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Abstract In this paper, we describe techniques for
extracting features from surface topography data, gathered
by a 3D-microscopy system, on a length scale that is rel-
evant for cell attachment. The feature parameters consid-
ered include standard surface roughness parameters applied
to the complete surface as well as new feature parameters
designed to quantify local variations in surface topography
potentially influencing cell behaviour. Methodologies have
been developed both to determine the degree of homoge-
neity or isotropy of a surface and to compare the topog-
raphies of different samples. The approaches followed
include wavelet decomposition and linear and nonlinear
filtering techniques. The analysis has been used to inves-
tigate the correlation between osteoblast cell attachment
and structural features of titanium-coated surfaces repre-
sentative of orthopaedic implants. The results confirm that
there is a discernible correlation between cell orientation
and the underlying surface lay.

1 Introduction

It has long been established that the behaviour of cells on a
surface is influenced by its chemistry, topography and
energy [1-4]. These attributes of the surface are usually
difficult to segregate because of their interdependence,
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however it has been convincingly demonstrated that cells
are more sensitive to topographical cues than to the
chemistry [5, 6] and therefore energy [7] of the surface.
The cell response behaviour has been exploited to some
extent in the design and finish of orthopaedic implants.
However, the relationship between cell behaviour and
surface texture, despite much research activity, is still not
fully understood. Studies of cell surface interactions focus
on either using randomly textured surfaces [8, 9] or sur-
faces that have a well-defined periodic structure, e.g.,
grooves [10] or pillars [11]. Early studies in this field
focused on the creation of micrometre scale surface fea-
tures but more recently there has been a move to study the
effects that nanoscale features have on cell behaviour [12].
Variola et al. [13] showed that the sponge-like nano-
texture created by etching titanium alloy samples enhances
the proliferation rate of osteoblastic cells and retards that of
fibroblastic cells compared to smooth control samples.
Dalby et al. [14] have shown that human mesenchymal
stem cells present in bone marrow exhibit more osteo-
blastic morphology and improved differentiation on sur-
faces that had randomly distributed nanoscale features,
such as wells, compared with hexagonal or square arrays of
the same features. Ranucci and Moghe showed that
roughening the surface of poly (glycolic-co-lactic) acid at
the micrometre level enhanced the attachment and adhesive
strength of osteoblast-like cells [15]. The extensive work of
Curtis et al. [10, 16—18] has shown that topographical
guidance in the form of micro-grooves determines the
shape and movement of the majority of cell types. How-
ever, it is still unclear whether cells are more sensitive to
the depth of the groove or the spacing between them [17].

A common challenge for the characterization of surface
texture at both the micro- and nano-level is how to define
quantitative measures that describe the overall roughness,
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account for differences in structural homogeneity and
highlight the importance of specific features, e.g., peak
heights, density of peaks, etc. The majority of papers use
global measures of topography that are based on the
analysis of 2D profiles extracted at right angles to the lay of
a surface that has periodic features, or at a random orien-
tation for an aperiodic surface. The principle parameter
used to describe these 2D surface profiles is the arithmetic
mean of the absolute deviations of the ordinate values of a
profile, Ra [19-21]. It is important to recognize that this
parameter, by its definition, is only sensitive to average
variation in the amplitude of the surface heights and does
not reflect variation in local behaviour. Consequently,
surfaces with quite different textures can have similar
values of Ra.

Quantification of surfaces using 2D profiles has been,
and continues to be, extensively used in engineering. More
recently a complementary suite of parameters have been
derived that describe 3D areal textures. The 3D areal
parameters are divided into four categories: amplitude,
spatial, hybrid and functional [22, 23]. The extension to a
third dimension provides the potential for a more detailed
description of the surface, for example, the orientation of
features such as ridges or grooves. Recently, Sosale et al.
[24] used the full range of areal parameters to quantify
differences in the topography over two length scales
(nanometre and micrometre) of two titanium alloy implants
which elicit different bone responses. The surfaces were
prepared by either grit-blasting (GB) or grit-blasting fol-
lowed by acid-etching (GB + AE) and measured using
white light interferometry and atomic force microscopy.
The GB + AE surfaces triggered a better response than GB
finished surfaces. The average difference over all the
derived parameters was less than 20% but the root-mean-
square slope and summit curvature differed by 63% and
75%, respectively, suggesting that these parameters are
particularly sensitive measures for characterising surfaces
in this application.

Despite the advances in 3D surface texture analysis
made during the past 10 years, surface texture parameters
are largely global measures that are not particularly useful
in identifying causal relationships between cell behaviour
and local features. In this paper, we describe techniques for
quantifying local texture and the degree of homogeneity
and isotropy over a surface. In Sect. 2, we describe the
experimental approach for acquiring data for the analysis
of surface topography and cell adhesion while in Sect. 3 we
discuss techniques for analysing surface topography,
focusing first on homogeneity and then isotropy. The
techniques are illustrated using a number of surfaces. In
Sect. 4, we discuss methods for correlating cell behaviour
with surface topography. Our concluding remarks are given
in Sect. 5.
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2 Materials and methods
2.1 Titanium samples

Test surfaces in the form of discs, 12 mm in diameter and
1.5 mm in thickness were cut from nickel comparator
specimens (Rubert & Co Ltd.). Comparator specimens are
used for roughness comparison measurements and typically
consist of eight differently textured zones produced by
different machining techniques/finishes. Specimens 331
and 315 were used; these are produced by spark erosion and
grinding respectively. Three discs were cut from each
comparator specimen with Ra values of 0.4 um, 3.2 pm and
12.5 pm for plate 331 and Ra values of 0.025 pm, 0.2 pum
and 3.2 pm for plate 315. After cutting, the discs were
magnetron sputter coated with 99.5% (grade 2) titanium to a
depth of approximately 500 nm (Teer Coatings Ltd.).

2.2 Cell adhesion study

Prior to use, the titanium discs were initially cleaned in
100% ethanol, disinfected with 70% ethanol and washed
three times in sterile Hanks medium (Invitrogen). Two
discs were used for the cell attachment studies and
were exposed to an osteoblast line. The osteoblast line is
the terminally differentiated osteosarcoma osteoblast-like
SaoS2 cell line, used at an in-house passage 5, and an
estimated supplier passage number of 120 (ATCC HTB-85,
isol. 1977).

The test discs were placed in individual wells in a 24
well plate (Nunc). Two discs in duplicate were seeded with
SaoS2 cells at a seeding density of 4.5 x 10* cells per cm?
which yields 50% confluence on the disc surface. One disc
in each set of three was seeded at 1.73 x 10* cells per cm?
which again yields 50% confluence, that is, 4.39 x 10*
cells were added to each well of area 2.5 cm”. The same
protocol was used to seed the same cells at the same
densities on to the surface of the plastic in a separate set of
empty wells to act as controls. (These controls were used
only to assess qualitatively the consistency of cell behav-
iour between sets for experiments). The discs were cultured
for 20.75 hrs in an humidified incubator at 37°C, and 5%
CO,.

The discs and control surfaces were washed gently four
times in phosphate buffered saline (0.1 M, pH 7). The cells
on the discs and plastic were then fixed in an acetone/
methanol mixture (50/50) for 10 min, to both fix the cells
and permeablise the membranes. The cells were then
washed and post-fixed in 10% neutral buffered formal
saline for 30 min and then washed gently in phosphate
buffered saline (0.1 M, pH 7) three times. The cells were
then covered in a solution of propidium iodide (Invitrogen)
stain in buffered saline and left for 10 min before being
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viewed under laser scanning confocal fluorescence
microscopy (a 488 line-argon laser with excitation peak
535 nm, emission peak 617 nm) to confirm the presence or
absence of cells.

2.3 Three-dimensional surface imaging

Three dimensional surface images along with x-, y-, and
z-co-ordinates were captured using an optical microscope
(Alicona Infinite Focus Microscope, Alicona Imaging
GmbH). Six images of the sample were captured at x 20
magnification on each sample before and after exposure to
cells (‘before’) and (‘after’). Each sample disc was
mounted in a purpose built jig before being placed under
the microscope. This ensured that the images captured
‘before’ and ‘after’ were of the same areas of the surfaces
within a tolerance of approximately 4+ 1.5 pm. The image
size was 513.9 pm x 411.1 pm with the resolution set at
640 pixels x 512 pixels, i.e., a resolution of 0.8092 um in
x- and y-co-ordinates. The resolution in the z-co-ordinate
for slow speed scanning was 50 nm. Binary masks of the
adhered cells on the substrates were manually created from
8-bit grey scale images using Image J software (version
1.4). Figure 1 shows the microscope image of a ground
surface and its graphical representation while Fig. 2 shows
the corresponding microscope image recorded at the pre-
defined co-ordinates with adhered cells (left) from which a
binary mask was created (right).

3 Surface topography analysis

The goal of the surface topography analysis is to extract
functionally relevant features from measurements of the
surface. The image data provides 3-dimensional co-ordi-
nates (x;;, y;j» z;}) where the x- and y-co-ordinates nominally
lie on a 640 x 512 pixel grid, with a grid spacing of

Fig. 1 Microscope image of a
ground surface (left) and its
graphical representation (right)

0.8092 pm in the x- and y-directions. Clearly, the infor-
mation provided by the values of a small number of surface
texture parameters associated with a set of co-ordinates on
a 640 x 512 grid represents only a small fraction of the
information contained in the complete set of co-ordinates.
However, the data reflects random behaviour that can be
summarised by parameters associated with statistical dis-
tributions (mean, standard deviation, etc.). In selecting a set
of features, a balance has to be made between succinctness
and loss of relevant information. What is relevant depends
on the intended functionality of the surface. In recent years
there has been much research activity in defining a modest
number of features that are likely to be useful in summa-
rising surface topography, see, e.g., [25-27]. The features
discussed below have been chosen on the basis of rele-
vance to cell adhesion and are computed for four example
surfaces, labelled A, B, C and D for future reference.
Figure 3 gives images of the two ground surfaces, A and B,
and Fig. 4 gives the images of two spark eroded surfaces, C
and D.

3.1 Global surface roughness parameters

The least-squares best fit plane to each measured surface
was calculated and the heights z; adjusted so that the best-
fit plane to the adjusted data is z = 0. Figures 5 and 6 graph
the central 256 x 256 set of measurements for surfaces A,
B, C and D (shown in Figs. 3, 4) with the best-fit plane
removed. At a small scale, surface D is visibly smoother
than surfaces A, B and C.

The following standard surface roughness parameters
were calculated for each adjusted set of heights:

1 N, Ny 1 N, Ny 1/2
S - iils S = 2 s
ot s (3 3d)
i=1 j=1 i=1 j=1
1 1 N, Ny 1 1 N, N,
Ssk = Z?, Sku = Z;
(Sq)3 NxNy; j=1 ’ (Sq)4 NxNy i=1 j=1 !

yimicrometre
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Fig. 2 Microscope image of the
same surface in Fig. 1 with cells
attached (left) and its
corresponding binary cell mask
(right)

Fig. 3 Images of ground
surfaces A, left, and B, right

Fig. 4 Images of spark eroded
surfaces C, left, and D, right

Surface A Surface B

z/micrometre
z/micrometre

y/micrometre 0o ximicrometre y/micrometre 0o wimicrometre

Fig. 5 Central 256 x 256 grid of measurements of ground surfaces A and B, with least-squares best-fit plane removed
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Fig. 6 As Fig. 5 but for spark eroded surfaces C and D. The z-axis scale for surface D is approximately 10 times that of surfaces A, B and C

Regarding the (adjusted) heights, z;;, as samples from a
probability distribution, Sq2, Ssk and Sku are estimates of
the distribution variance, skewness and kurtosis, respec-
tively. A positive skewness parameter arises, for example,
if the surface tends to have sharp peaks and broad valleys.
Kurtosis is a measure of the ‘peakedness’ of a probability
distribution. The definitions of the parameters Sa, Sq, Ssk
and Sku, involve powers F k=1,2,3, 4, of the heights z
and the larger the power, the more sensitive the corre-
sponding parameter is to outlying data representing scrat-
ches, for example.

Table 1 gives the values of the parameters Sa, Sq, Ssk
and Sku calculated for a 256 x 256 central grid of mea-
surements for the surfaces A, B, C, and D; see Figs. 5 and
6. The Table also gives the calculated parameters for a
random surface, labelled ‘E’, whose heights z;; € N(O, 1)
are drawn from a standard normal distribution. Surface D
has a much larger Sq parameter value. The kurtosis
parameter for surface A is large, due to the large isolated
peak apparent in Fig. 5. The values of Sq, Ssk and Sku for
the random Gaussian surface E are close to the expected
values of 1, 0 and 3, respectively.

Table 1 Parameters Sa, Sq, Ssk, Sku, Sds, Sl and Str for real surfaces
A, B, C, D, and a random surface E

Parameters A B C D E

Sa (um) 0.13 0.33 0.35 3.44 0.80
Sg (pm) 0.18 0.42 0.45 4.37 1.00
Ssk 1.13 0.09 —0.26 —0.68 0.00
Sku 10.29 3.44 3.66 3.20 3.01
Sds x 10° 3.95 3.36 3.95 0.75 166.66
Si 0.82 0.18 0.83 0.56 0.92
Str 0.81 0.11 0.56 0.88 1.00

3.2 Spatial homogeneity

The global surface roughness parameters defined in 3.1
depend only on the values of the heights z; and not on how
the heights are distributed on the surface. This section
describes methods that give a measure of the degree of
surface homogeneity as a function of location.

3.2.1 Wavelet analysis

A wavelet analysis of the surface co-ordinate data was
performed in order to provide information at various length
scales. The Haar wavelet was used as it can be directly
related to the surface roughness parameter Sq. A Haar
wavelet analysis can be described as follows. The xy-grid is
partitioned into four equal squares and the mean values of
the four sets of corresponding z-co-ordinates calculated.
These four mean heights specify an approximation of the
surface in terms of four step functions. This is the level 1
approximation. Each of the four squares is then partitioned
into four sub-squares and the mean heights for each of
the 16 sub-squares calculated. This provides a level 2
approximation to the surface. The process can be repeated
until no further partitions are possible. At level k the mean
heights can be stored into a parameter vector a;. The level
k approximation Z;(ay) to z; is given by the mean value for
the sub-square containing the ijth grid point. The level 1
approximation represents the largest scale approximation,
with the scales becoming smaller as the levels increase.
The approximating surfaces can be calculated very effi-
ciently using wavelet decomposition algorithms.

Figure 7 shows the level 2 and level 5 approximations to
surface B (from Fig. 5) while Fig. 8 those for surface D
(from Fig. 6).

Let S% denote the variance of the kth level approxi-
mation Z;(a;) and Sg” the variance of the complete surface,
as before. The ratio
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Fig. 7 Level 2 and 5 Haar wavelet approximations to surface B (shown in Fig. 5)
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Fig. 8 As Fig. 7 but for surface D (shown in Fig. 6)

Ry :SI%/quv (1)

is a measure of how much of the variation of the entire
surface is explained by the kth level approximation. These
ratios, as a function of level k, give a profile of how the
surface can be resolved at different scales, i.e., provide a
measure of the balance between coarse and fine features.
Similarly, the difference Sqi = Sq¢*> — S7 is a measure of
the variance once the level k approximation is removed.

The wavelet decomposition provides a partition of the
variation of the surface according to the various levels and
hence length scales. Figure 9 graphs the partition of vari-
ances from levels 1-8, coarse to fine, for the four surfaces
A, B, C and D (Figs. 5, 6) and the Gaussian random surface
E. Surfaces A, B and C have a similar partition profile with
most of the variation of the surface explained at interme-
diate levels of scale. For surface D, the variance at levels 1
and 2 are higher, reflecting the relatively coarse features
associated for the surface. The small-scale smoothness of
surface D is reflected in the lower variation at the finer
length scales. For the random surface E, the bulk of the
variance is explained at the finest level, i.e., the level of
noise.
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Fig. 9 Partition of variances, as a percentage of the total variation, of
surfaces A, B, C, D and E, at levels 1 to 8, coarse to fine, based on a
Haar wavelet decomposition. The values for the different levels are
joined by straight-line segments for purposes of visualisation

A measure of the difference between variance profiles is
given by the > test [28] for comparing frequency distri-
butions. Regarding the computed variances at each level,
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Table 2 Values of )(2 calculated in (2) for five surfaces A, B, C, D
and E, derived from a partition of variances present in Fig. 9

B C D E
A 8.68 592 48.58 169.24
B 6.51 77.94 163.69
C 61.08 165.50
D 188.82

represented in Fig. 9, as observed sample rates, fs 4 f5.4
etc., from a distribution with 8 states (the levels or scales),
then the 7> values are defined by

(Fax — f)”
7AB—Z fAk+ka , (2)

etc., and give a measure of how likely it is that two profiles
are drawn from the same probability distribution. The
observed y* values can be compared with the quantiles of
the %> distribution %7 with v = 8 — 1 degrees of freedom.
The expected value of a draw from X% is 7 and there is a 5
% probability that it exceeds a value of 14.1. Table 2 gives
the 7> values calculated as in (2) for each pair of surfaces.
On this basis, surfaces A, B, and C are differentiated from
surface D and all are differentiated from surface E, but that
there is no significant difference between surfaces A, B and
C at the 95% level.

3.2.2 Within- and between-group measures

The Haar wavelet decomposition of the surface uses a
partition of the grid at various levels, from coarse to fine.
An alternative approach is to use the same type of nested
partition of the surface and compare surface parameters
evaluated on each subgrid. For example, let ny,, be the
number of grid points in the pgth subgrid at level &, and
Zkpg and 5% ,, the corresponding mean height and variance.
The total variation Sqg” for the surface can be written as Sg>
= B, + W, where B, and W, represent the between- and
within-group variances:

By = Z”kwk(zk.pq - 5)27
P

1
We =, 12 e

Here, 7z is the mean surface height for the complete surface.
For a surface with the least-squares best-fit plane removed,
z = 0. For a flat, homogeneous surface, we expect By to be
small relative to S¢°. Conversely, if By is large relative to
Sq?, there is evidence of inhomogeneity at the kth level.
If the grid size is given by powers of two, e.g., 128
x 128 or 256 x 256, the Haar wavelet decomposition

l)si’pq.

coincides with the within- and between-group analysis with
the ratios R; defined in (1) given by

Ry = By/(Bx + Wi) = B/Sq>.

In this sense, the wavelet decomposition captures the bal-
ance between fine and coarse scale variation.

Using a partition into subgrids, any measure of surface
behaviour can be calculated for each subgrid, and the vari-
ation in measures over the complete surface quantified. For
example, let Sgy ,, be the surface roughness parameter Sg
calculated for the pgth subgrid in the kth level partition. Each
value of Sgy,, is calculated after the least-squares best-fit
plane has been removed from the heights z; for the pgth
subgrid. By contrast, in the wavelet analysis the least-squares
best-fit plane is removed only from the complete surface.

We have computed Sg ,, for the five surfaces A, B, C,
D and E for the case kK = 5 so that each surface is divided
into 32 x 32 = 1024 subgrids. Since we are interested in
the variation of the Sq values over the surface, we set

Spqg = S‘ZS,pq/g‘h, (3)

where Sgs is the average over p and g of Sqs pq- Thus, for
each surface s, is scaled so that their average is equal to
one. The s, are then sorted into bins j = 1,...,ng, with the
bins widths chosen so that, averaged over the four surfaces
A, B, C and D, the numbers in the bins are approximately
equal. The bin counts fy ;, etc., for the five surfaces can then
be compared using a y* measure as in (2) but with the index
k replaced by j.

Figure 10 graphs the distribution of s,, for the four
surfaces A, B, C and D and eight bins while Table 3 gives
the y* values which can be compared with 95% quantile
value of 14.1 of the corresponding 3 distribution.
Figure 10 shows that for surfaces A and C most subgrids
have Sq values close to the average value, surface B has Sg
values distributed approximately equally over the range
while surface D has relatively few subgrids with an Sg
value near the average value. Table 3 shows that only
surfaces A and C are comparable with each other.

The y* values give a measure of the difference between
distributions, but what can be said about the homogeneity
of the surfaces? Table 4 shows the standard deviations of
the s, values for the five surfaces and shows that, by this
measure, surface A (0.43) and C (0.44) have similar vari-
ation, B (0.51) slightly more and D (0.73) more again. The
random surface E (0.05) is the most homogeneous, as can
be expected.

An alternative measure of variation is given by the rel-
ative (information) entropy, also known as the Kullback—
Leibler divergence [29, 30], a method of comparing one
distribution with another. Given two discrete distributions
p;j and g; with 3. p; =3, q; =1 , the relative entropy is
defined by
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Fig. 10 Bin counts of s,,, normalised values of Sg for surfaces A, B,
C and D calculated over 32 x 32 subgrids

Table 3 Values of Xz calculated in (2) for bin counts of s,,, defined

in (3), over a 32 x 32 partition for the five surfaces A, B, C, D and E

B C D E
A 27.38 11.51 119.82 546.69
B 20.07 46.33 627.46
C 109.18 568.70
D 669.49

Table 4 Values for standard deviation, s, and relative entropy, Dk,
derived from bin counts of s, values, (3), over a 32 x 32 partition for
the five surfaces A, B, C, D and E

A B C D E
s 0.43 0.51 0.44 0.73 0.05
Dy 0.0289 0.003 0.0218 0.0681 2.1322

Dxi(plg) = Zl’j log, (pj/q;)-

Relative entropy has the property that Dy (p|g) >0 with
equality only if p; = g;, for all j. However Dy (p|q) is not
generally equal to Dyj (¢lp). If the distributions p and ¢
represent the state-of-knowledge about a parameter then
Dx1(plg) is a measure of the information gain of p over q.

If the observed s,,, are binned in a histogram and f; is the
relative frequency associated with the jth bin so that ) _;
f; = 1, then the entropy of f; relative to another distribution
p; can be calculated. Relative entropy may be more
appropriate than the standard deviation as a measure of
dispersion for structured surfaces in which two or more
types of behaviour are prevalent. Table 4 also gives
Dy (flg; = 1/8) comparing f; with a uniform distribution
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across the 8 bins, so that the Dy value represents some
measure of structure in the surface relative to the average
structure of the four surfaces. The table shows that surface
D is more ‘structured’ than A, B or C. The ordering of the
Dy, values is not the reverse of that for the standard
deviation values.

3.3 Local analysis using linear filters

The wavelet analysis is an example of (global) regression
analysis. The properties of the surface are characterised in
terms of how well the surface heights can be matched by a
particular type of model surface. For example, for the Haar
wavelet, the model surface is a step function, constant over
each subgrid. For linear regression models, the approxi-
mation function can usually be written as

¢(xaya a) = Z akd)k(xay)a
k=1

where ¢,(x, y) are basis functions. Given data points x;; =

(.xl‘j,yij,Zij)T , i =1,..Ny, j=1,..,N, the estimate a =
(ary ..., an)T of the coefficients that minimise the sum of
squares
Nr N"
2
DD (@ — bl yina)’,
i=1 j=1
is given by

a=Clz, cl=(C"C)"'C", C=lei--c,

where ¢; and z are the vectors of length m = N, N, storing
c],')k(x,;,-, vip), k =1,..,n, and z;, respectively. An important
feature of linear regression analysis is that the solution
parameters a are given as a linear combination defined by
the n x m matrix C' of the data vector z.

In regression analysis, the parameter estimates a repre-
sent features of the complete surface extracted from the data
vector z. The main idea of a filter is to extract, for each point
(Xpg Ypg) " ON the grid, a feature or features a,, using only
those heights z;; corresponding to grid points (x;;, y,:,-)T local
to (x,,q,y,,q)T. For example, regarding the pgth point as
being at the centre of a 3 x 3 grid, a,,, could be taken as the
average height of the nine points in the local grid. Linear
filters can be described more generally as follows. Let Z be
the N, x N, matrix of heights with Z(i, j) = z;; and let F be
any n X n matrix where n is odd and much smaller than N,
and N,. For indices (n + 1)/2 < p < N, — (n — 1)/2, and
nm+1D/2<qg=<N,—@m— 1)2 set Z,, to be the n x n
submatrix of Z centred at location (p, ¢g) and define

Zo(pra) = 303 F (i) 20 (i)
i=1 j=1
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to be the output of the filter defined by F at location (p, g).
The quantity Zx(p, g) is a measure of how much Z is cor-
related with F at location (p, g). Importantly, the output Zp
can be calculated very efficiently using the 2-dimensional
fast Fourier transform [31, 32].

Different choices of filter F will highlight different
aspects of the behaviour of the surface. Let Wbe ann x n
weighting matrix with W(i, j) = w;;, n odd, and @y a set of n
X n matrices or masks representing basis functions eval-
uvated on an n x n grid of x- and y-co-ordinates. For
submatrix Z,,, the weighted least-squares best-fit combi-
nation of masks @y to Z,, is given by the a that minimises

S WGy liof) — Dalid)s alin]) = 3 axe(irf).
=1 p
@)

As mentioned above, a property of the solution of a linear
least-squares fitting problem is that each solution parameter
is a linear combination of the data being fitted. For (4), this
means that each solution g, can be evaluated using a mask
Ay = {Ax(i, j)} defined in terms of ®y:

a0 ) = 3 As(i.]) 20 ))
=1

Furthermore, the value of the fitted function and residual at
location (p, g) can also be evaluated using appropriate
filters derived from ®;.

For example, suppose we wish to find the best fit plane
¢ = a; + axx + azy to z;; for each 3 x 3 submatrix Z,, of
Z. Tt is straightforward to show that the parameters ay,
k =1, 2, 3, can be determined using 3 x 3 filters:

| 1 1 1 | -3 -3 -3
Al==11 1 1 Ay=—1 0 0 0
1 9 ) 2 18 )
1 1 1 3 3 3
: -3 0 3
Av=1o| -3 0 3], (5)
-3 0 3

the height of the best-fit plane at the central location is also
calculated using the filter A; and that the residual at the
central location is calculated using the filter

-1 -1 -1
1
9 -1 8 -1
-1 -1 -1

Using the filters A, A, and A3, the parameters of the best fit
plane

2= A pg T QrpgX + A3 pgY,s (6)

for nine heights centred at each (x,, y,) can be calculated,
from which the slope magnitude and angle of inclination

((M)z_i_ (M)Z) 1/2
Ax Ay

(1))
(7)

respectively, can be derived; here Ax and Ay are the grid
spacing in the x and y directions. From the set of calculated
slopes and angles, their mean, standard deviation, skew-
ness, etc. can be calculated.

]
A,y =tan my,,

Mpg =

3.4 Local analysis using nonlinear filters

The significant advantage of linear filters is that they can be
computed using extremely efficient convolution algo-
rithms. However, the same approach of moving a finite
window over the surface and calculating parameters that
are a nonlinear function of the heights that fall inside
the window can also be applied. Below we discuss a few
examples.

3.4.1 Density of summits (Sds)

The density of summits parameters Sds is the number of
summits in a unit sampling area. The height z,,, is regarded
as a summit if it is higher than its eight nearest neighbours
and can be determined using a 3 x 3 window. The asso-
ciated nonlinear filter returns 1 if z,, is a summit, O
otherwise.

For a surface represented by an N, x N, matrix of
heights corresponding to a regular grid of x- and y-co-
ordinates with spacing Ax and Ay, then
ns

(N — 1)(N, — 1)AxAy’

Sds =

where ng is the number of summits.

Table 1 gives the calculated Sds parameter for the five
surfaces A, B, C, D and E. The locally smooth character of
surface D is reflected in the relatively small Sds value.
Similarly, the random nature of surface E leads to a very
high Sds value.

3.4.2 Local (weighted) roughness parameter (Sq,,)

Given an n x n weight matrix W with w;; > 0, and n odd,
then the local Sg value at position (p, g), can be calculated
as follows. First a plane is fitted to the heights in the n x n
matrix Z,, of heights centered at (p, ¢) and Z,, is over-
written with the adjusted heights. Secondly, the local
roughness parameter at (p, q), Sq(p, q), is calculated
according to
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Sgfmicrometres

yimicrometres 0o
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Sg/micrometres

y/micrometres ol w/micrometres

Fig. 11 Surface roughness Sq(p, g) for surfaces A (left) and B (right), calculated over a 25 pum x 25 pm window, i.e., a 31 x 31 subgrid

1/2
1| ..
Sq(p.q) =~ [Z Wz‘szPQ(laJ)z‘| :
ij=1

If the weight matrix is normalised so that Y77, wj = n*

then the expected value of Sq(p, g) for a purely random
surface z; € N(O, ¢%) will be o.

Figures 11 and 12 gives the local surface roughness
maps for surfaces A, B, C and D calculated over a 31 x 31
pixel grid corresponding to a 25 pm x 25 pm subgrid
using unit weights. Figure 13 gives the histograms of
Sq(p, q¢)/Sq for the four surfaces. For each of the four
surfaces, the average of the ratio Sq(p, ¢)/Sq is significantly
smaller than 1, indicating that the local roughness is
smaller than the global roughness. For surface D, the
reduction is most marked, giving another indication of its
smoothness at smaller scales.

3.5 Spatial isotropy

The surface features considered so far do not reflect to any
great extent the way the behaviour of the surface changes
with respect to direction along the surface. We now discuss

08~ |
& uz%@ -""::%.a‘.;ﬂpn gvﬁ % N,

y/micrometres LAY

x/micrometres

Fig. 12 As Fig. 11 but for surfaces C (left) and D (right)

@ Springer

a number of features that are designed to examine how the
surface changes with direction.

3.5.1 Directions of greatest slope

By definition, a slope represents a change in height in a
given direction. The parameters of the best-fit plane in (6)
calculated using the linear filters defined in (5) determine
the direction vector n,,, and angle 0,

T
Ny = (2pq/ DX, @35 [AY) " /Mg, @2pq = (AX)Mp, €OS Oy,

a3 pg = (Ay)mpy sin Oy,

respectively, (with m,,, calculated as in (7)) of steepest
slope at location (p, ¢). The angles 0,,, can be binned in a
histogram to give the frequency f; at which angles in the
interval [0}, 0;,] appear as the directions of steepest slope.
The ratio

Sl = minf;/ maxf;, 0<SI<I, (8)
J j

is a measure of lay, i.e., surface directionality: the smaller
the value of S/, the higher the anisotropy. This parameter
can be computed efficiently as it is derived from an

w
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o
o
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£
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8
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Fig. 13 Histograms of Sq(p, q)/ 15000 T T T T T T T T T
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application of a simple linear filter. Table 1 gives the cal-
culated S/ parameter for the five surfaces A, B, C, D and E.
The grooved topography of surface B (see Figs. 3, 5) is
very apparent in the correspondingly low value of SI.
A graphical representation of the directionality of slope can
be given by plotting the relative bin count f; against angle 0,
in polar co-ordinates; see Figs. 14 and 15. Table 5 gives
the standard deviation and relative entropy associated with
the relative frequencies if the direction angles 0,, are
assigned to eight bins. The directional nature of surface B
is clearly reflected in the calculated values.

3.5.2 Autocovariance function

For a surface represented by an N, x N, matrix Z of
heights corresponding to a regular grid of x- and y-co-
ordinates, the autocovariance function can be considered as
the result of applying a linear filter F to Z, Sect. 3.3, where

feos g

the filter F' is the equal to surface Z itself. The filtered
surface Zy will be represented by a 2N, — 1) x (2N, — 1)
matrix, scaled so that the central value is 1. The autoco-
variance at location (p, g) measures the similarity of the
surface with the itself translated by p in x and ¢ in y. The
autocovariance values will decay from the maximal central
value as the distance measure (p2 + qz) increases, with the
rate of decay depending on the autocorrelation along the
direction specified by (p, g). The parameter Str, known as
the surface texture aspect ratio [25], is a measure of the
fastest decay relative to the slowest decay and is given in
terms of the ratio of the shortest distance from the centre at
which the autocovariance has decayed to 0.20 (or some
other specified value) to the largest such distance. Although
the autocovariance function can be calculated using con-
volution techniques, the fact that the filter is large in
dimension means that the autocovariance function can be
computationally expensive to calculate.
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Table 5 Standard deviation (s) and relative entropy (Dgp) values
derived from bin counts for maximal slope direction angles for five
surfaces A, B, C, D and E

A B C D E

s 0.0051 0.0712 0.0029 0.0140 0.0010
Dy 0.0010 0.1914 0.0003 0.00077 0.0000

Table 1 gives the Str parameter values for the five sur-
faces A, B, C, D and E. The grooved nature of surface B is
reflected in the small value of Str. Figures 16 and 17 shows
the autocovariance functions for surfaces B and C. The
autocovariance for surface B is seen to be largest in the
direction of the grooves (Fig. 5).

4 Correlating cell behaviour and surface topography
4.1 Analysis of binary image data

The cell imaging techniques discussed in Sect. 2.3 enable a
digital representation of cell occupation. Figures 18 and 19

show three cell masks represented as binary matrices, M1,
M2 and M3, where a one indicates that a cell is present and

80C

400

200
y/micrometre 0e xfmicrometre

Fig. 16 Autocovariance function for surface B
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Fig. 17 Autocovariance function for surface C

a zero (graphed as white) indicates no cell. The masks were
determined from cell images on three ground surfaces; for
example, mask M3 is associated with the surface shown in
Figs. 1 and 2. (Masks M1 and M2 are associated with
ground surfaces similar to that associated with M3 but not
graphed in this paper. Surfaces A, B, C and D have been
used in this paper only to illustrate the behaviour of the
surface analysis algorithms). The binary image data can be
analysed using a number of techniques to determine the
extent cell shape and density correlate with surface texture
and lay.

4.1.1 Density of cells

The simplest feature to compute is a measure of the density
of cells p¢ given by the number n¢ of grid points with mask
value 1 divided by the total number N, x N, of grid points
NN,

Pc
4.1.2 Extent of boundary calculations

Using a linear filter it is possible to identify those grid
points that are on the boundary of a cell, as represented by
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Fig. 18 Binary matrices M1 0
and M2, left and right,
respectively, representing cell
masks on two ground surfaces;
white regions denote absence of
cells (The figures are produced
by the Matlab ‘spy’ function
which gives the count nz of

the nonzero elements)

z ~ 4 i L L L L
0 50 100 150 200 250 300 350 400 450 500 0 S50 100 150 200 250 300 350 400 450 50C

nz = 121604 nz = 77467
Fig. 19 Left: binary matrix o L
representing the cell mask M3 wl 09 1\ z'
for the ground surface shown in i \ M3
Fig. 1. Right: the fraction of cell 100 \
grid points at least distance D ol 07 \ \ 1
from a boundary point for 2 z 06 1
masks M1 (solid), M2 (dotted) 200t S ps : ]
(Fig. 18) and M3 (dashed) § i ]
250+
03
300 N
02 B :
B[ 01 "'“m__hx 1
400 i 0 e o
O 50 100 150 200 250 300 350 400 450 500 0 5 10 15 20 2

nz = 39032

the mask. The ratio of the number of boundary points to
interior points gives an average measure of how elongated
or irregular the cell shapes are.

4.1.3 Cell radii

In a similar calculation to that for the boundary calcula-
tions, for a given threshold distance D, it is possible to use
linear filters to identify the number n(D) of grid points that
are in the interior of a cell and at least distance D from a
boundary point. By varying D and calculating n(D) it is
possible to derive further characteristics of the cell shapes.
In Figs. 18 and 19, the densities of cells for the three
masks are 61%, 39% and 20%, and the ratios of boundary
to interior are 8.1%, 9.5% and 13.0%, respectively.
Figure 19 also gives the fraction of cell grid points (D)
= n(D)/n¢ at least distance D from a boundary for the three
masks. It is seen that the increasing elongation of cell
clusters from M1 to M3 is reflected in the increase in
boundary-to-interior ratios and the reduction in f{D).

4.1.4 Mask autocovariance
The autocovariance function can also be calculated for a

mask. Figure 20 shows the autocovariance corresponding
to mask M3 in Fig. 19. The autocovariance function gives

distance/micrometre

quantitative evidence that the cells are aligned with the
grooved topography of the underlying surface, Figs. 1, 2, a
behaviour discernible in the mask itself.

5 Summary and concluding remarks

This paper has been concerned with defining and comparing
quantitative methods for analysing surface topography and

AC(p.q)

400

: 200
y/micrometre 00

x/micrometre

Fig. 20 The autocovariance function associated with mask M3
(Fig. 19, left)
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Table 6 Summary of advantages and disadvantages of the analysis methods

Analysis method

Advantages

Disadvantages

Global surface analysis

Haar wavelet analysis

Analysis on partitions

Linear filter analysis

Universal application; gives easy to understand summary
information, often with a statistical interpretation; creates
a baseline for comparison with local results; easy to compute

Provides frequency content at any given location; decomposes
the total surface variation in terms of variation at various
length scales; the partition of the total the energy across
the different length scales can be used to compare surfaces;
can be computed efficiently using the fast Fourier transform

Provides a similar analysis as a wavelet analysis, and allows
an assessment of inhomogeneity to be made

Extremely flexible; able to isolate specific features through
appropriate filter design, e.g., directional features; canbe

Can be overly sensitive to outlying data
due to scratches, dust particles;provides no
information about variation at a local level;
ignores spatial and orientation content

Less sensitive to directional features not aligned
with the axes system associated with the
wavelets

Poor sensitivity to directional features
not aligned with the data axes

Effectiveness depends of the choice
of appropriate filter

implemented efficiently used the fast Fourier transform

Nonlinear filter analysis  As for linear filter

Autocovariance
behaviour

Comprehensive method identifying patterned or directional

As for linear filter; cannot be computed
by the fast Fourier transform

Although a type of linear filter analysis,
it is computationally expensive for large
data sets

cell adhesion on the basis of features derived from
3D-microscopy data. The surface topography features dis-
cussed include standard parameters used to describe surface
roughness behaviour but also features that capture topo-
graphical surface texture at various length scales, using
wavelet analysis, for example, or the degree of heteroge-
neity and anisotropy using a local analysis based on linear
and nonlinear filters.

For data representing a set of heights at a regular grid of
points, the main idea of a local analysis is straightforward.
Any parameter that can be calculated globally for all the data
can be calculated for a finite window centred at a grid point.
The value of the parameter at a grid point now defines a new
set of heights that can be the subject of further analysis. In
particular, the variation of the parameter values, as estimated
by a standard deviation, range or relative entropy, gives a
measure of the heterogeneity. Similarly, any parameter that
specifies a direction can be used in a local analysis to
examine the behaviour of the surface in a particular direc-
tion. At a minimum, a local analysis replaces one parameter
with two, e.g., replacing a global value of the roughness
parameter Sq with the mean Sg value and standard deviation
of Sq asit varies over the surface. Table 6 givesasummary of
the analysis methods discussed in this paper.

While the extraction of functionally relevant features
from surface data is difficult, the analysis of cell behaviour
is usually more difficult since large randomising effects are
likely to be present. A major step is to be able to codify the
presence of cells in a digital mask. If this can be achieved
reliably, then the computational tools can be applied to the
mask in order to derive informative features. We have
shown that by using linear filter techniques or similar, it is

@ Springer

possible to extract information on cell density, size, shape
and orientation.

Given a set of observed topography features and mea-
sures of cell size, shape and orientation for a range of
surface textures, a final stage of analysis can be attempted
a) to determine which topographical features are most
important in explaining the observed cell behaviour, and b)
to predict cell behaviour for a particular surface on the
basis of known surface texture features. In this final stage,
techniques such as principle component analysis, partial
least squares, etc., will likely be important. However, in
order to extract significant relationships in the presence of
large random effects it will likely be necessary to have an
more extensive set of experimental data than that acquired
in the current study.
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