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Figure 1. The bespoke Combined Face & Head Models. Visualisation of the first two shape components along with the mean head shape.

Abstract

Three-dimensional Morphable Models (3DMMs) are
powerful statistical tools for representing the 3D surfaces
of an object class. In this context, we identify an interesting
question that has previously not received research attention:
is it possible to combine two or more 3DMMs that (a) are
built using different templates that perhaps only partly over-
lap, (b) have different representation capabilities and (c)
are built from different datasets that may not be publicly-
available? In answering this question, we make two con-
tributions. First, we propose two methods for solving this
problem: i. use a regressor to complete missing parts of
one model using the other, ii. use the Gaussian Process
framework to blend covariance matrices from multiple mod-
els. Second, as an example application of our approach,
we build a new face-and-head shape model that combines
the variability and facial detail of the LSFM with the full
head modelling of the LYHM. The resulting combined shape
model achieves state-of-the-art performance and outper-
forms existing head models by a large margin. Finally, as an
application experiment, we reconstruct full head represen-
tations from single, unconstrained images by utilizing our
proposed large-scale model in conjunction with the Face-
Warehouse blendshapes for handling expressions.

1. Introduction

Due to their ability of inferring and representing 3D sur-
faces, 3D Morphable Models (3DMMs) have many appli-
cations in computer vision, computer graphics, biometrics,
and medical imaging [4, 15, 1, 26]. Many registered raw
3D images (‘scans’) are required for correctly training a
3DMM, which comes at a very large cost of manual labour
for collecting and annotating such images with meta data.
Sometimes, only the resulting 3DMMs become available to
the research community, and not the raw 3D images. This is
particularly true of 3D images of the human face/head, due
to increasingly stringent data protection regulations. Fur-
thermore, even if 3DMMs have overlapping parts, their res-
olution and ability to express detailed shape variation may
be quite different, and we may wish to capture the best prop-
erties of multiple 3DMMs within a single model. However,
it is currently extremely difficult to combine and enrich ex-
isting 3DMMs with different attributes that describe distinct
parts of an object without such raw data. Therefore, in this
paper, we present a general approach that can be employed
to combine 3DMMs from different parts of an object class
into a single 3DMM. Due to their widespread use in the
computer vision community, we fuse 3DMMs of the human
face and the full human head, as our exemplar, thus creating
the first combined, large-scale, full-head morphable model.
The technique is readily extensible to incorporate detailed
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models of the ear [10] and the body, and indeed is applica-
ble to any object class well-described by 3DMMs.

More specifically, although there have been many mod-
els of the human face both in terms of identity [17, 30, 28]
and expression [8, 29], very few deal with the complete
head anatomy [11]. Building a high-quality, large-scale sta-
tistical model that describes the anatomy of the full human
head paves directions across numerous disciplines. First, it
will assist craniofacial clinicians in diagnosis, surgical plan-
ning, and assessment. Second, generating proportionally
correct head models based on the geometry of the face will
aid computer graphics designers to create realistic avatar-
like representations. Finally, a head model will give oppor-
tunities that aim at reconstructing a full head representation
from data-deficient sources, such as 2D images.

Our key contributions are: (i) a methodology that aims to
fuse shape-based 3DMMs, using the human face and head
as an exemplar. (Note that the texture component of the
3DMM is out-of-scope of this paper and the subject of our
future work.) In particular, we propose both a regression
method based on latent shape parameters, and a covari-
ance combination approach, utilized in a Gaussian process
framework, (ii) a combined large-scale statistical model of
the human head in terms of ethnicity, age and gender that
is significantly more accurate than any other existing head
morphable model - we make this publicly-available for the
benefit of the research community, including versions with
and without eyes and teeth, and (iii) an application experi-
ment in which we utilize the combined 3DMM to perform
full head reconstruction from unconstrained single images,
also utilizing the FaceWarehouse blendshapes to handle fa-
cial expressions.

2. Face and head model literature
The first 3DMM was proposed by Blanz and Vetter [3].

They were the first to to recognize the generative capabili-
ties of a 3DMM and they proposed a technique to capture
the variations of 3D faces. Only 200 scans were used to
build the model (100 male and 100 female) where dense
correspondences were computed based on optical flow that
depends on an energy function that describes both the shape
and texture. The Basel Face Model (BFM) is the most
widely-used and well-known 3DMM, which was built by
Paysan et al. [23] and utilizes a better registration method
than the original Blanz-Vetter 3DMM. They use a known
template mesh in which all the vertices have known posi-
tions and then they register it to the training scans by utiliz-
ing an optimal step Non-rigid Iterative Closest Point algo-
rithm (NICP) [2]. Standard PCA was employed as a dimen-
sionality reduction technique to construct their model.

Recently, Booth et al. [7] built a Large-scale Face Model
(LSFM) by utilizing nearly 10; 000 face scans. The model is
constructed by applying a weighted version of the optimal-

step NICP algorithm [13], followed by a Generalized Pro-
crustes Analysis (GPA) and standard PCA. Due to the large
number of facial scans, a robust automated procedure was
carried out including 3D landmark localization and error
pruning of badly registered scans. This work was the first
to introduce bespoke models in terms of age, gender and
ethnicity, and is the most information-rich 3DMM of face
shapes in neutral expression produced to date.

Li et al [20] used a total of 3; 800 head scans from the US
and European CEASAR body scan database [25] to build a
statistical model of the entire head. The aim of this work fo-
cuses mainly on the temporal registration of 3D scans rather
than on the topology of the head area. The data consists of
full body scans and the resolution in which the head topol-
ogy was recorded in is insufficient to depict correctly the
shape of each individual human head. In addition, the tem-
plate used for registration in this method is extremely sparse
with only 5; 000 vertices which makes it difficult to accu-
rately represent the entire head. Moreover, the registration
process incorporates coupling weights for the back of head
and the back of the neck, which constrains drastically the
actual statistical variation of the entire head area. An exten-
sion of this work is proposed in [24] in which a non-linear
model is constructed using convolution mesh autoencoders
focusing on facial expressions, but still it lacks the statis-
tical variation of the full cranium. Similarly, in the work
of Hu and Saito [16], a full head model is created from
single images mainly for real-time rendering. The work
aims at creating a realistic avatar model which includes 3D
hair estimation. The head topology is considered to be un-
changed for all subjects and only the face part of the head is
a statistically-correct representation.

The most accurate craniofacial 3DMM of the human
head both in terms of shape and texture, is the Liverpool-
York Head model (LYHM) [11]. In this work, global cran-
iofacial 3DMMs and demographic sub-population 3DMMs
were built from 1,212 distinct identities. Although this work
is the first that describes the statistical correlation between
the cranium and the face part, it lacks detail of the facial
characteristics, as the spatial resolution of the facial region
is not significantly higher than the cranial region. In ef-
fect, the variance of the cranial and neck areas dominates
that of the facial region in the PCA parameterization. Also,
although the model describes how the cranium is affected
given the age of the subject, it is biased in terms of ethnic-
ity, due to the lack of ethnic diversity in the dataset.

3. Face and head shape combination
In this section, we propose two methods to combine the

LSFM face model with the LYHM full head model. The
first approach, utilizes the latent PCA parameters and solves
a linear least squares problem to approximate the full head
shape, whereas the second constructs a combined covari-



ance matrix that is later utilized as a kernel in a Gaussian
Process Morphable Model (GPMM) [22].

3.1. Regression modelling

Figure 2 illustrates the three-stage regression modeling
pipeline, which comprises 1) regression matrix calculation,
2) model combination and 3) full head model registration
followed by PCA modeling. Each stage is now described.

For stage 1, let us denote the 3D mesh (shape) of an ob-
ject withN points as a3N � 1 vector

S = [ xT
1 : : : xT

N ]T = [ x1; y1; z1; : : : xN ; yN ; zN ]T (1)

The LYHM is a PCA generative head model withNh points,
described by an orthonormal basis after keeping the �rstnh

principal componentsU h 2 R3N h � n h and the associated
� h eigenvalues. This model can be used to generate novel
3D head instances as follows:

Sh (ph ) = m h + U h ph (2)

where ph =
h
ph1 : : : phn h

i T
are thenh shape parame-

ters. Similarly the LSFM face model withN f number of
points, is described by a corresponding orthonormal basis
after keeping thenf principal componentsU f 2 R3N f � n f

and the associated� f eigenvalues. The model generates
novel 3D faces instances by:

Sf (p f ) = m f + U f p f (3)

wherep f =
h
pf 1 : : : pf n f

i T
are thenf shape parameters.

In order to combine the two models, we synthesize data
directly from the latent eigenspace of the head model (U h )
by drawing random samples from a Gaussian distribution
de�ned by the principal eigenvalues of the head model. The
standard deviation for each of the distributions is equal to
the square root of the eigenvalue. In that way we produce
randomlynr distinct shape parameters.

After generating the random full head instances we apply
non-rigid registration (NICP) [13] between the head meshes
and the cropped mean face of the LSFM face model. We
perform this task in each one of thenr meshes in order to
get the facial part of the full head instance and describe it
in terms of the LSFM topology. Once we acquire those reg-
istered meshes we project them to the LSFM subspace and
we retrieve the corresponding shape parameters. Thus, for
each one of the randomly produced head instances, we have
a pair of shape parameters (ph ; p f ) corresponding to the
full head representation and to the facial area respectively.

By utilizing those pairs we construct a matrixCh 2
Rn h � n r where we stack all the head shape parameters and a
matrixC f 2 Rn f � n r where we stack the face shape param-
eters from the LSFM model. We would like to �nd a matrix

W h;f 2 Rn h � n f to describe the mapping from the LSFM
face shape parametersp f to the corresponding LYHM full
head shape parametersph . We solve this by formulating a
linear least square problem that minimizes:

kCh � W h;f C f k2 (4)

By utilizing the normal equation, the solution of Eq. 4 is
readily given by:

W h;f = Ch CT
f

�
C f CT

f

� � 1
(5)

whereCT
f

�
C f CT

f

� � 1
is the right pseudo-inverse ofC f .

Given a 3D face instanceSf , we derive the 3D shape of the
full head,Sh , as follows:

Sh = m h + U h W h;f U T
f (Sf � m f ) (6)

In this way we can map and predict the shape of the cranium
region for any given face shape in terms of LYHM topology.

In stage 2 (Fig. 2), we employ the large MeIn3D database
[7] which includes nearly10; 0003D face images, and we
utilize the W h;f regression matrix to construct new full
head shapes that we later combine with the real facial scans.
We achieve this by discarding the facial region of the the
full head instance which has less detailed information and
we replace it with the registered LSFM face of the MeIn3D
scan. In order to create a unique instance we merge the
meshes together by applying a NICP framework, where we
deform only the outer parts of the facial mesh to match with
the cranium angle and shape so that the result is a smooth
combination of the two meshes. Following the formulation
in [13], this is accomplished by introducing higher stiffness
weights in the inner mesh (lower on the outside) while we
apply the NICP algorithm. To compute those weights we
measure the Euclidean distance of a given point from the
nose tip of the mesh and we assign a relative weight to that
point. The bigger the distance from the nose tip, the smaller
the weight of the point.

One of the drawbacks of the LYHM is the arbitrary neck
circumference, where the neck tends to get broader when
the general shape of the head increases. In stage 3 (Fig. 2),
we aim at excluding this factor from our �nal head model
by applying a �nal NICP step between the merged meshes
and our head templateSt . We utilized the same framework
as before with the point-weighted strategy where we assign
weights to the points based on their Euclidean distance from
the center of the head mass. This helps us avoid any in-
consistencies of the neck area that might appear from the
regression scheme. For the area around the ear, we have in-
troduced 50 additional landmarks to control the registration
and preserve the general shape of the ear area.

After implementing the aforementioned pipeline for
each one of the10; 000 meshes, we perform PCA on the



Figure 2. The regression modeling pipeline. 1) The left part illustrates the matrix formulation from the original LYHM head model; 2) the
central part demonstrates how we utilize theMeIn3Ddatabase to produce highly-detailed head shapes; 3) the �nal part on the right depicts
the registration framework along with the per-vertex template weights and the statistical modeling.

points of the mesh and we acquire a new generative full
head model that exhibits more detail in the face area in com-
bination with bespoke head shapes.

3.2. Gaussian process modeling

Gaussian processes for model combination is a less com-
plicated and more robust technique that does not generate
irregular head shapes due to poor regression values.

The concept of Gaussian Process Morphable Models
(GPMMs) was recently introduced in [22, 14, 18]. The
main contribution of GPMMs is the generalization of clas-
sic Point Distribution Models (such as are constructed using
PCA), with the help of Gaussian processes. A shape is mod-
eled as a deformationu from the reference shapeSR i.e. a
shape can be represented as:

S = f x + u(x)jx 2 SR g (7)

where u is a deformation functionu : 
 ! R3 with

 � SR . The deformations are modeled as a Gaussian
processu � GP (�; k ). Where� : 
 ! R3 is the mean de-
formation andk : 
 � 
 ! R3� 3 is a covariance function
or kernel.

The Gaussian process model is capable of operation out-
side of the space of valid face shapes. This depends highly
on the kernels chosen for this task. In the classic ap-
proaches, the deformation function is learned through a se-
ries of typical example surfacesS1; : : : ; Sn where a set of
deformation �elds is learnedf u1; : : : ; un g; ui (x) : 
 !
Rd whereui (x) denotes the deformation �eld that maps a
point x on the reference shape to the corresponding point
on thei th -training surface.

A Gaussian processGP(� P DM ; kP DM ) that models
this characteristic deformations is obtained by estimating

the empirical mean:

� P DM (x) =
1
n

nX

i =1

ui (x) (8)

and the covariance function:

kP DM (x ; y ) =
1

1 � n

nX

i =1

(ui (x) � � P DM (x))

(ui (y ) � � P DM (y ))T

(9)

This kernel is de�ned as the empirical/sample covariance
kernel. This speci�c Gaussian process model is a contin-
uous analog to a PCA model and it operates in the facial
deformation spectrum. For each one of the models (LYHM,
LSFM), we know the principal orthonormal basis and the
eigenvalues. Hence the covariance matrix for each model is
de�ned:

K h = U h � h U T
h

K f = U f � f U T
f

(10)

whereK h 2 R3N h � 3N h and K f 2 R3N f � 3N f are the
covariance matrices, and the� h 2 R3n h � 3n h and � f 2
Rn f � n f are diagonal matrices with the eigenvalues in their
the main diagonal of the head and face model respectively.

We aim at constructing a universal covariance matrix
K U 2 R3N U � 3N U that accommodates the high detailed fa-
cial properties of the LSFM and the head distribution from
the LYHM. We keep, as a reference, the mean of the head
model and we non-rigidly register the mean face of the
LSFM. Both PCA models must be in the same scale space
for this method to work, which was not necessary for the



regression method. Similarly, we register our head template
St by utilizing the same pipeline as before for full head reg-
istration, which is going to be used as the reference mesh
for the new joined covariance matrix.

For each point pairi; j in St , there exists a local covari-
ance matrixK i;j

U 2 R3� 3. In order to calculate its value,
we begin by projecting the points onto the mean head mesh.
If both points lie outside the face area that the registered
mean mesh of LSFM covers, we identify their exact lo-
cation in the mean head mesh in terms of barycentric co-
ordinates(ci

1; ci
2; ci

3) for the i th point and(cj
1; cj

2; cj
3) for

the j th point with respect to their corresponding triangles
t i = [ v T

1 ; v T
2 ; v T

3 ]T ; t j = [ kT
1 ; kT

2 ; kT
3 ]T .

Each vertex pair(v; k) in between the triangles, has an
individual covariance matrixK v;k

h 2 R3� 3 with K v;k
h �

K h . Therefore, we blend those local vertex-covariance ma-
trices to acquire our �nal localK i;j

U as follows:

K i;j
U =

P 3
v=1

P 3
k=1 wi;j

v;k K v;k
h

P 3
v=1

P 3
k=1 wi;j

v;k

(11)

wherewi;j
v;k = ci

v + cj
k

2 is a weighting scheme based on the
barycentric coordinates of the(i; j ) points. An illustration
of the aforementioned methodology can be seen in Figure 3.

Figure 3. A graphical representation of the non-rigid registration
of all mean meshes along with our head templateSt and the cal-
culation of the local covariance matrixK i;j

U based on the locations
of thei th andj th points.

In the case where the points lie in the face area, we ini-
tially repeat the same procedure by projecting and calculat-
ing a blended covariance matrixK i;j

f given the mean face
mesh of LSFM, followed by a blended covariance matrix
K i;j

h calculated given the mean head mesh of LYHM. We
formulate the �nal local covariance matrix as:

K i;j
U = � i;j K i;j

h + (1 � � i;j )K i;j
f (12)

where� i;j = � i + � j

2 is a normalized weight, based on the
Euclidean distances(� i ; � j ) of the (i; j ) points from the
nose-tip of the registered meshes. We apply this weighting
scheme to smoothly blend the properties of the head and
face model and to avoid the discontinuities that appear on
the borders of the face and head area.

Lastly, when the points belong to different areasi.e. (i th

point on face,j th point on head) we simply follow the �rst
method that exploits just the head covariance matrixK h ,
since the correlation of the face/head shape only exist in
the LYHM. After repeating the aforementioned methodol-
ogy for every point pair inSt and calculating the entire
joined covariance matrixK U , we are able to sample new
instances from the Gaussian process morphable model.

3.3. Model Re�nement

To re�ne our model, we begin by exploiting the already
trained GPMM of the previous section. With our head tem-
plateSt and the universal covariance matrixK U , we de�ne
a kernel function:

kU (x ; y ) = K CP (St ;x ) ;CP (St ;y )
U (13)

wherex andy are two given points from the domain where
the Gaussian process is de�ned and the functionCP(St ; x)
returns the index of the closest point ofx on the surfaceSt .
We then de�ne our GPMM as:

GPU (� U ; kU ) (14)

where� U (x) = [0 ; 0; 0]T . For each scan in the MeIn3D
dataset, we �rst try to reconstruct a full head registra-
tion with our GPMM using Gaussian Process Regression
[22, 14]. Given a set of observed deformationsX sub-
ject to Gaussian noise� � N (0; � 2), Gaussian process
regression computes a posterior modelGPp(� p; kp) =
posterior (GP; X ). The landmark pairs between a refer-
ence mesh and the raw scan de�ne a set of sparse mappings,
which tells us exactly how the points on the reference mesh
will deform. Any sample from this posterior model will
then have �xed deformations on our observed pointsi.e. fa-
cial landmarks. The mean� p and covariancekp are com-
puted as:

� p(x) = � (x) + K X (x)T (K XX + � 2I ) � 1X (15)

kp(x ; y ) = ku (x ; y ) � K X (x)T (K XX + � 2I ) � 1K X (y )
(16)

where
K X (x) = ( kU (x ; x i )) ; 8 x i 2 X (17)

K XX = ( kU (x i ; x j )) ; 8 x i ; x j 2 X (18)

For a scanS with landmarksL S = f l1; :::lng, we �rst
compute a posterior model based on the sparse deforma-
tions de�ned by the landmarks:

GP0
p(� 0

p; k0
p) = posterior (GPU ; L S � L St ) (19)



Figure 4. The model re�nement pipeline. We start with the GP model de�ned by the universal covariance matrix. For each scan in the
MeIn3D dataset we obtain full head reconstruction with GP Regression using the sparse landmarks and dense ICP algorithm. We then
non-rigidly align the face region of the full head reconstruction to the scan, and build a new sample covariance matrix to update our model.

We then re�ne the posterior model with Iterative Closest
Point algorithm. More speci�cally, at each iterationi we
compute the current regression result asSi

reg = f x +
� i � 1

p (x)jx 2 St g, which is the reference shape wrapped
with the mean deformation of the posterior modelGPi � 1

p .
We then �nd the closest pointsU i for each point inSi

reg on
S, and update our posterior model as:

GPi +1
p (� i +1

p ; k i +1
p ) = posterior (GP0

p; U i � Si
reg ) (20)

Since the raw scans in the MeIn3D database can be noisy,
we exclude a pair of correspondence(x; U (x)) if U (x) is
on the edge ofS or the distance betweenx andU (x) exceed
a threshold. After the �nal iteration we obtain the regression
resultSreg = f x + � f inal

p (x)jx 2 St g. We then non-rigidly
align the face region ofSreg to the face region of the raw
scan to obtain our �nal reconstruction.

In practice, we noticed that the reconstructions often pro-
duce unrealistic head shapes. We therefore modify the co-
variance matrixK U before the Gaussian process regression.
We �rst compute the principal components by decompos-
ing K U , then reconstruct the covariance matrix using Eq.
10 with fewer statistical components. With the full head re-
constructions from the MeIn3D dataset, we then compute a
new sample covariance matrix, and repeat the previous GP
regression process to re�ne the reconstructions. Finally we
perform PCA on the re�ned reconstructions to obtain our
�nal re�ned model.

4. Intrinsic evaluation of CFHM models

We name our combined full head model as theCombined
Face & Head Model(CFHM) and now show its compar-
ative performance. Following common practice, we eval-
uate our CFHM variations compared to LYHM by utiliz-
ing, compactness, generalizationandspeci�city [12, 9, 5].
For all the subsequent experiments we utilise the original

head scans of [11] from which we have chosen 300 head
meshes that were excluded from the training procedure.
This test set was randomly chosen within demographic con-
strains to ensure ethnic, age and gender diversity. We name
our model variations as: CFHM-reg built by the regres-
sion method, CFHM-GP built by the Gaussian processes
kernels framework and �nally, CFHM-ref built after re�ne-
ment with Gaussian process regression. Also, we present
bespoke modes in terms of age and ethnicity, constructed
by the Gaussian processes kernels method coupled with re-
�nement.

The top graphs in Figure 5 present the compactness mea-
sures of the CFHM models compared to LYHM. Compact-
ness calculates the percentage of variance of the training
data that is explained by the model, when certain number
of principal components are retained. The models CFHM-
reg, CFHM-GP express higher compactness compared to
the model after the re�nement. The compactness ability of
the all proposed methods is far greater than the LYHM as it
can be seen by the graph. Both global and bespoke CFHM
models can be considered suf�ciently compact.

The center row of Fig. 5 illustrates the generalization
error which demonstrates the ability of the models to rep-
resent novel head shapes that are unseen during training.
To compute the generalization error for a given number of
principal components retained, we compute the per-vertex
Euclidian distance between every sample of the test set and
its corresponding model projection and then take the av-
erage value over all vertices and test samples. All of the
proposed models exhibit far greater generalization capabil-
ity compared to LYHM. The re�ned model CFHM-ref tends
to generalize better than the other approaches, especially in
the range of20 to 60 components. Additionally, we plot
the generalization error of the bespoke models against the
CFHM-ref in center Figure 5 (b). In order to derive a cor-
rect generalization measure for the bespoke CFHM-ref, for


