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Abstract. The objective quantification of pediatric craniofacial anoma-
lies is essential for diagnosis of pathology and treatment planning. How-
ever, clinical evaluation still relies on subjective assessment or metrics
with low sensitivity because existing craniofacial anatomy models have
been mostly developed for adult applications using methods that typi-
cally fail to capture rapid anatomical changes during pediatric growth
given the unavailability of large normative pediatric datasets. More-
over, they normally require extensive pre-processing and manual an-
notations to create standardized anatomical surface meshes and often
impose strong statistical assumptions. We introduce a novel geomet-
ric learning model that operates directly on diverse anatomical surface
representations of pediatric patients with pathology and does not re-
quire pre-processing. Our model infers the normative distributions in
the population by disentangling anatomical representations from pathol-
ogy, age and sex information. First, it learns a probabilistic mapping
between input surfaces and a uniform, geometrically consistent latent
space. Then, a new variational-adversarial training framework removes
pathology, age and sex information to learn population-wide statistical
distributions, which enables either generating personalized normative ref-
erences to characterize pathology or realistic synthetic data. Trained on
2,696 3D photograms with diverse craniofacial pathologies and evaluated
on normative anatomical regions, our model achieved a point-to-surface
distance of 1.50 ± 0.72 mm. Moreover, our personalized normative ref-
erences allowed identifying phenotypes of cranial pathology with 96%
accuracy. Finally, synthetically generated data showed no significant vol-
umetric differences compared to real data during pediatric development
(p = 0.13). Our results show that our method can generate personal-
ized normative anatomical references and synthesize realistic pediatric
datasets.
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1 Introduction

Pediatric craniofacial development anomalies often indicate the presence of pathol-
ogy [16], and their early detection is paramount for children to receive prompt
care. Beyond diagnosis, the morphological assessment of craniofacial anomalies
is essential for surgical planning and treatment outcomes evaluation. However,
their traditional clinical assessment relies on subjective expert evaluation and/or
simple landmark-based metrics [1] that lack sensitivity to characterize pathol-
ogy [6] and often suffer from ambiguity and reproducibility issues [7].

Although 3D Morphable Models (3DMMs) have been utilized to quantita-
tively assess craniofacial morphologies [9, 14], their use has largely focused on
adult data because of the challenges of modeling the rapid anatomical changes
during pediatric development [8], especially given the typically small available
pediatric image datasets. Moreover, most craniofacial 3DMMs have focused on
modeling either the face or the cranium, motivated by their distinct developmen-
tal pathways and growth profiles [13]. Although recent methods have addressed
some of these challenges [8, 15], they typically require significant pre-processing
or annotations to standardize anatomical mesh representations, which limits
their scalability, reproducibility, and integration into clinical pipelines [9, 11, 14].
Moreover, they often impose strong statistical assumptions that are ill-suited for
capturing the complex and non-linear morphological changes during pediatric de-
velopment, which present distinctive patterns between the face and cranium [2].
In addition, since medical images of healthy children are rare, existing models
are either derived from small datasets [11] or focused on specific pathologies [15].

We present a novel variational deep learning framework to model the norma-
tive development of the craniofacial complex using head surface representations
from children with diverse craniofacial pathologies. Our model builds upon a re-
cent mesh standardization network [3] that creates uniform anatomical represen-
tations of clinical 3D photograms with variable pose, resolution and connectivity
while avoiding pre-processing or manual annotations. Our method then incorpo-
rates a novel adversarial pathology-disentangled encoding approach that removes
pathology information from patient-specific phenotype encodings, in addition to
age and sex information, to obtain personalized normative anatomical refer-
ences. These encodings are then used by a decoding architecture together with
age and sex information to reconstruct craniofacial surface meshes representing
personalized normative anatomical references, which can be used to quantita-
tively characterize pathology. Importantly, our variational approach also enables
learning the statistical distributions of craniofacial anatomy in the normative
population independently from age and sex, and the generation of craniofacial
meshes of synthetic normative children with variable age and sex.
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Fig. 1. Overview of the proposed model architecture.

2 Materials and Methods

Fig. 1 presents an overview of the proposed architecture. In summary, a Mesh
Encoder creates pose-standardized and uniform latent representations of geo-
metrically consistent pseudo-landmarks identified in an unsupervised manner
from anatomical surfaces with variable pose, resolution, number of vertices and
connectivity. The Morphology Disentanglement module isolates a patient’s spe-
cific phenotype from demographic factors (age and sex). Next, the Anomaly
Suppression module decomposes the phenotype into a combination of a norma-
tive representation and its modifications attributable to pathology, and gener-
ates a patient-specific normalized pseudo-landmark representation. Finally, the
Adaptive Sampling Decoder module reconstructs that representation into a full-
resolution surface mesh that represents a personalized normative anatomical
reference.

2.1 Surface Mesh Encoder and Adaptive Sampling Decoder

The Mesh Encoder and Adaptive Sampling Decoder are based on the Adaptive
Sampling Graph Autoencoder (ASGAE) [3], an unsupervised geometric model
designed to create standardized, explainable pseudo-landmark representations
of 3D surface meshes with variable pose, node distribution, and connectivity.
The Mesh Encoder (see Fig. 1) receives a surface mesh represented as an undi-
rected graph G (V, E ,F,C), where V is a set of N nodes, E is a set of edges,
F ∈ RN×3 is a matrix of Euclidean coordinates, and C ∈ RN×3 is a matrix
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of RGB values. As in ASGAE, this module segments in an unsupervised man-
ner a set of DL representative Euclidean points that form an interpretable and
ordered point cloud L ∈ RDL×3 of geometrically consistent pseudo-landmarks
across input surfaces [3]. This segmentation is performed using two blocks: Fuzzy
Segmentation and Pose-Standardization. The Fuzzy Segmentation block applies
geometric convolutions to learn a normalized probabilistic linear transformation
S ∈ RN×DL between the surface mesh space and the pseudo-landmark space, op-
erating directly on F and C. Hence, the initial pseudo-landmark representation
of an input surface is defined as H = S⊤F ∈ RDL×3. The Pose-Standardization
block removes pose from H using a rigid transformation matrix T ∈ R4×4,
estimated via Ordinary Procrustes Analysis [4], to obtain the pose-normalized
pseudo-landmark representation L = HT.

For the generation of full resolution meshes, we used ASGAE’s Adaptive
Sampling Decoder [3] (see Fig. 1), which reconstructs a surface mesh from its
pseudo-landmark representation. Given a pseudo-landmark representation L, it
restores the pose via H = LT−1 ∈ RDL×3. The Adaptive Sampling Decoder
leverages the learned convolutional features from the Fuzzy Segmentation block
and an attention block to learn a non-linear transformation matrix A ∈ RN×DL

that converts H back into a mesh feature matrix as F′ = AH ∈ RN×3, which is
used to reconstruct the original surface mesh from its pseudo-landmark represen-
tation as G (V, E ,F′). Note, in this work, RGB values were only used to facilitate
learning, but were not encoded or reconstructed since they are not relevant to
anatomy. Additional details can be found in [3].

2.2 Demographic-Independent Pathology Disentanglement

Using the standardized pseudo-landmark representations L produced by the
Mesh Encoder, we propose a variational framework for separating pathological
from normative morphology, and for modeling the normative anatomical distri-
butions in the population independently from age and sex. This independence is
essential to create a generative model of development using only cross-sectional
data [10]. Our approach consists of two modules: Morphology Disentanglement
(MD) and Anomaly Suppression (AS). The MD module attempts to learn pa-
tient phenotype representations that are independent from age and sex. The
AS module aims to decompose these phenotype representations into two com-
ponents: a normative phenotype and the changes induced by pathology. Then,
it models the statistical anatomical distributions in the normative population
using standard normal distributions. Note that normally distributed latent fea-
tures do not necessarily translate into normally distributed Euclidean surface
mesh representations.

Morphology Disentanglement. This module uses variational training to
learn the mean and variance representing the confidence interval of a set of encod-
ing features from L through a Morphology Encoder (ME) block. The ME block
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receives the concatenation of the pseudo-landmark representation L and a de-
mographic embedding of age and sex [vec(L);d] ∈ R3DL+Dd learned by a demo-
graphic embedding block (Fig. 1). Then, it learns the latent representation of spe-
cific patient phenotypes conditioned on age and sex as q (z | L,d) ∼ N (µ,Σ),
where µ ∈ RDz is the predicted mean vector and Σ ∈ RDz×Dz is a diagonal
covariance matrix. In our implementation, the ME block learns the logarithm of
the diagonal of Σ to facilitate training. A latent phenotype vector z ∈ RDz is
obtained by sampling from q (z | L,d) via reparameterization [7], which allows
for stochastic sampling while preserving differentiability. Then, a multi-layer per-
ceptron network predicts age (â) and sex (ŝ) from z and promotes demographic
independence via gradient reversal [5]. See layer details in Fig. 1.

Anomaly Suppression. This module models the population-wide normative
distribution of anatomy as p(zn) ∼ N (0, IDz), and decomposes each patient’s
phenotype into a normative anatomy vector zn ∈ RDz modeled as an observa-
tion from p(zn), and a pathological deviation vector δ ∈ [−ε, ε]Dz , where ε is
a hyperparameter representing the number of standard deviations away from
normality that the model allows. Thus, the phenotype z of a patient is regarded
as z = zn + δ, where δ is estimated from z by a fully connected linear layer
with ReLU activation followed by a second linear layer, batch normalization
and hyperbolic tangent activation (see Fig. 1). We include a classification block
consisting of batch normalization and a linear layer. It receives the difference
between the normalized z and zn, and outputs class probabilities p̂ ∈ [0, 1]K

that z belongs to the kth pathology group. This design encourages pathological
variation to be captured in δ, disentangling it from zn.

Finally, a Reference Generator (RG) block learns to convert [zn;d] ∈ RDz+Dd

to pseudo-landmarks to produce a patient-specific normative pseudo-landmark
reference Ln ∈ RDL×3 conditioned on d, which is subsequently decoded into
a full-resolution surface mesh representing a personalized normative anatomical
reference mesh as G (V, E ,Fn), where V and E are the input nodes and edges and
Fn represents the Euclidean coordinate feature matrix derived from the geome-
try of Ln. Importantly, this framework also enables the generation of synthetic
normative anatomies by sampling z′n ∼ p(zn) and combining the sampled vector
z′n with a demographic embedding d′ of the desired age and sex.

2.3 Optimization

We initially trained the two modules from ASGAE (Surface Encoder and Adap-
tive Sampling Decoder) as described in [3] to generate standardized pseudo-
landmark representations. Then, for the MD and AS modules to separate norma-
tive from pathological phenotypes, we used five loss terms. First, we encouraged
accurate reconstruction of pseudo-landmarks L̂ from the learned latent represen-
tation z obtained from L using the loss function Lrec = MSE(L, L̂). Second, we
promoted demographic (age and sex) invariance with the adversarial objective
function

Ladv = max
ME

min
DA

(λage MSE (a, â) + BCE (s, ŝ)) , (1)
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where â and ŝ are the predicted age and sex, and a ∈ R and s ∈ {0, 1} denote
ground-truth, BCE(·) denotes binary cross-entropy, and λage is a hyperparame-
ter that balances the contribution of the demographic variables. Third, we pro-
moted population-wide normative distributions for each feature in zn using a
KL divergence loss as

LKL =
1

Dz
DKL

(
N

(
µ̂zn , Σ̂zn

)
∥ N (0, IDz)

)
, (2)

where the mean µ̂zn
∈ RDz and covariance Σ̂zn

∈ RDz×Dz are computed over
the phenotype vectors zn and N (0, IDz) is a multivariate standard normal dis-
tribution. Fourth, we promoted the separation of pathological phenotype traits
via a cross-entropy loss Lpath = CE(y, p̂), where y ∈ {1, . . . ,K} is the true
pathology label for our patients (cranial vs. facial pathology). Finally, to pre-
serve similar representations between the patient phenotype z and its normalized
version zn, we used a cosine distance loss Lcos = 1 − z⊤zn

∥z∥∥zn∥ . The total loss to
train the MD and AS modules was

L = λrecLrec + λadvLadv + λKLLKL + λpathLpath + λcosLcos, (3)

where λrec, λadv, λKL, λpath, and λcos are hyperparameters that balance the rel-
ative contribution from each term.

3 Experiments and Results

3.1 Data Description

After approval by the University of Colorado Anschutz Medical Campus IRB
(protocol #20-1563), we collected a retrospective dataset of 2,696 3D photograms
acquired with the 3dMD Head System (3dMD, Atlanta, GA) from 1,194 children
(844 male, 350 female, aged 2.0± 2.0 years, range 0–10 years) with diverse cran-
iofacial pathologies, which was used to train and evaluate our proposed model.
The dataset included 427 patients with cleft lip and/or palate, 646 patients with
craniosynostosis, and 121 with positional plagiocephaly. Each photogram had
a variable pose, node distribution and connectivity (56,154 ± 9,338 nodes and
168,123 ± 27,999 edges). A subset of 375 3D photograms corresponded to 280
children with single suture craniosynostosis and were acquired prior to their sur-
gical treatment. These patients had the following phenotypic distribution: 60
metopic, 186 sagittal, 7 left coronal, 19 right coronal, 5 left lambdoid, and 3
right lambdoid. This subset was used to demonstrate the ability of our model to
characterize different phenotypes of pathology.

3.2 Training Details

Patients were grouped into cranial (craniosynostosis and plagiocephaly) or facial
(cleft lip and/or palate) pathology groups. The dataset was then split at the
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Fig. 2. (a) Signed P2S distance map (in mm) to normative reference (white wireframe)
for a patient with metopic craniosynostosis. (b) Age- and sex-regressed volumes for the
synthetic and real datasets.

patient level into training (80%), validation (10%), and test (10%) sets stratified
by pathology group. The training dataset was used to train ASGAE as in [3]. The
pseudo-landmark space dimension DL was empirically set to 512. Training was
performed until convergence on the validation dataset, defined as 20 consecutive
epochs without loss improvements, using an Adam optimizer with a learning
rate of 1E-4, cosine annealing decay to 1E-6, and batch size of 3.

Using the pretrained ASGAE model, we computed pseudo-landmark repre-
sentations L for all surfaces, which were used to train the remainder of the model
using Eq. 3. Hyperparameters were heuristically selected as λrec = 1, λKL = 1,
λpath = 5, λadv = 1, λage = 3, λcos = 1, Dz = 256 and ε = 4. Training until
convergence on the validation dataset was performed using the Adam optimizer
with a learning rate of 1E-4, cosine annealing learning rate decay to 5E-5, weight
decay of 0.1, and batch size of 256. All modules were trained on an NVIDIA RTX
A6000.

3.3 Performance Evaluation

We first evaluated ASGAE’s performance at surface mesh reconstruction on the
testing dataset, which provided a point-to-surface (P2S) distance of 0.25± 0.05
mm. Next, we evaluated the accuracy of the proposed framework to generate sur-
face meshes that are personalized. We first calculated the P2S distance between
the input surfaces of our patients and the personalized normative references,
which was 1.50 ± 0.72 mm. Then, we calculated the P2S distance between the
input surfaces and randomly generated normative anatomies with the age and
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sex of the input patients, obtained by replacing their personalized patient phe-
notypes zn with random noise sampled from the learned normal distribution
p(zn). We achieved a P2S distance of 3.51 ± 1.07 mm, which was significantly
higher than the distance to personalized references (Wilcoxon Signed Rank test;
p < 0.001).

Separately, we evaluated the utility of the personalized normative reference
to quantify anatomical anomalies that can characterize diverse phenotypes of
pathology. Specifically, we quantified anatomical anomalies at every pseudo-
landmark in L as their signed Euclidean distance to their normalized version in
Ln. Fig. 2 (a) shows an example of these anomalies projected on the head surface
of a patient with metopic craniosynostosis and right posterior positional plagio-
cephaly. Then, these pseudo-landmark distances were used to train a logistic
regression classifier to distinguish the diverse phenotypes in our curated subset
of pre-surgical 3D photograms of 280 patients with single suture craniosynosto-
sis (see Section 3.1). Evaluated using stratified 10-fold cross-validation stratified
by patient and phenotype, and incorporating sample weighting to account for
class imbalance, our classifier provided an average area under the receiver oper-
ating characteristic curve of 0.97 ± 0.05 and an average classification accuracy
of 96%± 3% across phenotypes.

Finally, we evaluated that the synthetic data generated by our framework
was plausible for the provided age and sex. Specifically, we randomly generated
normative phenotypes zn by sampling the learned statistical distributions. These
were used by the RG together with age and sex to create pseudo-landmark repre-
sentations of normative synthetic subjects, which were decoded into full surface
meshes using ASGAE’s Adaptive Sampling decoder with the nodes and connec-
tivity of a randomly selected reference mesh. We generated as many synthetic
subjects as available in our datasets following the same age and sex distributions.
Then, we calculated the head volumes of both our synthetic normative surface
meshes and real patients, and we regressed these volumes as a function of age,
sex, and origin (synthetic or real) as:

ln(volume) = β0 + β1 ln(age) + β2sex+ β3origin+ β4 ln(age) · sex
+β5 ln(age) · origin+ β6sex · origin+ β7 ln(age) · sex · origin

(4)

where origin is a binary indicator of real (1) or synthetic (0). No significant
effect of origin was identified (Wald test; p = 0.13), indicating no differences
in the volume trajectories between the real and synthetic meshes, as shown in
Fig. 2 (b).

4 Discussion and Conclusion

We introduced a novel geometric learning model that can infer the normative
anatomical distributions in the population using anatomical surfaces of patients
with diverse conditions and create personalized normative references to charac-
terize pathology. Unlike state-of-the-art methods [8, 9, 11, 15], our method does
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not require manual annotations or pre-processing for standardization. Addition-
ally, our variational framework models anatomical distributions independently
from age and sex without restrictive statistical assumptions in the Euclidean
space, which is essential to learn anatomical variability and its significant changes
during pediatric development using cross-sectional data. This is achieved through
our novel MD and AS modules that disentangle pathological morphology, age,
and sex from the normative anatomy, allowing for the generation of personalized
references of normality or synthetic anatomical meshes.

Our extensive experiments show that the generated anatomical references are
personalized, since they provide significantly higher resemblance with the input
patient anatomies than synthetically generated data. We also showed that our
personalized normative references are useful to characterize pathology. Indeed,
the quantified anomalies using these references were not only easy to interpret
(see Fig. 2 (a)) but allowed identifying sub-phenotypes of pathology with state-
of-the-art accuracy [4, 12]. Finally, our framework was able to generate cranio-
facial surfaces that resembled the growth patterns observed in the population
conditioned on age and sex.

To our knowledge, this is the first framework to correct anomalies from
anatomical surface references without requiring normative data, infer population-
wide anatomical distributions independent of age and sex, and generate age- and
sex-specific normative synthetic datasets from cross-sectional data of patients
with pathology without manual annotations or extensive pre-processing. While
validation with independent healthy cohorts is the next logical step, our results
provide strong evidence given the scarcity of pediatric normative data. Future
work also includes the study of the generalization of our framework to other
anatomical structures.
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