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Anisotropy is one of the most meaningful determinants of biomechanical behaviour. This study employs micro-computed
tomography (mCT) and image techniques for analysing the anisotropy of regenerative medicine polymer scaffolds. For this
purpose, three three-dimensional anisotropy evaluation image methods were used: ellipsoid of inertia (EI), mean intercept
length (MIL) and tensor scale (t-scale). These were applied to three patterns (a sphere, a cube and a right prism) and to two
polymer scaffold topologies (cylindrical orthogonal pore mesh and spherical pores). For the patterns, the three methods
provided good results. Regarding the scaffolds, EI mistook both topologies (0.0158, [20.5683; 0.6001]; mean difference
and 95% confidence interval), and MIL showed no significant differences (0.3509, [0.0656; 0.6362]). T-scale is the
preferable method because it gave the best capability (0.3441, [0.1779; 0.5102]) to differentiate both topologies. This
methodology results in the development of non-destructive tools to engineer biomimetic scaffolds, incorporating anisotropy
as a fundamental property to be mimicked from the original tissue and permitting its assessment by means of mCT image
analysis.
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Introduction

Polymer scaffolds of different architectures are commonly

synthesised to obtain effective functional biological

responses in tissue engineering strategies, avoiding

problems of donor site scarcity, immune rejection and

pathogen transfer. Such structures are designed to behave

as an extracellular matrix where cells may deposit and

organise into an architecture, stimulating the formation of

new tissues and defining their ultimate shape and size

(Langer and Vacanti 1993; Hutmacher 2000).

Tissue engineering techniques are focused on the

design of scaffolds that match biological and physiochem-

ical properties of the tissue where they are settled.

However, the control of these synthesised scaffold

characteristics in the fabrication process still remains a

great challenge in tissue engineering (Hollister 2005;

Engelmayr et al. 2006; Treharne et al. 2011).

Several methods have been developed for the synthesis

of a three-dimensional (3D) polymer scaffoldwith different

structural properties regarding network topology, pore

shape, pore size and density, aiming to achieve an optimal

biological andmechanical functional response (Mikos et al.

1993; Thomson et al. 1995; Harris et al. 1998; Gao et al.

2003; Zhou et al. 2005; Giardino et al. 2006; Moroni

et al. 2006; Bokhari et al. 2007; Salerno et al. 2008; Terrier

et al. 2009; Subramanian et al. 2011). One important

characteristic of several tissues, e.g. bone, cartilage and

muscle, is that they are geometrically anisotropic in nature,

which leads to a significant dependence of their mechanical

properties on the spatial direction, i.e. anisotropic

mechanical properties. Moreover, external mechanical

loads are spatially and temporary variable within the

tissues, which makes anisotropy a fundamental property to

be understood in terms of not only geometry, but also of the

mechanical response ofmusculoskeletal tissues (Wald et al.

2007). When synthetic scaffolds are designed seeking to

substitute this sort of tissues, making use of tissue

engineering techniques based on biomimetic grounds, the

original anisotropy has to be accounted for in the

engineered system (Li et al. 2007; Garrigues et al. 2010;

Bonani et al. 2011; Cai et al. 2011). However, the

assessment of the 3D scaffold structural anisotropy is

mostly limited to measure its reflection into some

mechanical properties, by performing experiments on

several synthesised systems that are destroyed after each

assay, and allows one to obtain limited information on the

system. Anisotropy is usually tested in a compressive

device that allows us to determine the compressivemodulus

and the elastic collapse stress in three perpendicular

directions (Mathieu et al. 2006).

In contrast, the goal in musculoskeletal tissue

engineering is to mimic the geometrical and functional
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properties of tissues to engineer structures, which,

needless to say, must consider the incorporation of 3D

structural anisotropy as a whole (Li et al. 2007). To do so,

it is of utmost importance to develop adequate tools to

quantify the geometrical anisotropy of the designed 3D

structure and its relationship with the expected mechanical

properties in silico, that is to say in a non-invasive,

comparable and objective way.

Micro-computed tomography (mCT) scanners allow

for the non-destructive, non-invasive and quantitative

examination of scaffolds at a high spatial resolution (Ho

and Hutmacher 2006). In addition, the recent application

of advanced image processing algorithms and simulation-

based computational methods, such as the finite element

method to mCT acquisitions, permits the texture and

virtual mechanical analysis of 3D scaffold architecture

(Alberich-Bayarri et al. 2009).

Regarding anisotropy, several studies have been

conducted. Ellipse of inertia in two dimensions (2D) and

ellipsoid of inertia (EI) in its 3D version are based on

physical and mechanical fundamentals. They consist of a

representation related to the moment of inertia. To analyse

the anisotropy of trabecular bones, Yi et al. (2007) used the

fractal geometry technique. The power spectrum was

employed to calculate the fractal dimensions of the

trabecular bone, and a polar plot of directional fractal

dimensions was defined as an ellipse of inertia. The

earliest and still most widely employed method is the

mean intercept length (MIL), which was introduced first in

2D (Whitehouse 1974) and was defined with respect to an

orientation as the mean distance between a change from

one phase to other in such an orientation (Gomberg et al.

2003; Inglis and Pietruszczak 2003). Ten years later

(Harrigan and Mann 1984), the concept was extended to a

3D space. On the other hand, it initiated the notion of a

local morphometric scale using a spherical model (Saha

et al. 2000; Saha and Udupa 2001), but it ignored

orientation and anisotropy of local structures. Later, the

2D tensor scale (t-scale) appeared (Saha 2003), providing

a unified parametric representation of local structure

orientation, anisotropy and thickness. Regional structure

was represented by a local best-fit ellipse, and its

eccentricity determined anisotropy. One year later, the

t-scale was extended to 3D (Saha and Wehrli 2004a). The

method has been found to be remarkably robust over a

wide range of resolution regimes (Saha 2005; Wehrli

2007; Xu et al. 2009, 2011), and thus it could also be

applicable to mCT imaging.

The three described techniques for anisotropy

characterisation are developed and implemented for the

present work in their 3D versions, being the main purpose

of this study to present and apply a methodology for a

robust anisotropy degree analysis that classifies two

different structures of synthesised polymer scaffolds. Only

the anisotropy index will be considered for this

classification as the directional information that could be

obtained through the anisotropy tensor is not relevant for

this purpose.

The results of the analysis add relevant information to

the non-destructive characterisation of scaffolds in terms

of fabric anisotropy and design reliability.

Materials and methods

Simulated 3D patterns

Three well-known greyscale and binary simple 3D patterns

were built using MATLAB R2010a software (The

Mathworks, Natick, MA, USA). They consisted of an

isotropic sphere with a diameter of 30 pixels, an isotropic

cube (following the Cartesian axes) of 20 pixels of side and

an anisotropic prism whose ratio between axes was 1:1:2

with the largest axis measuring 20 pixels. Despite focusing

on meshes and grids, solid objects without holes are

simulated and analysed for verification of the developed

methods as the relationship of its axes establishes their

anisotropy index, and this can be easily determined

theoretically.

Preparation of the polymer synthesised scaffolds

Constructs using a cylindrical orthogonal pore mesh

Ethyl acrylate (Aldrich, Barcelona, Spain, 99% pure) was

employed without further purification. Ethylene glycol

dimethacrylate (EGDMA; 1wt.%) and Azobisisobutyr-

onitrile (AIBN; 0.1wt.%) were used as a cross-linker

agent and thermal initiator, respectively. The monomeric

solution polymerised undergoing bulk free radical

polymerisation when the temperature was raised up to

708C for 24 h.

A detailed procedure regarding the obtaining of this

pore architecture is explained elsewhere (Rodrı́guez

Hernández et al. 2008). Briefly, a fixed number of

polyamide 6.6 sheets of commercial textile fabrics

(SAATI S.A., Barcelona, Spain) were useful in building

well-ordered structures to serve as porogenic templates.

The nominal thread diameters of the employed fabrics

were 80mm (D80) and 150mm (D150).

The fabrics underwent a two-step process, which

included compression and sintering of 25 stacked sheets.

The immersion of the produced templates into the

monomeric solution enabled the filling of the available

spaces within the templates. After polymerisation, a

material was formed in which the polyamide template was

embedded. The polyamide 6 template was then dissolved

by immersion in nitric acid (Aldrich, 60% extra pure).

After the removal of the template, the resulting porous

materials were rinsed in boiling ethanol so as to remove

any remaining chemicals. Finally, the scaffolds were dried

in vacuo at 708C to a constant weight.
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Constructs with spherical pores

Caprolactone 2-(methacryloyloxy) ethyl ester (CLMA)

(Aldrich) and 2-hydroxyethyl acrylate (HEA) (Sigma-

Aldrich, Madrid, Spain, 96% pure) were also used without

additional treatment. Benzoin (Aldrich, 98% pure) and

EGDMA (Aldrich, 99% pure) were used as initiator and

cross-linking agent, respectively. Acetone (Scharlau,

Barcelona, Spain, 99% pure) and ethanol (Aldrich, 99.5%

pure) were responsible for the solution.

A detailed procedure regarding obtaining this pore

architecture is explained elsewhere (Escobar Ivirico et al.

2007). Poly(methyl methacrylate) (PMMA) microspheres

of known size (90 ^ 10mm, Colacryl, Durham, UK),

employed as porogen, were introduced between two plates

and heated at 1808C for half an hour to obtain the first

template. In order to obtain scaffolds with controlled

porosity, a series of templates with varying degrees of

compression were prepared. After cooling the template to

room temperature (rt.), a monomer solution (in different

weight proportions of both components 100/0 [CLMA],

70/30 [CLMA70], 50/50 [CLMA50], 30/70 [CLMA30]

CLMA/HEA) was introduced in the empty space between

the PMMA spheres. The polymerisation was carried out up

to limiting conversion under an ultraviolet radiation source

at rt.. After the polymerisation took place, the PMMA

matrix was removed by soxhlet extraction using acetone

(Scharlau, synthesis grade). At that stage, the PMMA

porogen template was completely removed. The porous

sample was kept for 24 h more in a soxhlet with ethanol to

extract substances of low molecular weight. Samples were

dried in vacuum until constant weight (differences below

1%) before characterisation.

Figure 1(a),(b) shows a scanning electron microscopy

image of the different polymer scaffolds for regenerative

medicine analysed in this work, where the different

topologies can be observed (cylindrical orthogonal pore

mesh and interconnected spherical pores).

mCT acquisitions

The mCT images were acquired in a high resolution in vitro

scanner Sky-Scan1072 (Bruker, Kontich, Belgium). The

specimens weremounted on a rotary stage and scanned for a

complete rotation of 3608 using an X-ray tube voltage

of 40 kV. The images were a series of 124–184 slices of

1024 £ 1024 pixels with an isotropic spatial resolution of

7.13mm. Six scaffold series have been employed:

concretely, four constructs with a cylindrical orthogonal

poremesh (CLMA,CLMA70, CLMA50 andCLMA30) and

two constructs with spherical pores (D80 and D150).

Image processing

All image processing was carried out using MATLAB

R2010a. An initial preparation of the images was required

before the application of the algorithms for structure

analysis. The processing algorithms applied to the images

are listed below and are similar to those specified in

Alberich-Bayarri et al. (2009).

Segmentation

A square region of interest (ROI) was selected in each slice

by an automated algorithm to process a representative

sample of the scaffold. It was of approximately 300 £ 300

pixels for the CLMA scaffolds and 400 £ 400 pixels for

the spherical pore constructs. Resultant greyscale images

were stored in a 3D matrix representing a 3D reconstruc-

tion of the specified volume of interest (VOI) of the

scaffold. Segmented volumes were checked to exclusively

contain air and structure, excluding boundary regions

which could add errors to the measurements.

Binarisation

The different greyscale mCT slices were binarised using

the Otsu’s method (Otsu 1979) as shown in Figure 1,

which is a non-parametric and unsupervised method of

Figure 1. Different polymer scaffolds structures: (a, c and e)
interconnected spherical pores (CLMAx scaffolds); (b, d and f)
cylindrical orthogonal pore mesh (Dx scaffolds). (a, b) Scanning
electron microscopy of the different structures. (c, d) Greyscaled
scaffold mCT image. (e, f) Binarised image of (c) and (d),
respectively, by means of Otsu’s method.
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automatic threshold selection from a grey-level histogram.

This procedure employs statistical techniques so that the

intra-class variance is minimised in the whole volume

maximising at the same time the inter-class variance. It is

necessary to define the number of levels, in this case two,

and the image is automatically divided into so many grey

levels as indicated. The method was implemented in 3D

and followed the expression in Equation (1):

tVOI
* ¼ arg · max

t

s2
B

s2
T

; ð1Þ

where s2
T is the total variance and s2

B is the between-class

variance. The optimal binarisation threshold for the volume

is tVOI*. Then, the voxels were classified as belonging to

structure or air depending on their intensity value. Finally, a

3D logical matrix containing the scaffold structure resulted

from the application of the binarisation process.

Anisotropy degree analysis

Three different methods were developed and implemented

for the anisotropy degree characterisation of the scaffolds

and the evaluation of their reproducibility and robustness.

Both patterns and mCT scaffold images were analysed

following exactly the same methodology.

Ellipse and EI

Inertia is the resistance of a body to change its state of rest

or motion. It depends solely on the mass distribution, and it

is fully characterised by the tensor of inertia – whose

elements are the moments of inertia with respect to the

orthonormal axes of the Cartesian coordinate system –

and the products of inertia. The moment of inertia along

with the properties of the material determines the

maximum resistance of a structural element under bending

stresses. The graphical representation of the tensor of

inertia is the EI (or the ellipse of inertia in 2D). The

calculation of this surface is done with respect to an origin

of the reference system, O, usually placed at the centre of

mass, and it allows the computation for the moment of

inertia relative to any axis going through O. Thus, the

moment of inertia IOLof the body with respect to the axis

OL is calculated as
Ð
p2dm, where p represents the

perpendicular distance of the mass dm to the axis OL. The

graphical representation of the value 1=
ffiffiffiffiffiffiffi
IOL

p
for different

orientations of the axes OL is an ellipse in 2D and an

ellipsoid in 3D according to the associated Equation (Beer

et al. 2004; Marghitu and Dupac 2012) as depicted in

Figure 2(a). The minor and major axis of the ellipsoid

(b and a, respectively) define the degree of anisotropy

(DA) of the structure following Equation (2), being the two

minor axes allowed to differ in length.

DA ¼ a

b
ð2Þ

Mean intercept length

MIL is a boundary-based method that uses the interface

between phases to estimate fabric tensors. With respect to a

particular orientation, it is defined as the mean distance

between a change from one phase to the other. MIL 2D was

based on the application of straight lines or probes

equispaced at different orientation angles through a 2D

image plane containing binarised objects (Whitehouse

1974). These probes were perpendicular to a main line

which rotated at different angles. The probe was rotated

while sweeping the binary plane with intermediate angles in

order to analyse the line-structure intersections and evaluate

the anisotropic orientation patterns. To determine the length

of the probes, basic trigonometric relationships were used.

The next step was to evaluate the transitions from white to

black (binary images) for counting the number of

intersections between the probes and the interface between

both phases. Finally, the length of the probeswas normalised

Figure 2. (a) Obtaining of the ellipse of inertia generated on a
portion of the CLMA scaffold at the centre of mass O (red point),
inverted in colours and zoomed in by a factor of 900 for visual
purposes. The graphical representation of the value 1=

ffiffiffiffiffiffiffi
IOL

p
,

being IOLthe moment of inertia for different orientations of the
axis OL, is an ellipse. (b) Illustration of the 2D MIL computed on
the same portion of the same scaffold depicted in (a). It is based
on the application of straight lines or probes equispaced at
different orientation angles. Four orientations are displayed:
u ¼ 08 (b.1), 458 (b.2), 908 (b.3) and 1358 (b.4) through the binary
image. The image is inverted in colours for a better visualisation.
Green dots define the white to black transitions and red dots mark
the transitions in the opposite order. MIL is calculated by the
division between the summation of the length of the blue lines
and the number of green dots. (c) Iconography of the 2D t-scale
computation at an image point (blue dot) of the same portion of
the CLMA scaffold as in (a) and (b). Finitely, many radially
opposite straight-line segments distributed at uniform angular
spacing, called sample lines (red), are traced, and the optimal
edge location (magenta dots) is identified on each sample line.
Following the axial symmetry of the ellipse, the edge points on
every pair of radially outward sample lines are repositioned
(yellow dots) by selecting the one closer to the candidate point
and then reflecting it onto the opposite sample line. Finally,
t-scale is computed by fitting an ellipse (green) to the
repositioned edge points. As in (a) and (b), the image is
inverted in colours for visual purposes.
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with respect to the number of transitions from object to

background along each of those probes.

After probes rotation, an MIL value was obtained for

each angle u defined in the analysis, MIL(u). The analysis
of four orientations to a CLMA scaffold is shown in

Figure 2(b). Thus, the results were depicted in polar

coordinates (MIL(u), u) and an ellipse was fit to the data

using principal component analysis (PCA). This step was

accomplished in two substeps: determination of the

orientation and computation of the length of the semi-

axes. PCA allows to reduce the dimension of a complex

problem revealing hidden relationships in data represen-

tation. It involves checking if there is any other base that is

a linear combination, in which the data are better

expressed. To find the optimal base, the original angle

must be rotated to maximise the variance and the signal-to-

noise ratio. Thus, with PCA, the problem of fitting the data

to an ellipsoid turns into how to diagonalise a covariance

matrix. The vectors that define the base must be

orthonormal, and their directions must match the

maximum variation of the acquired data. The DA was

obtained following Equation (2) as well.

The extension of the algorithm to its 3D version had

certain modifications as it was necessary to obtain a

regular distribution of points in the control spherical

surface, where the structure under test was enclosed. This

consisted in a zonal equal area partitioning (Leopardi

2006), where the area of each region is defined using the

Lebesgue measure. In order to obtain a symmetric

distribution with respect to the centre of the sphere, the

number of points had to be power of two. Then, the central

point of each equal area partitioning was joined with the

centre of the unit sphere to obtain the direction vector, and

extended to the radius of the control sphere to obtain a line.

After the structure evaluation, for the adjustment of the

edge points to an ellipsoid, an algorithm called minimum

volume enclosing ellipsoid (MVEE) was employed (Peng

and Freund 2004; Moshtagh 2006). Finally, the value of

the minor and major semi-axes allowed calculation of its

anisotropy degree. This method is sensitive to outliers; so,

an iterative implementation of the Grubbs Test was

applied with a significance level of 0.005 for removing

outliers (Barnett and Lewis 1994).

The 2D MIL version has three main parameters: the

resolution or minimum distance between consecutive

points at the same probe, the separation in pixels between

consecutive probes and the number of orientations on the

plane u that the lines follow. The 3D version has two

parameters: the resolution and the number of equal-area

regions on the sphere.

Tensor scale

The t-scale method, a volume-based method that computes

anisotropy from measures taken inside only one phase,

was considered as a new concept of a local morphometric

scale using a tensor model (Saha 2003). Conceptually, the

t-scale at any image point p is the parametric

representation of the largest ellipse in 2D or ellipsoid in

3D centred at p that is contained in the same homogeneous

region (Saha and Wehrli 2004b).

For a better understanding of the purpose of each step

in the detailed description, a schematic illustration of the

2D method is shown in Figure 2(c). Despite illustrating the

process using binary images, it is applicable to greyscale

images as well (only non-zero pixels are taken into

account). As illustrated in the Figure (negative version of

the original one for visual purposes), a set of pairs of

radially opposite straight-line segments, called sample

lines, was superimposed. All of them were uniformly

distributed along the angular variable u. Each sample line

emanated from the point p, and the closer edge on each

line was detected in order to constitute the local contour of

the structure. If none of the evaluated points belonged to

the edge, it was set as the last point of the sample line. The

distance between p and a point on the edge was obtained

by a parametric integral over the sample line from p to the

first point at which the intensity was equal to 0

(background).

After locating all the edge points, it was necessary to

reposition one on each sample line in order to have

symmetrical conditions with respect to the central point p

so as to fit the ellipse. Thus, the point closer to p remained

in that position, while the opposite became symmetrical

with respect to p. This can be better understood seeing

Figure 2(c). Finally, the t-scale was determined by

computing the best-fit ellipse to these repositioned edge

points by means of PCA.

Once the t-scale was calculated for each point of the

image, parametric maps were built. The colour coding

scheme HSV, specifically hue (H), saturation (S) and value

(V) of the colour at any pixel p encodes orientation,

anisotropy and thickness, respectively. This model consists

of cylindrical-coordinate representations that correspond

with a hexagon or cone. According to the coding

convention, colours near the centre of the disk represent

locally isotropic structures, whereas those near the

periphery represent highly anisotropic structures. In order

to employ HSV colour space, a slight modification was

necessary because with the standard version, an orientation

of u will have a different hue than u þ p. The adopted

solution consisted of concentrating all the possible hues

between 0 and p, instead of 0 and 2p like the standard. For

this aim, a condition of symmetry with respect to the

revolution axis of the cone was applied as depicted in

Figure 3(a). The same portion of the CLMA scaffold

studied in Figure 2 is codified in HSV in Figure 3(b). The

DAwas calculated by means of Equation (2).

The first step for the 3D version, as was the case in the

2D version, was to determine which voxels belonged to the
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structure. This required overlaying a set of pairs radially

opposite and evenly distributed over the angular variables

u (azimuth) and w (elevation) sample lines. The next step

was to determine the coordinates of the points on the local

edge of the structure around the point p, the necessary

readjustment and the calculation of the best-fitting

ellipsoid by means of least squares. The quantity of

structure was calculated by a line integral over the segment

defined between the point p and each point on the edge.

The last step of the algorithm was the setting of an

ellipsoid to the surface calculated by means of MVEE.

The number of pixels considered on each sample line

for the calculation of t-scale determines the degree of

locality, which is the maximum distance that is taken into

account for calculating the t-scale at p, p being the point

for calculating the ellipse. Other important parameters

involved in the t-scale method are the resolution or

separation between points of the same line and the number

of radially opposed sample line pairs on the plane u. For
the 3D approach, the same parameters as for the 2D

version are maintained, taking into account that now p is a

3D coordinate, origin of the ellipsoid, and a new parameter

appears determining the number of sample line pairs on

the angular plane w.

Statistical analysis

Statistical analysis was performed for the two groups

(CLMA and D scaffolds) after testing normal distribution

with the Kolmogorov–Smirnov test using GraphPad

Prism (GraphPad Software, Inc., La Jolla, USA). The

student t-test was used to compare the two groups with

every algorithm (EI, MIL and t-scale). As three

comparisons were performed, establishing p , (0.05/3)

< 0.016 as statistically significant, a Bonferroni adjust-

ment was made. Results are expressed as mean difference

and 95% confidence interval (CI) of this difference.

Anisotropy data often have skewed distributions; there-

fore, a result from standard tests based on normality

assumptions may not be appropriate for small group

comparisons (Henderson 2005) and for this reason,

bootstrap method was chosen. The non-parametric boot-

strap method is a resampling approach that successively

recreates the data sample (repeated samples) by random

selection (with replacement) from the original sample,

from which values of interest such as average differences

are computed (Wood 2004; Mousavi et al. 2011).

Bootstrap estimations of differences with the 95%

confidence limits were calculated using the 2.5 and 97.5

percentiles of the computed bootstrap average difference

in 1000 resamples (Wood 2004).

Results

A preliminary study has been carried out applying the

three described methods to the three well-known

simulated 3D patterns: a sphere, an isotropic cube and an

anisotropic prism. The dependency of the results obtained

by the different methods with the form and the size of the

analysed region as well as its own parameters of MIL and

t-scale has been studied in depth. The results obtained for

each method were compared to the largest possible

rectangular ROI and the biggest possible square ROI. The

results suggested that the shape of the employed ROI

affected the values of the calculated semi-axes, obtaining a

higher DA when a square region was used. Thus, in order

to use the same amount of information in the three

coordinate axes, a square ROI was finally chosen.

Concerning the study focused on the size, it consisted of

comparing the results obtained with the largest possible

square ROI (100%), and three other square regions with

sizes 75%, 50% and 25% of the original one (the four

regions had the same centre). The size had no influence on

the values of the semi-axes of the ellipses and ellipsoids as

long as it had enough information of the organisation of

the structure. For the scale factors of 100%, 75% and 50%,

the values of the semi-axes remained constant, but there

was a little change (,6%) for the scale factor of 25% due

to the lack of sufficient information to perform the

calculations. Taking into account these results, square

ROIs of the largest possible size were employed.

For the concrete case of MIL, the separation between

lines had no influence on the results as long as a sufficiently

dense mesh was provided. However, the resolution

affected the values of the semi-axes fundamentally and

Figure 3. (a) Disk that represents the HSV colours with
restriction of symmetry employed in this study, at full intensity.
As the hue varies from 0 to 1, the corresponding colours vary
from red through yellow, green, cyan, blue, magenta and back to
red. Moreover, as saturation varies from 0 to a unit value, the
corresponding colours (hues) vary from unsaturated (shades of
grey) to fully saturated (no white component). The values equal
to 1 correspond with the brighter colours. (b) Parametric
representation in colour of the same portion of CLMA scaffold
studied in Figure 2, after applying the t-scale method. The colour
of each pixel corresponds with the colour whose strip has the
same orientation on the HSV disk that the ellipse centred at that
pixel.

Computer Methods in Biomechanics and Biomedical Engineering 451

D
ow

nl
oa

de
d 

by
 [

18
5.

39
.4

2.
27

] 
at

 0
7:

58
 2

8 
O

ct
ob

er
 2

01
4 



therefore the obtained DA. There was a tendency to

overestimate the distance of the line intercepted by the

structure with the deterioration of resolution. On the other

hand, the drawback of lines with very close points was the

increment of computational time. The resolution was set

0.1, and the control sphere was divided into 213 equal-area

regions. The method of the MVEE was applied with a

tolerance level of 0.001, and Grubbs Test was established

with a significance level of 0.005 for determination of

outliers (very few and isolated). For the t-scale method,

segments become a collection of points and, therefore, the

computational load and the precision of the algorithm

depended on the separation between the points over the

same line and on the maximum length of such segments.

The right choice of the resolution was determined by a

trade-off between the computational complexity and the

scale of the finest detectable structure. A low resolutionwas

used to obtain enough precision in the calculation of the

local contour. So, if a value adequately high for the length

was chosen, the obtained results were independent of this

variable. If a larger value was used, it increased the

computational burden, but the extra information was often

not crucial. A resolution of 0.5 pixels was set, as

recommended (Xu et al. 2009), 0.5–1 times the smallest

dimension of a pixel as well as a length of 10 pixels, fitting

into the interval recommended (Saha 2003), i.e. between 8

and 15 pixels. The number of sample line pairs on the

angular plane u was 36, and 18 pairs were employed on the

angular plane w.
The ellipsoids generated for the three presented

methods for the sphere and the prism are depicted in

Figure 4. The numerical results concerning DA for the

three simulated patterns are listed in Table 1. The obtained

results are very similar to the theoretical DA (1 for the

isotropic patterns and 2 for the prism 1:1:2) for those

simulated structures.

For the case of the scaffolds, every variable was

normally distributed, and results are shown in Table 2. EI

did not differentiate between the two models, with a

difference of means of 0.0158 and 95% CI of [20.5683;

0.6001] and a p value of 0.9435. The MIL method showed

no statistically significant differences, between CLMAs

and Ds scaffolds: 0.3509 [0.0656; 0.6362], p ¼ 0.02.

T-scale depicted high differences between both scaffolds

families, 0.3441 [0.1779; 0.5102], p ¼ 0.004.

Discussion

Regarding the extension of the 2D MIL and t-scale

algorithms to a 3D version, several difficulties emerge

when considering the spatial domain. It is not correct to

generalise MIL from the 2D case as it is necessary to

obtain a regular distribution of points on the control

spherical surface. The main differences for the implemen-

tation of the 3D t-scale version arise from the ellipsoid

fitting process and the representation of the results. In the

2D version, the adjustment of the ellipse to the data was

calculated using PCA, which was based on a statistical

Figure 4. (a) Sphere and prism for the evaluation of the EI and the 3D versions of the MIL and the t-scale methods. (b) Surface generated
by the EI method. (c) Ellipsoid generated from the MIL method (from which the DA is calculated). (d) Corresponding ellipsoid of the t-
scale method. For all the methods and in the case of the sphere, the resulting surface is almost spherical instead of ellipsoidal, owing to its
isotropy. In the case of the prism, as observed visually, the obtained surface is anisotropic.

Table 1. DA obtained by the three methods (EI, MIL and
t-scale) applied to three simulated patterns.

Theoretical DA 1 1 2
EI 1 1 2.0094
MIL 1.0174 1.0311 1.9647
T-scale 1.0023 1.1093 2.0174

Notes: The first row shows the theoretical anisotropy index for each
pattern (taking into account its axis ratio).
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analysis of the position of the points to fit in order to

estimate the principal direction of the ellipse. From that

direction, the ellipse was rotated such that the points could

be repositioned to adjust with the canonical formula of a

conical section. However, when performing a rotation in

3D, the rotational axis must be specified. Furthermore, this

rotation can be decomposed into a series of rotations with

respect to the coordinate axes, and although the directions

of the principal semi axes of the ellipsoid can be similarly

estimated to 2D, the number of rotations required in 3D

increases largely. For this reason, a broader adjustment

formula was employed based on least squares instead of

PCA, which contained implicit definitions of the possible

rotations of the ellipsoid with respect to the coordinate

axes. For the ellipsoid obtained for each voxel, the least

squares method was applied rather than MVEE as it is a

faster algorithm. As the MVEE is very sensitive to outliers,

an outlier-removal function was applied for the MIL

method, and as the t-scale is a more local algorithm, it was

necessary to apply this outlier-removal function for this

latter case.

As depicted in Figure 4, the sphere generates a

geometric figure almost spherical instead of an ellipsoid

because of its isotropy, whereas the prism leads to an

ellipsoid due to its anisotropy. When meshes that are

homogeneous in their mass distribution on macroscopic

scales are analysed, it is predictable that this measure will

be always one for a sample VOI with an EI–DA of 1.

The DA obtained with all the 3D methods for the cube

and sphere is very close to 1 and for the prism is

approximately 2 as expected. EI resulted in the fastest

method and provided the most accurate results for the

patterns.

If the variables are normally distributed, as in this case,

the habitual statistic is the mean with a CI of this

difference, which by convention is 95% (Wood 2004).

Particularly, the major difference in mean DA between the

two scaffold topologies is searched. CIs are quoted only

for the mean values because 1000 resamples are

considered with bootstrap, but not for the rest of values

in Table 2 since the measurement is taken only once for

each type of scaffold. Bootstrap techniques enable

calculation of 95% CIs even with two variables

(Ds scaffolds), which can coincide with maximum and

minimum values.

Regarding biopolymer scaffolds, EI was expected to

be good due to its accuracy with patterns, but it could not

handle complex structures. MIL was much faster than

t-scale and the results for patterns were similar, but with

the scaffolds, it resulted in no statistical significance. On

the other hand, t-scale is a local method and it provided

statistically significant differences among the different

scaffold structures.

Conclusions

Three different methods for the analysis of the DA have

been compared in three dimensions: the EI, the MIL and

the t-scale.

T-scale has provided the best results to differentiate

two different scaffold topologies such as cylindrical

orthogonal pore mesh and spherical pores, after having

proved a high accuracy with simulated 3D patterns.

Although the implemented methods have been applied

to scaffold images obtained using a Computed Tomogra-

phy scanner, they could also have been applied to other

types of biomedical images, such as magnetic resonance

images, for example.

The design of scaffolds for tissue engineering must

follow biomimetic criteria to successfully replace

damaged biological structures. This involves a broad

range of parameters such as pore size, pore interconnec-

tivity, total porosity, mechanical properties and surface

characteristics. A topological parameter that has been long

neglected is the anisotropy degree of the designed

scaffold, which must be equally considered among design

parameters, even more considering that most of tissues are

anisotropic in nature (e.g. bone), and synthetic structures

should also mimic this property. Scaffold anisotropy

represents a critical design feature in the fabrication of

musculoskeletal tissues, such as bone, cartilage, muscle,

tendons and ligaments, which display a peculiar spatial

organisation that results in highly anisotropic mechanical

behaviour. This paper has developed a robust methodology

to quantify the DA of synthetic scaffolds as a new tool to

be used in the design and characterisation of scaffolds.

Table 2. DA obtained for six scaffolds of two different topologies (four [CLMAx] and two [Dx ]) by means of the EI, MIL and t-scale
methods.

CLMA CLMA70 CLMA50 CLMA30 CLMAx mean [95% CI] D80 D150 Dx mean [95% CI]

EI 2.6019 2.4932 2.3035 2.7487 2.5368 [2.4890; 2.5822] 2.2653 2.7766 2.5209 [2.2653; 2.7766]
MIL 1.3118 1.6610 1.7043 1.6256 1.5745 [1.5309; 1.6172] 1.2312 1.2183 1.2246 [1.2230; 1.2264]
T-scale 1.4409 1.5008 1.4599 1.4590 1.4649 [1.4588; 1.4704] 1.2137 1.0284 1.1211 [1.0964; 1.1494]

Notes: The difference between the columns containing the means with the CIs for each scaffold topology shows the ability of each method to differentiate
them. EI did not differentiate between the two models 0.0158 [20.5683; 0.6001] (mean and 95% CI), p ¼ 0.9435. On the other hand, MIL showed no
statistically significant differences between CLMAs and Ds scaffolds: 0.3509 [0.0656; 0.6362], p ¼ 0.02. Significant differences were found with t-scale,
0.3441 [0.1779; 0.5102], p ¼ 0.004.
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Because the analysis can be similarly done on the original

tissue to be replaced, the methodology allows the

engineering of 3D biomimetic scaffolds incorporating

advanced properties of the original structure to be

replaced, seeking to incorporate the complex natural

behaviour into the designed structure.
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