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Abstract

We present a method for extracting skull and face models from MRI datasets and show how the resulting dataset is

used in a craniofacial reconstruction (CFR) system. Datasets for 60 individuals are used to produce a database of

3D skull-face models, which are then used to give faces to unknown skulls. In addition to the skull-face geometry,

other information about the individuals is known and can be used to aid the reconstruction process. The results of

the system were evaluated using different criteria providing the system with different combinations of age, gender,

body build and geometric skull features. Based on a surface to surface distance metric, the real and estimated

faces produced were compared using different head models from the database with a leave-one-out strategy. The

reconstruction scores obtained with our CFR system were comparable in magnitude (average distance less than

2.0 mm) to other craniofacial reconstruction systems. The results suggest that it is possible to obtain acceptable

face estimations in a CFR system based on skull-face information derived from MRI data.

1. Introduction

Craniofacial reconstruction techniques are used in forensic
applications when other methods of identification cannot
be applied [Evi00]. In these situations, a forensic artist us-
ing skull-face anthropometric data creates facial estimations
based on her experience, the biological information deduced
from the skull and other external sources of information such
as in situ evidence. Usually, the data about the skull-face
relation is based on anthropometric tables containing tissue
depth measurements at a discrete set of points distributed in
prominent areas of the skull and face. When manual recon-
struction techniques are used, due to the subjectivity intro-
duced by the artist and the limited information on the skull-
face relation, the results are difficult to reproduce and evalu-
ate. Computational techniques can also be used for produc-
ing face estimations. However, the results are limited when
only anthropometric tables are used due to the amount and
type of data available. Modern 3D scanning technologies,
which are able to produce detailed data can be used to gen-
erate new information sources. We present a technique for
creating accurate skull and face models from MRI data, and
show the benefits of using these models in CFR.

Extracting the face layer is relatively straightforward for
MRI data using the marching cubes isosurfacing technique
[LC87], since only the border of the head volume needs to
be identified. Extracting the skull is more difficult. Section 2
will describe previous attempts to do this and present our ap-
proach, which is based on a 3D deformation model guided
by features in the MRI volume and statistical skull shape
information. Section 3 will present the craniofacial recon-
struction process that we have developed, based on the skull-
face models extracted from the MRI datasets. Section 4 will
present the results, with Section 5 presenting conclusions.

2. Skull extraction

MRI skull segmentation has been a research topic for several
years [RBH∗00, DSL05, MMB06]. Previous work has tried
to conduct this segmentation process by considering homo-
geneity properties of bone regions. Assuming that skull vox-
els possess specific attributes allowing their classification in
terms of intensity, colour, texture or movement, most of the
approaches provide acceptable results only in certain areas
of the head. Separability assumptions of tissue types are dif-
ficult to meet when presented with skull regions in MRI. The
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air and the skull voxels have practically no difference in in-
tensity, colour or texture attributes. The only difference is the
spatial position of each voxel relative to the global structure
of the skull. Another property which makes the skull extrac-
tion process more difficult is the high intensity variation in
regions of bone where fat concentration is high.

Mathematical Morphology, a method of image analysis
used for extracting image components proves a quantitative
description of geometrical structures. This method has been
used for extracting the skull [DSL05]. In some regions of
the skull (e.g. the upper part) these techniques provide ac-
ceptable results but fail in the frontal area.

Probabilistic approaches, which have been used success-
fully for classifying tissue types in medical images [CSB07,
BA] have also been used for skull segmentation with similar
results in the frontal area of the skull [DSL05]. With models
of parameterised distributions for each type of tissue, they
try to solve the partial volume problem in order to produce
adequate voxel classifications [LMVS03,LFB98,HED∗97].

Deformable models based methods guided by voxel inten-
sities are another type of technique that have been used. The
works of Rifai [RBH∗00], Mang [MMB06], and Ghadimi
[GAMK∗08] are examples of these techniques. Again, these
techniques rely on separability and regularity assumptions
of the materials to segment. The method proposed by Shan
[SHJ∗07] for segmenting the skull combines CT and MRI
in a registration approach. A set of skull models generated
from CT segmentations is used for segmenting skull data in
MRI modalities. The main drawback of combining CT and
MRI technologies is that they require a number of CT scans
in order to produce the initial skull models. CT scans pro-
duce a high radiation dose that can be harmful. Also the seg-
mentation produced is simply a collection of isolated vox-
els that in a second stage have to be integrated to create a
skull model. Based on several deformable skull templates
defined at different resolutions, Luthi et. al. combine a de-
formable model approach with a shape restriction term gen-
erated from training skull shapes [LLA∗08]. The results of
each deformed model are combined to produce a segmen-
tation. The approach requires several skull samples to make
the skull shape term robust. In contrast, our method requires
a unique initial deformable model and a small set of sampled
skull shapes.

2.1. Our approach

In this research, a probabilistic method to approximate a 3D
skull model from an MRI volume of the head is presented.
The method uses a deformable model which iteratively ad-
justs its shape to fit the skull embedded in an MRI volume.
Shape changes in the deformable model are defined combin-
ing two elements: information provided by the MRI volume
and knowledge about the 3D structure of a skull shape. The
influence of these two components is modelled as a Bayesian

energy formulation:

E(M) = Evolume( f ,V )+ γEshape(M) (1)

where E is the energy provided by the deformable model M,
V is the MRI volume, f is a set of features associated with
the volume V , Evolume is an energy function of the features
and Eshape is the energy contribution of the shape. The term
Evolume is defined considering a 3D Gradient Vector Flow
(GVF) field acting on the volume V . The shape term bene-
fits contours that are more probable given the current spatial
distribution of the control points even if they are far from the
mean shape. Different and specialised training sets can be
constructed to improve the statistical skull model (i.e. using
heads models with similar skull proportions to the unknown
skull). Both energies work together to find a solution. As the
image feature is a function defined in terms of the gradient,
it is maximised in the border region of the skull volume. The
shape term is also a convergent function defined by the prob-
ability distribution of the training set. It is minimised when
the configuration of the control points of the model corre-
sponds to the data spanned by the distribution of probability.
When combined, a trade-off between the shape and image
features need to be established. The real segmentation re-
sult lies in the space between the two function extremes. In
the current implementation the combination of both terms is
controlled by the γ parameter.

A GVF for the field v(x) is defined as the equilibrium
solution for the vector diffusion equation [XP00]:

ut = g(| ▽ f |)▽2
u−h(| ▽ f |)(u−▽ f ) (2a)

u(x,0) = ▽ f (x) (2b)

The term h(| ▽ f |) will produce a smoothly varying vector
field. The term (u−▽ f ) encourages a vector field u to be
close to ▽ f (gradient) computed from the data. The weight-
ing functions g and h are used to control the influence of
each term in the result. The shape term used in this research
Eshape is defined as follows:

Eshape(s) = −
1

2
(s−µ)T Σ−1

⊥ (s−µ) (3)

In this equation, s is a shape descriptor of model M defined
by a set of control points, µ is the average of the training set
and Σ⊥ is the regularised covariance matrix of the training
set [Sal10]. The shape of the skull is modelled with a Gaus-
sian distribution of control points associated with a skull
model.

2.2. Alignment of Training Shapes

To conduct the statistical shape analysis of the skull it is nec-
essary to provide a common reference system for the skull
models to be compared. Taking the definition of shape given
by D.G. Kendall [DM98] which states that "Shape is all the
geometrical information that remains when location, scale
and rotational effects are filtered out from an object", we
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Figure 1: Skull Template initialisation. A noisy skull approx-

imation Ns is used to initialise the skull template model To

by means of a registration step using a robust point match

algorithm [CR]

can achieve this by means of an alignment process on the
skull models. Given a set of m training vectors χ = {si}i=1..m

which are centered and normalised, we are interested in find-
ing an optimal alignment for dealing with the scale and pose
estimation of the shapes [DM98], [KBCL99]. An optimal
alignment of two shapes s and ŝ with respect to rotations,
translation and scaling (known as full Procrustes fit [DM98])
requires the following distance to be minimsed:

D
2(s, ŝ) =‖ ŝ−βsΓ−1kγT ‖2 (4)

where D is the distance between the two shapes, β >= 0 is a
scaling factor, Γ is a rotation matrix, 1k is a vector of ones (k
x 1) vector, and γ a vector accounting for translations. Setting
the corresponding derivatives to zero, the solution for the
optimal parameters β̂, γ̂, and Γ̂ are the following expressions
[KBCL99], [Sma96]:

γ̂ = 0 (5)

Γ̂ = UV
T (6)

The rotation term Γ̂ is defined in terms of the matrices U and
V derived from a single value decomposition of the matrix

product ŝT s
‖s‖‖ŝ‖

as follows:

ŝT s

‖ s ‖‖ ŝ ‖
= VΛU

T (7)

It can be shown that the best rotation estimator β̂ can be ob-
tained by the following ratio [DM98]:

β̂ =
trace(ŝT sΓ̂)

trace(sT s)
(8)

and finally, the expression defining the best alignment for the
shape ŝ is:

ŝ = β̂scΓ̂+1k γ̂T +
√

D2(sc, ŝ) (9)

where sc is the centered version of shape s. The energy can
be minimised by applying the chain rule on the gradient de-
scent equation:

ds

dt
= −

dEshape(s)

ds
= −

dEshape(ŝ)

dŝ
·

dŝ

dsc
·

dsc

ds
(10)

with:

dEshape(ŝ)

dŝ
= (Σ−1

⊥ (s−µ))T (11)

dsc

ds
= (I3n −

1

n
Γ) (12)

dŝ

dsc
=

d(β̂scΓ̂+1k γ̂T +
√

D2(sc, ŝ))

dsc
(13)

The terms D, γ̂, Γ̂, and β̂ in equation 13 are all functions of
the aligned shape ŝ using the results of equations 4-8.

2.3. Deformable Model Algorithm

The algorithm to control the skull template evolution is
shown in figure 2. It deforms the skull template to find a skull
model that best fits the information provided by a skull vol-
ume approximation created in a pre-processing stage. In this
stage the vector field associated to the initial skull volume
is also produced. The initial skull volume is generated by a
semiautomatic region growing process [LJZ03]. The initial
noisy skull volume contains information about approximate
proportions of the skull, position and orientation. The infor-
mation is used to reduce the search space of the solution
(see figure 1). The deformation is conducted by changing
the positions of a set of control points defined in the de-
formable model according to the volume features and the
shape restrictions. The stop condition used is a fixed number
of iterations. At each iteration, the deformable model control
points are moved towards the direction of the most probable
skull configuration. The displacement of the control points
is stored in 1-dimensional vectors d1, d2 and d3. Vectors d1

and d2 account for changes when volume features are taken
into account. d1 has values when the deformable model is
near to the noisy skull, and it is zero when it is far from
the noisy skull. d2 stores the contribution of the Gradient
Vector Flow when a control point is far from the noisy vol-
ume. Vector d3 stores displacements originated by the shape
term. The deformation function used to update the positions
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Figure 2: Template deformation algorithm.

of the control points is based on a Radial basis function with
a Thin-Plate-Spline base [CBC∗]:

fk(x) = pm(x)+
n

∑
i=1

αiφi(‖ x−xi ‖) (14)

The value of the function φi depends only on the distance
of the point x to each of the control points xi (The xi points
are called centers). The weights of the basis functions αi are
found by placing the centres back into fk(x) and solving the
resulting set of linear equations. The polynomial term pm is
included to allow a certain degree of polynomial precision.
The MRI dataset used in this work was created at the Uni-
versity of Sheffield †. It consists of a set of scans of the head
and neck of 60 subjects, and their corresponding biograph-
ical information: age, sex, ancestral affiliation (ethnicity).
Additionally, information of whether the individual’s rela-
tives were also volunteering was also recorded. Each vol-
ume contains 200 gray-scaled 256 x 256 pixel sagittal im-
ages. The format of each image is 16 bit per pixel raw data
with information of approximately the aorta level and up.
Using our extraction algorithm, a database of 60 skull-face
models were generated and the 40 best models were used
in the CFR system described in the next section. Figure 3
shows an example of the skull and face models generated
with the extraction processes. The face models used are pro-
duced by using Marching Cubes algorithm [LC87]. The face
meshes are registered with respect to a common mesh using

† The dataset was obtained thanks to the collaboration with Dr.
Martin Evison from the Forensic Pathology Department (now at
working at the Centre for Forensic Science and Medicine, Univer-
sity of Toronto) and Dr. Iain Wilkinson from the Academic Unit of
Radiology from the University of Sheffield

Figure 3: The resulting surface models for the skull and face

of the first individual of the database.

the same Robust Point Matching algorithm [CR] previously
mentioned in the skull extraction section ‡.

3. Craniofacial Reconstruction System

Using skull-face information obtained from MRI, the nov-
elty of the CFR system presented is that it is the first sys-
tem build based exclusively on this type of data. The skull-
face relation provides an implicit and more extensive way to
guide the reconstruction process, and as shown in the CFR
system, can be used to produce reconstruction results based
on statistical data of the whole face (rather than the discrete
landmark based methods [KHS03]). The craniofacial recon-
struction system consists of three main elements: Skull Ex-
amination, Template Construction and Face Construction.
In the first stage, an input skull is analysed and a set of
main features extracted. Combining these features with in-
formation about the skull-face relationship, and a spatial de-
formable technique, this system creates possible face estima-
tions for the input skull. The anthropometric information is
provided by the database of head models presented in section
2. The reconstruction technique is based on a template defor-
mation approach. A head template (skull-face pair) is cre-
ated by combining several heads models from the database.
These models are selected with similar features to the un-
known subject. The age, sex, body constitution, PCA coef-
ficients, and geometric properties of the unknown skull are
used as selection conditions. The head template is deformed
to fit the unknown skull to produce a face estimation. The de-
formation approach used is based on a Radial basis function
approach with a thin plate spline base (see equation 14). The
use of spatial deformation allows the facial tissues (skull,
muscle, etc.) to be dealt with as a single component, freeing
the procedure from the problem of placing and interpreting
anthropometric landmarks associated with soft tissue depth
tables [MC96, VVMN00]. Facial soft tissues should change
in response to the changes in the skull, and therefore the face
is not merely a mask depending on a small number of soft
tissue depth points, as is the case, for example, in [CVG∗06].

‡ This registration is also used to smooth the models. The differ-
ence between the marching cubes and the registered smoothed facial
versions is on average less than 0.2mm
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The k reference head (skull-face) models whose facial mod-
els are Fi

r (i = 1 . . .k), are combined for producing a face
estimation are contained in the set Hb:

Hb = {H
1
r ,H

2
r . . .H

k
r} = {{S

1
r ,F

1
r },

{S
2
r ,F

2
r }, . . .{S

k
r ,F

k
r }} (15)

For example, if the criterion is the minimum procrustes dis-
tance d between the skull shapes [DM98], the set Hb of se-
lected head models is defined as:

Hb = {{S
i
r,F

i
r} | i ∈ { j | d(S

j
r ,Su)

< ε, j ∈ {1 . . .n}}} (16)

where n is the number of elements of the database, S
j
r is a

reference skull model of the jth database entry, and ‖Hb‖ =
k for some threshold value ε accounting for a limit for the

difference in procrustes distance d between models S
j
r and

Su. Using a leave-one-out strategy [VCL∗06], a skull Su ∈
Hu will simulate the skull whose face will be reconstructed
and its skin layer Fu will then be used to evaluate the results.

The process of face estimation is shown schematically in
figure 4. In this stage, a deformation function f will be cal-

culated between Su and each of the reference skulls S
j
r ∈ Hb

:

f j(S
j
r) = Su (17)

This mapping function f j will be used to estimate a de-

formed face F̂
j

u for each of the j reference models, by ap-

plying this function to the corresponding reference face F
j

r

as follows:

F̂
j

u = f j(F
j

r ) (18)

The resulting reconstructed face F̂u is then the average of the

F̂
j

u elements:

F̂u =
k

∑
j=1

F̂
j

u

k
(19)

The functions f j are based on the Radial Basis Function de-
formation approach [CBC∗]. The set of matching control
points between the source and target models are obtained
directly from the relation between the vertices of both mod-
els (they share a common vertex structure because they were
originated with the skull template deformations scheme pre-
sented in section 2.4).

4. Results

The results of the CFR system are obtained by means of a
comparison between the reconstructed face and the real face
surface evaluated by using a surface to surface metric (The
average difference between both surfaces). The system was
tested with 27 different combination of biological and geo-
metrical features. Figure 6 shows the criteria used for gen-
erating the craniofacial reconstructions. Negated attributes

mean that different features were used to select models from
the database (e.g. Sex means that the models used were of
the opposite genre to the sex of the unknown skull). Negated
criteria were included to quantify the impact of choosing the
wrong features in the CFR system and to corroborate that
positive criteria give better reconstruction results than nega-
tive criteria. In the case of age, BMI, Procustes Distance and
PCA, the data is grouped in classes and for calculating the
negated features, most dissimilar classes are used. For exam-
ple in the case of the age, the subjects are separated into 5
groups (see table 1): 20-35, 26-30, 31-40, 41-50 and 51-70,
labelled age1-5. For calculating age the following criteria
was used: select age4 models if the unknown skull belongs to
age0, age1 or age2 group. Use age0 otherwise. A detailed de-
scription of each criterion can be consulted in [Sal10]. Fig-
ure 5 shows 6 facial reconstructions for the skull of subject
18 of the UOS dataset. In this case, the third row shows the
best face reconstruction of the group i.e. the one with lowest
average distance between surfaces) and it was obtained using
models of individuals of the same sex and similar age as the
unknown skull. Figure 7 shows skull 18 of the UOS dataset
and figures 8 and 9 show the best reconstruction generated.
In the graph of figure 10 the average distances between the
real and the reconstructed faces sorted by criteria used are
shown §. Criteria t0 to t14 show that, when adding informa-
tion to the CFR system about the unknown skull, the CFR
system implemented gives results with less than 2.0 mm be-
tween the reconstructed and the real faces. Using negative
criteria, the average error was not greater than 2.5mm. In
general, as expected, positive criteria produced better results
that negative criteria. Using a leave-one-out strategy, 850
facial reconstructions were generated using different criteria
based on feature matching using the sex, age, body build and
geometric features of the input skull. The results obtained
were comparable to other techniques using evaluation cri-
teria based on surface to surface distance metrics obtaining
average distances of less than 2.0 mm.

5. Conclusions

We have presented a novel approach to extracting skulls
from MRI datasets, based on a probabilistic approach for
guiding the evolution of a 3D deformable template. By in-
corporating shape knowledge of the skull, our approach is
able to cope with uncertainty problems in regions where it is
difficult to establish skull boundaries. This property is use-
ful to overcome the strong homogeneity restrictions exposed
in the methods presented in section 2.1 (most of them based
only on one intensity criteria to separate skull elements). The

§ In this work, due to data confidentiality, we present a limited num-
ber of models. However, data plotted in figure 9 summarises the
general results obtained per reconstruction criteria for all the exper-
iments
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Figure 4: The template selection process.

extraction process, in conjunction wth the use of the march-
ing cubes algorithm [LC87] for face extraction from the MRI
dataset, has been used to create a database of skullface mod-
els for use in a craniofacial reconstruction (CFR) system.
The CFR results obtained are comparable to other CFR ap-
proaches, and offer the advantage of more consistent recon-
structions, with each stage being easier to control and eval-
uate, removing the subjectivity of artist-driven approaches.
In addition, since MRI datasets can be readily obtained, the
database could be easily extended. Acknowledgements. M.
Salas acknowledges CONACyT Mexico for the scholarship
support for this research and also thanks Dr. Martin Evison
and Dr. Iain Wilkinson for providing the MRI datasets for
conducting this research.
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Figure 8: An example of the best reconstruction for skull

model 18 of the UOS dataset. The figure shows the recon-
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of the skull (right). The best reconstruction score was ob-
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presented in figure 6
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