et al., 2017b). To abstract their point features, the PointConv layer performs convolutional
operators on the grouped point subsets. The decoder consists of interpolation and PointConv
layers. The interpolation layer propagates point features by interpolating feature values using
inverse distance weighted average based on k nearest neighbors (Qi et al., 2017b). Then,

the interpolated features are concatenated with features from the encoder with the same
resolution using skip links. Finally, PointConv is applied to the concatenated features. Point-
wise outputs from the decoder are processed by a MLP to generate point-wise displacements
(i.e., Iy or I).

3.4.2. Loss functions—P2P-Conv is trained so that the predictions P, and P; are as
close as possible to their targets P, and P;. In this work, we use the loss function of P2P-Net
(Yinetal., 2018) to train P2P-Conv. Specifically, a geometric loss L, is used to measure the
geometric differences between the predicted and target point sets. The loss consists of two
terms: shape loss and point-density loss. The shape loss L, computes the sum of distance
errors between the predicted point set P and the target point set P:
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L@ P =1 D min d(x,y) + 1 D min d(x, ), 3
" EPyep moTpxeEP
yebPpP
where d(x, y) denotes the Euclidean distance between points x and y. », represents the
number of points in the predicted point set. Note that the shape loss is calculated without
relying on P2P correspondence between the predicted point set P and the target point set P.

The point-density loss L, measures the density similarity between P and P (Yin et al., 2018):

k
% Y. D, ld(x, O[P,x]) - d(x, O[P, x])l, @

'xePi=1

L(P,P) =
where O,[P, x] denotes the ih point of the k nearest points to x from point set P. Therefore,
the geometric loss L, is defined as

L,(P,P) = L(P,P) + uL(P,P), ©®
where y is a tuning parameter controlling the contribution of the density loss.

Complementary to the geometric loss, a cross-regularization loss L. is adopted to encourage
the consistency between the displacement vectors I and I:

L®.P)=— 3 min d(lx,x+ L) [y + LD

'xEPYEP:
) ®)
+— Y min d(x,x+ L)) [y + L))
n, P,
yE PBX € p
The total loss function of P2P-Conv is
L(P.,P,) = L (P, P) + L(P,,P,) + AL(P,, P,), )

where 4 controls the contribution of the cross-regularization loss.

3.4.3. Data augmentation—We augment the training set to improve prediction
accuracy and avoid overfitting. First, given a subject in the training set, N, non-
overlapping facial point subsets P, i = 1, 2, ..., N,, and N, non-overlapping bony point
subsets P}, j = 1,2, ..., N,, are sampled respectively from the facial and bony model of the
subject using the two-step point sampling strategy described in Section 3.3. Each point
subset contains 4096 points. Each sub-sampled facial point set can be paired with N,
different bony point sets, generating a total of N, x N, pairs of facial-bony point sets for
training. These facial-bony point sets generated in data augmentation are paired since the
facial and bony point sets are sub-sampled from the same subject. N, is set to 10 in our
implementation.
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3.5. Surface mesh reconstruction
According to Fig. 1, N, facial point subsets P;, i = 1, 2,..., N, sub-sampled from a high-
resolution facial mesh surface are fed individually to the F2B sub-network, outputting
predicted bony point subsets Py, i = 1, 2, ..., N,. The output point subsets are merged into a

dense bony point set P}, The dense facial point set P; is obtained in the same manner. N,

is set to five in our implementation. Mesh surfaces are then reconstructed for the predicted
point sets with the help of multiple templates. One template is the facial/bony model
averaged across all subjects. Three additional representatives facial/bony models are added
as templates. We non-rigidly register the four bony templates to each predicted bony point
set and select the registered template with the least error as the surface mesh of the predicted
bony point set. The facial surface mesh is generated in the same manner.

3.6. Implementation details and parameter optimization

Due to GPU memory limitations, deep learning networks can only handle point sets of
moderate size. For example, PointCov (Wu et al., 2019) can take no more than 5000 points.
Therefore, we set the number of points in each point subset to m = 4096. We separately feed
N, point subsets to P2P-Conv to generate a dense point set prediction with N, x 4096 points.
The value of N, mainly affects the accuracy of the final reconstructed mesh surfaces and the
mesh surface reconstruction time. We evaluated and measured the shape prediction error and
surface reconstruction time for different N,’s. Specifically, we randomly selected 36 subjects
as the training set and one random subject from the training set for validation. We used the
remaining nine subjects for testing. We used the square root of Chamfer Distances (CD)
(Fan et al., 2017) to measure the shape error of the predicted facial surfaces:

1XEPg[yGP lyeflxepgl

where P and P, represent a predicted point set and the ground truth, respectively. The results
(Fig. 3) indicate that as N, increases, the shape error decreases but the time cost for mesh
surface reconstruction increases. To balance between shape error and reconstruction time,
we set N, to 5 and M to 20,480 (5 x 4096). Sampling with 20,480 points using Poisson-disk
sampling roughly covered the shape uniformly.

The number of points {n,, n, ns, n,, ns} associated with each layer in the point displacement
sub-network was set to {4096,1024,256,64,32} following PointConv (Wu et al., 2019). The
dimensions of the output point-feature vectors in the feature-encoding and feature-decoding
modules were set to {64,128,256,512,512,256,128,128} following Qi et al. (2017b) and Wu
et al. (2019). The MLP in P2P-Conv was designed with 128, 64, 3 channels following the
point displacement networks proposed in Liu et al. (2019) and Ma et al. (2021). Using the
Adam optimizer, P2P-Conv was trained by minimizing the loss function (7). The batch size
was set to three due to GPU memory limitation. The training and validation logs of P2P-
Conv, shown in Fig. 4 for one cross-validation, indicate that the model starts overfitting from
100 epochs. In our implementation, we trained our model with 200 epochs. The learning
rate was set to 1e-3 and decayed to 1e-4 at discrete intervals during training following Yin
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et al. (2018). The value of k in (4), x in (5) and 4 in (7) were empirically set to 16, 0.3

and 0.1, respectively. The aforementioned implementation parameters are summarized in
Table 1. The models were trained on a machine with 32GB memory and an 11GB GeForce
GTX 1080 Ti. It took roughly 25 mins to train one epoch using 3600 pairs of facial-bony
point sets. The software libraries used in this implementation include Visualization Toolkit,
Open3D and Tensorflow.

4. EXperiments

4.1. Competing methods

Our framework was first compared with two state-of-the-art methods, i.e., a principal
component analysis (PCA)-based face-bone shape transformation framework (Shui et al.,
2017) and a SR-based framework (Xiao et al., 2019). To verify the effectiveness of
PointConv (Wu et al., 2019), we also compared our framework with PointNet++ and
SpiderCNN. We used the same training and testing sets as the proposed method. The data
was augmented to avoid overfitting. These methods are summarized as follows:

1 SR: The SR-based framework was implemented according to Xiao et al. (2019).
Specifically, facial and bony dictionaries were constructed using the training
subjects’ facial and bony point sets. Strict P2P correspondence was needed for
point sets in the same domain. A facial template with 36 213 points and a bony
template with 30 812 points were non-rigidly registered to the training subjects’
sampled facial and bony point sets using CPD, respectively. The warped facial
and bony templates were used to construct the facial and bony dictionaries. The
sparse coefficients of facial and bony point sets were used to construct the bony
and facial shapes, respectively.

2. PCA: The PCA-based face-bone shape transformation framework was
implemented according to the techniques in Shui et al. (2017). Specifically,
SSMs of the skull and face were first constructed by PCA using the sub-sampled
facial and bony point sets in SR. Then linear regression was employed to
determine the relationship between facial and bony models. Given a skull, PC
scores of the skull were estimated using the bony SSMs. To predict a face from
the skull, a group of PC coefficients was calculated using the bony PC scores and
the linear face-bone relationship. A 3D face was estimated by applying the PC
coefficients to the facial statistical shape model.

3. PointNet++: P2P-Net using PointNet++ (Qi et al., 2017b) shape transformation
framework was implemented according to Yin et al. (2018).

4. Spider CNN: Like PointConv, SpiderCNN learns point features via convolution
on irregular point sets. Convolution in SpiderCNN, called SpiderConv, is
based on a family of parametrized filters (Xu et al., 2018). We implemented
SpiderCNN-based P2P-Net using an architecture similar to P2P-Conv, but with
PointConv encoder/decoder replaced with SpiderCNN encoder/decoder.
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4.2. Experimental setup

We performed 5-fold cross-validation by randomly dividing the 45 normal subjects into 5
groups, each of which has 9 subjects. In each iteration, one group (9 subjects) was used
for testing. In the remaining 4 groups (36 subjects), one subject was randomly reserved
for validation, and the other 35 subjects were used for training. The results of the 5 cross-
validations were averaged and reported.

Using our data augmentation method, we created 100 pairs of facial-bony point sets for
each subject in the training set. For the testing set, N, = 5 pairs of facial-bony point sets
(m = 4096) were sub-sampled for each subject using our point sampling strategy. In the
testing phase, the testing group’s facial and bony point sets were fed into the trained

F2B and B2F sub-networks to predict the bony and facial point sets (20,480 points each),
respectively. Then, the CPD registration was used to reconstruct the surface meshes.

Qualitative evaluation was done by comparing the predictions with the ground truths after
rigid alignment. For quantitative evaluation, the shape error of the predicted point sets was
first estimated using the square root CD. Then, landmark error (i.e., the Euclidean distances
of 36 facial landmarks and 48 bony landmarks) and shape error were calculated for the
generated facial and bony surface meshes. Among these landmarks, 16 facial and 31 bony
landmarks were selected to evaluate the prediction accuracy in the jaw region more closely.
The locations of these facial and bony landmarks are shown in Fig. 5. We performed the
paired t-test between the shape errors achieved by our method and the competing methods.

4.3. Results

4.3.1. Qualitative evaluation—Figs. 6 and 7 show representative results of the facial
and bony point sets predicted by P2P-Net, SpiderCNN-based P2P-Net and the proposed
PointConv in comparison with the respective ground truths. For clarity, the results for only
one point subset (4096 points) are shown. The results indicate that the facial and bony
shapes predicted by P2P-Conv are in higher agreement with the ground truths than SR, PCA,
and the other deep learning methods.

4.3.2. Quantitative evaluation—Table 2 summarizes the shape errors of the facial and
bony point sets (4096 points) given by different methods before surface mesh generation.
Table 3 shows the landmark-based error and shape error of the generated facial and bony
surface meshes, which have around 30 000 and 50 000 vertices, respectively. The following
observations can be made:

1 Deep learning methods perform better than the PCA and SR methods. Note
that, unlike SR and PCA, no P2P correspondence is needed to train the learning-
based methods. Establishing point-wise correspondences of tens of thousands of
points is time-consuming, limiting the practical application of the SR and PCA
methods.

2. P2P-Conv outperforms PointNet++ and SpiderCNN-based P2P-Net, giving
smaller landmark errors. This suggests that capturing local-to-global point
features using PointConv leads to more accurate shape transformations.
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3. P2P-Conv yields better prediction accuracy in the jaw region, the target area of
orthognathic surgery.

Similar conclusions can be drawn from the surface deviation results shown in Fig. 8.

4.3.3. Effectiveness of data augmentation—We compared the performance of P2P-
Net and P2P-Conv trained with and without data augmentation. Results summarized in Fig.
9 for a representative subject show that data augmentation results in shape prediction that

is more accurate globally and locally with smoother edges and more uniform point sets.
Using 5-fold cross-validation, the data augmentation strategy reduces the average facial/
bony landmark errors from 4.94 mm/4.21 mm to 4.57 mm/3.96 mm for P2P-Net and from
4.16 mm/3.74 mm to 3.88 mm/3.41 mm for P2P-Conwv.

4.3.4. Effectiveness of multi-template mesh generation—We compared the
performance of mesh generation using multiple templates and an average template only.
Multi-template mesh generation reduces the average facial/bony landmark errors from
3.88mm/3.41 mm to 3.61mm/3.16 mm.

4.3.5. Effectiveness of dense prediction—Dense prediction (20,480 points) captures
local details better and reduces the average shape error of the facial mesh surfaces from 2.82
mm to 2.73 mm compared with sparse prediction (4096 points) (Fig. 10).

5. Conclusion and discussion

This paper presents a deep learning framework to learn the subject-specific nonlinear
transformation between CMF facial and bony shapes for computer-aided orthognathic
surgical planning. The core of the proposed framework is a bidirectional P2P-Conv network
called P2P-Conv, which leverages PointConv to capture local correlations of 3D point sets
for accurate shape transformation. To generate a dense prediction for complex shapes, we
design a two-step point sampling strategy to uniformly sub-sample multiple non-overlapping
point subsets as inputs to P2P-Conv. We augment the training set to improve the shape
transformation accuracy. Qualitative and quantitative experimental results demonstrate that
our framework more accurately estimates the transformation between CMF facial and bony
shapes than state-of-the-art sparse-representation and deep-learning methods.

P2P-Conv outperforms the original P2P-Net (Yin et al., 2018) and the SpiderCNN-based
(Xu et al., 2018) P2P-Net. Compared with P2P-Net, P2P-Conv yields smoother, more
accurate, and uniform point sets. PointConv performs better than SpiderCNN, although both
are convolution networks for point sets. PointConv is a full approximation of convolution
and can perform point-set deconvolution similar to image deconvolution to propagate
information in the coarse layers to finer layers (Wu et al., 2019). In contrast, SpiderCNN
cannot perform point deconvolution due to its design (Xu et al., 2018), restricting its
performance in our shape transformation task.

We use surface mesh templates to recover facial and bony surface meshes from predicted
point sets. However, this approach can be limited in shape recovery. Fig. 11 shows an
example where the reconstructed facial surface differs from its ground truth. Potential causes
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are as follows: (1) The employed non-rigid registration method might not be able to recover
local shape information. (2) The templates could bias the generated surfaces. (3) The surface
topology is fixed by the template. This limitation can be alleviated when applied to the
postoperative facial appearance prediction task, where the patients’ pre-operative models are
used to generate the final surface meshes.

Our method achieves state-of-the-art performance by estimating the transformation between
CMF facial and bony shapes. However, the performance is partially limited by the training
sample size. This work used only 35 subjects to train P2P-Conv, causing unsatisfactory
results compared with the SR-based method in some cases. There were three and two
unsatisfactory cases for predicting facial and bony shapes, respectively. In the future, we will
evaluate our method with more training samples collected from multiple sites. We will also
pre-train the proposed network using abnormal subjects to improve performance.

In the future, we will augment the current framework with the ability to estimate prediction
uncertainty. This can be achieved, for example, via deep ensembles, which have been shown
to perform better than Monte Carlo dropout in uncertainty estimation for 3D point clouds
(Hochgeschwender et al., 2020).

Code is available at https://github.com/Marvin0724/Face_bone_transform.
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Fig. 1.
P2P-Conv for subject-specific nonlinear transformations between facial and bony shapes.

P2P-Conv outputs generated from multiple point subsets are merged to generate dense
surface meshes via non-rigid registration with a template.
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Fig. 2.
(a) The architecture of the bidirectional P2P-Conv displacement network for transformation

between facial and bony shapes. Encoder and decoder blocks form the point feature
abstraction and propagation modules based on the PointConv network (Wu et al., 2019).

Ig and Iz denote the point displacement vectors associated with the facial and bony shapes,
respectively. (b) PointConv-based point-displacement sub-network.
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Shape error and reconstruction time as a function of the number of point subsets in point

sampling.
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Fig. 5.
(a) Facial and (b) bony landmarks. Landmarks on the jaw are yellow.
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Fig. 6.
Predicted facial point sets (green) and the ground-truth point sets (red).

Med Image Anal. Author manuscript; available in PMC 2023 August 23.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Maetal.

PointNet++ P2P-Ne SpiderCNN P2P-Net

Case 4

Fig. 7.
Predicted bony point sets (green) and the ground-truth point sets (red).
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Fig. 8.
Color-coded surface deviation errors between the predicted surfaces and the ground-truth
surfaces.
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Fig. 9.
Facial and bony point sets predicted by P2P-Net and P2P-Conv with and without data

augmentation.
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Fig. 10.
An example of sparse (4096) and dense (20,480) point predictions.
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@ (b) ©

Fig. 11.
An example of facial surface recovered using the proposed mesh generation method. (), (b)

and (c) are the selected facial surface mesh template, the recovered facial surface mesh, and
the ground truth.
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