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Abstract
Toaddress the essential problem in surfacemetrology of establishing functional correlations spatial,
frequencies in topographicmeasurements are progressively decomposed into a largenumberof narrow
bands. Bandpassfilters and commercially available software are used.These bands canbe analyzedwith
conventional surface texture parameters, like average roughness, Sa, or other parameters, for detailed,
multiscale topographic characterizations. Earlier kindsofmultiscale characterization, like relative area,
required specialized softwareperformingmultiple triangular tiling exercises.Multiscale regression analyses
can test strengths of functional correlations over a rangeof scales.Here, friction coefficients are regressed
against standard surface texture parameters over the range of scales available in ameasurement.
Correlation strengths trendwith the scales of the bandpassfilters.Usingbandpass frequency, i.e.,
wavelengthor scale, decompositions, theR2 at 25μm, exceeds 0.9 for Sa comparedwith anR2of only 0.2
using the broader bandof conventional roughnessfiltering. These improved, scale-specific functional
correlations can facilitate scientific understandings and specifications of topographies inproduct and
process design and indesigns of quality assurance systems.

1. Introduction

Functional correlations in surface metrology refer to
dependencies that can be established experimentally
between parameters characterizing the topography of
a surface and characterizations of its behavior, as well
as between characterizations of processes that create
or modify surface topographies and parameters char-
acterizing those topographies (ASMEB46.1 2019).

A key element to solving the essential problem in
surface metrology of elucidating strong functional
correlations between surface topographies and their
behavior is explained in this paper. The richness and
value of selecting appropriate scales for meaningful
academic or industrial inquiries with practical rele-
vance through multiscale regression are established.
This paper shows how to use bandpass filters effec-
tively with commercially available software for spatial

frequency decompositions to generate suchmultiscale
characterizations as are required for multiscale
regressions.

The method is demonstrated using standard
roughness parameters (ISO 25178-2:2021) and multi-
scale regression analyses to elucidate strong functional
correlations in narrow scale bands (ASME
B46.1 2019). The standard parameters selected here,
height, hybrid and volume are not usually used in
multiscale characterizations and analyses (Brown et al
2018). Relative-length and relative-area are also stan-
dard parameters (ASME B46.1, ISO 25178-2),
althought they are inherently multiscale characteriza-
tions and do not lend themselves to bandpass filtering
as used here.

There is extensive literature on different kinds of
filters for spatial frequency decompositions, e.g.,
Brown et al 2018, ISO 16610, and modal filters in
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LeGoic et al 2011 and Shao et al 2023. It is beyond the
scope of this paper to review this extensive literature.
Only one, commonly used kind of filter is used here
for frequency decompositions. A distinctive feature
here is the test of strengths of functional correlations
as a demonstration of viability of this method for
creating value for evidence-based design tolerancing
and scientific insights.

Much of the previous work on multiscale geo-
metric characterization was done with specialized
software that is not readily available. For example, Ber-
glund et al in two papers (2010a& 2010b) found strong
functional correlations between die topography and
friction with metal sheets using area-scale analysis and
bandpass filtering. Both methods required specialized
software (Brown et al 1993, Agunwamba 2010). Area-
scale analysis was patented by Brown et al (1994, U.S.
5,307,292). Similar bandpass filtering can be found in
VDA 2007. The current efforts show how multiscale
characterization can be done using commercially
available software, and standard filtering and height
parameters.

Two ways that surface metrology can provide
value and intellectual richness, are: one, by confidently
discriminating surfaces by their topographies, and,
two, by discovering strong functional correlations.
The latter are relations between topographies and their
processing or performance (Savio et al 2016, ASME
B46.1 2019, Brown 2021). Functional correlations are
valuable for manufacturing processes and product
design, and they provide evidence for geometric
dimensioning and tolerancing. The intellectual rich-
ness provided by functional correlations can provide
insights into fundamental topographic interaction
phenomena. Establishing functional correlations has
been challenging for machined components
(M’Saoubi et al 2015) and crucial for function (Den-
kena et al 2011, Deltombe et al 2015). Most authors do
not provide results of regression analyses that are
required for evaluating the strength of correlations.

The lack of regression analyses could be said to
impoverishmuch of the published academic work that
has passed peer-review. This impoverishment from
avoiding regression analyses for establishing strengths
of correlations might go unnoticed because regression
analyses are missing so often. Nonetheless including
results of regression analyses could be a requirement
for academic papers on surfacemetrology dealing with
functionalities. Indeed the academic richness of evalu-
ating the strength of correlations as a potential
requirement for future work could go overlooked
because so fewpapers have yet gone to this length.

The experimental establishment of functional cor-
relations, both for performance and processing, gen-
erally appears to depend on certain factors. Some
studies have placed an emphasis on the importance of
the resolution of optical measurements for finding
functional correlations, and the need to make mea-
surements that can be related to the functional

performance of the surface (Leach et al 2015a, Leach
et al 2015b).

Looking specifically at ball end milling, studies
have discussed the issue of scale relating to the selec-
tion of themeasurement region, the cutoff wavelength
for filtering, and the lenses used for measuring topo-
graphies with a confocal microscope (Denkena et al
2015). For machining by broaching, studies have
applied multiscale analysis to the study of chatter
through frequency analysis of measured profiles,
accelerations, and forces. This allowed for an efficient
identification of chatter marks associated with a wea-
kened tool (Axinte et al 2004). Multiscale characteriza-
tions with relative area when used to evaluate
simulated machined surfaces showed the importance
of combining machining kinematics with microscale
features on cutting edges leads in simulations
(Lavernhe et al 2014).

Geometric characterization of topographies at
scales appropriate to the topographic interactions of
interest can enable discoveries of functional correla-
tions. Correlation strengths can vary with scale. The
strongest correlations have been found in a narrow
range of scales—much narrower than is con-
ventionally used for evaluating roughness (Berglund
et al 2010a, Berglund et al 2010b, Vulliez et al 2014).
Principles for surface metrology to facilitate the dis-
covery of functional correlations have been proposed,
consisting of two axioms, scale and characterization,
and two corollaries, measurement and statistics
(Brown et al 2018, Brown 2021).

The relative effectiveness of Gaussian, wavelet,
modal decomposition, and bandpass filters for multi-
scale analyses to test for correlation strength and the
ability to discriminate for a variety of topographies has
been studied (Goïc et al 2016). They found that Gaus-
sian is preferred for periodic and stochastic surfaces.
Conventional characterization parameters can be
highly correlated with each other, as has been shown
with conventional filtering and cross-correlation ana-
lyses (Nowicki 1985). Nowicki found that several para-
meters could be indicative of the same geometric
properties.

A geometric multiscale analysis, length-scale rela-
tions for the coastline of Britain, was described by
Richardson and expanded on by Mandelbrot (1967,
1975) in developing fractal geometry. Guibert et al
(2020) compared threemeans of doingmultiscale ana-
lyses patchwork, box, and motif, which are based on
fractal analyses. Length-scale finds relative lengths as a
function of scale and was applied to topographic pro-
files (Brown and Savary 1991). Length-scale was later
extended to area-scale analyses of areal topographic
measurements to find relative areas as functions of
scale (ASME B46.1 ch.10, ISO 25158-2) with specia-
lized software (Brown et al 1993). Area-scale analysis is
currently available commercially in MountainsMap®

(DigitalSurf, Besançon).

2

Surf. Topogr.:Metrol. Prop. 12 (2024) 035031 CABrown et al



The current work establishes functional correla-
tions with friction using multiscale characterization
through bandpass filters and surface texture para-
meters, without specialized software. Friction has an
important role in all fields of engineering and is also
true for metal forming. For sheet metal forming, the
primary example is the production of aluminum foil
(less than 0.2 mm thick) where surface roughness and
lubrication are paramount. It has previously been
established that the surface finish affects both the roll-
ing efficiency and surface quality (Schmitt et al 2016).
Metal forming is a heavy user of models in production
processes; however, model errors include uncertain-
ties related to the use of a processmodel including sur-
face conditions (Allwood et al 2016). Inmetal forming,
the surface topography of the workpiece and tool has
significant influence on the friction, lubrication, and
final surface quality of the formed component, espe-
cially when liquid lubrication is applied (Bay et al
2010). Such friction coefficients have been regressed
against multiscale areal curvatures to show strong
functional correlations (Bartkowiak et al 2018), and
multiscale analysis and display of their anisotropy has
been published (Berglund et al 2011).

Size effects have been investigated in determining
friction coefficients, which could be relevant to discus-
sion of scales of interaction with topographies. No
comprehensive work using direct measurement of
friction forces in experiments on size effects exists in
the literature (Vollertsen et al 2009). Generally, fric-
tion coefficients appear to increase with decreasing
size of the contact region (De Chiffre et al 2000). For
dies and molds, the shape and surface topographies of
die cavities and friction coefficients govern sliding
velocities, temperature, and interface pressures (Shiv-
puri and Semiatin 1992). Recent work on mechanical
surface modification processes, aimed at structuring
or smoothing surface topographies, has used arith-
metic average roughness (Ra) and the peak to valley
roughness (Rt) to study the influence of the state of
residual stresses (Schulze et al 2016).While these are of
interest, the sizes investigated do not approach those
of the topographic features and bandpass widths in the
present study.

The objective of the present study is to test and
demonstrate a novel method to perform multiscale
analyses with bandpass filters using commercial soft-
ware to elucidate functional correlations between sur-
face topographies and friction. Previously, this has
been done using specialized software which is no
longer available.

This study uses a subset of topographic character-
ization parameters defined in ISO 25178-2:2021. Mul-
tiscale characterizations are accomplished by applying
overlapping Gaussian filters, one high-pass and one
low-pass, to the measured topographies with a pro-
gression of central wavelengths in MountainsMap®.
Then separately multiscale regression analyses are
done, as previously mentioned in the literature

(Berglund et al 2010a, Berglund et al 2010b, Vulliez
et al 2014). In addition, correlations between the char-
acterization parameters are calculated, like the work
done with conventional S-F filtering and cross-corre-
lation analyses (Nowicki 1985), although they are
compared here as functions of scale.

The structure of this paper shows the logical devel-
opment leading to concise conclusions:

• The preparation of the specimens and performance
tests are described first, followed by the topographic
measurementmethod, then the friction coefficients,
as determined previously, are given following
immediately in section 2 onmethods.

• Essential elements are conventional filtering, band-
pass filtering (figure 1), and multiscale characteriza-
tions. The latter two are key contributions of this
paper, and are presented inmethods, section 2.1.

• Procedures for multiscale regression analyses and
the resulting evaluation of the multiscale functional
correlations are described in section 2.2 (figure 2).

• Section 3 presents renderings of topographic maps
after several kinds of filtering (figure 3). These
images provide visual impressions ofmeasuring and
treatment of measured topographic data on one
surface preparation. Figure 4 continues with topo-
graphic maps to provide visual impressions com-
paring two other surface preparations.

• Regression analysess of a conventional parameter,
average roughness (Sa), show how correlation
strengths at three different scales of the bandpass
filtering (figure 5). Table 2 compares the strengths
of correlations with conventional and bandpass
filtering.

• Figure 6 shows further how correlation strengths
varywith scale. Then afinalfigure (7) shows strenths
of cross correlations for some conventional char-
acterization parameters as a function of scale.

2.Methods

The strengths of functional correlations are evaluated
using linear regressions to determine linear depend-
ence with the correlation coefficient R and coefficient
of determination, R2. The latter is the proportion of
the variation in the dependent variable, friction,
coefficient that is predictable from the variation in the
independent variable, a characterization of the topo-
graphy. The strength of the correlations depends on
how topographies are characterized.

The friction between a sheet strip (DP600, 1 mm
thick, Ra= 1 μm) and tool pins was measured bymeans
of a bending under tension test method with 1 g m−2 of
lubrication. The resulting friction coefficients were then
calculated.. This method was described previously in
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detail by Bay et al (2008) and Andreasen et al (2006).
Details of the specific tests have been described in Ber-
glund et al (2010a, 2010b). A sheet strip bends over sta-
tionary pinswith clamps on the strip each side of the pin.
The sheet slides over the test pinunder tension. Loads are
applied to the strip through the clamps by hydraulic
cylinders and measured with strain gauges. Frictional
torque on the test pins is measured directly with a piezo-
electric torque transducer. Friction coefficients are calcu-
lated from the normal loads on the sheet and the
tangential loads on thepin.

The pins were prepared with two different levels of
finish milling (fine and rough) of a nodular cast iron
and two tool steels (table 1).

Three topographic measurements were made on
each of the pins with a Wyko RST Plus white light
interferometric microscope, at 10× with a measure-
ment region (i.e., ‘measurement area’ in ISO 25178-
600 section 3.1.4) of 577 × 428 μm and a sampling
interval of 785 nm.While 800 μm is a typical cutoff for
many measurements, this measurement is only is
500× 500 μm. The 800 μmcutoff is based on tradition
rather than on the needs of actual experimental inter-
est. In this case the size of the measurement region
extends well above the scale of the area-scale, smooth-
rough crossover in Berglund et al (2010b figure 3),
which is about 10 000 μm2 or 100 μm. The smooth-
rough crossover is the scale above which the surface
appears smooth and below which it appears rough
(ASME B46.1 ch.10). A larger measurement size
would increase the sampling interval and thereby
decrease the resolution in the measurement. A priori,
the scales of interaction, indicated by the scale of
strongest correlation in multiscale analyses are not
known (Brown 2021). These scales are logically below

the smooth-rough crossover scales. Therefore, select-
ing scales much larger than the smooth-rough cross-
over would diminish the likelihood of finding the
scales of strongest correlations.

Mean friction coefficients are listed in table 1.
Standard deviations were below 0.003 (Berglund et al
2010a, Berglund et al 2010b).

2.1. Filtering andmultiscale characterization
Conventionalfiltering creates S-F surfaceswith amedian
3 × 3 short wavelength de-noising filter, S, with an
effective cutoff below about 2.35 μm, based on the
sampling interval, and a second order long wavelength
filter, F, effectively over 400 μm (‘Cylindrical form’ in
MountainsMap ver 5). Missing data points, i.e. height
values, were filled in before filtering. Similar to that used
previously in VDA 2007, the ‘zero-bandwidth’ bandpass
filter used here (Blateyron 2017) was created using two
classical Gaussian filters with a single cutoff value, λC:
first in a high-pass mode and again in a low-pass mode.
The transmission factor of this normal Gaussian filter is
one half at the cutoff wavelength. When one high-pass
and one low-pass filter are combined at the same cutoff
wavelength, as is done here, the combined transmission
factor is a quarter at the cutoff wavelength (figure 1). It is
compensatedbya factorof 4, toobtain a full transmission
at the cut-off value. The combination of the two filters
gives newcharacteristics for the bandpassfilter:

⎜ ⎟ ⎜ ⎟
⎛
⎝

⎞
⎠

⎛
⎝

⎞
⎠= -

l
l

l
l

- -
( ) ( )

( ) ( )u

u
4 exp 1 exp 12

0

ln 2 ln 2c c
2

2

2

2

Where u2 is the final signal, u0 is the initial signal, and
λ is the wavelength. Such a filter attenuates wave-
lengths on both sides of the cutoff as shown in figure 1

Figure 1. Filter transmission.Wavelengths are transmitted according to the red line (low-pass or S-Filter) and the blue line (height-
pass or L-Filter). The green is the ‘zero bandwidth’ bandpass.
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Figure 2.General description of the bandpassmultiscale procedure.

Figure 3.Carmo fine (μ= 0.133)with bandpassfiltering at scales 9 μm (a), 25 μm (b), and 100 μm (c), and S-F filtering (d).
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and is defined in ISO 16610-21:2011 for profiles and
ISO 16610-61:2015 (ISO 16610-61:2015) for surfaces.
The curve is not symmetrical because a true low-pass
filter is not used; rather it is complementary to the
high-passfilter.

To calculate the actual bandwidth of this so-called
‘zero-bandwidth’ filter, first calculate where the ampli-
tudes of each are½of themaximum. Equation (1) shows
this to be 0.6006λC and 2.092λC, for the left and right
curves respectively. Subtracting these shows that the
actual bandwidth of this zero-bandwidth filter is 1.49λC,

which is clearly not zero, nor is it constantwith respect to
the centralwavelength,λC.

In this study, the form was removed, missing points
were filled in, and then a filter bank was created using a
progression of the square root of two between the central
wavelengths. This factor leads to two filtration bands per
octave, i.e. when the cut-off is doubled. If three bands
were required, a factor of the cubic-root of 2 would have
been chosen. Considering the size of the measured
region and the sampling interval, there are then twelve
filters applied according to equation (1), with central

Figure 4.GGG70L Fine (μ= 0.140) left and Sleipner Rough (μ= 0.161) right, bandpass at scale 9 μmabove (a) and (b) and S-F below
(c) and (d).

Figure 5. Friction coefficients from table 1 (Berglund et al 2010a, Berglund et al 2010b) versus Sa for three bandpassfilters. Blue is at
9 μm, red at 25 μm, and green 100 μm.
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wavelengths from 9 to 400 μm. The bandpass filter is
described above. For simplicity, the factor of four is
omitted in the calculations here. This omission does not
affect the correlation strengths; it simply shifts the para-
meter values on the abscissa.

After bandpassfiltering at all the centralwavelengths,
three kinds of conventional characterization (ISO25178-
2:2021) were calculated. The first four statistical
moments of height, Sa, Sq, Ssk, Sku are used, along with
themaximum height, Sz. Second, the hybrid parameters
(rootmean square gradient, or slope, and developed area
ratio), Sdq and Sdr introduce spatial components. Third,
the volume parameters, based on the Abbott curve,
Vmp, Vmc, Vvc, and Vvv, use default values, as defined
in ISO 25178-3, 10% for Vmp, 10% and 80% for Vmc
andVvc, and80%forVvv.

2.2.Multiscale regression analyses and functional
correlations
Multiscale, linear regression analyses were performed
to evaluate the strength of the correlations of each of

the surface texture parameters, described above, had
with the friction. Coefficients of determination (R2)
were calculated for each parameter and each scale.
These R2 values were plotted versus the respective scale
at which they were calculated, where the scale is the
value of the central wavelength. In addition, cross
correlations between the characterization parameters
were examined as a function of scale. A general
description of the bandpass multiscale procedure is
given in figure 2.

3. Results

Filtered measurements are shown in figure 3. These
illustrate one surface with a progression of three
central wavelengths and S-F filtering.

Figure 4 shows two surfaces with S-F filtering and
bandpass filtering at 9 μm. Some extreme peaks and
valleys are apparent in the renderings, particularly
with the 9 μm bandpass filter in figures 4(a) and (b).

Figure 6.Results ofmultiscale regression analyses showing coefficients of determination (R2) of frictionwith Sdq, Vvv, and Sa versus
scale.

Figure 7.Cross correlation strength R between topographic characterization parameters Sawith Sdq, Vvv, and Sz versus scale.
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They appear as spikes and their origin is not known.
Regardless, they have a strong influence on Sz, and less
on the other parameters.

The results of regression analyses between the fric-
tion coefficient and Sa are shown in figure 5 for three
bandpass filters. The magnitude of Sa clearly increases
with the scale of the bandpass. The importance of scale
in finding strong correlations is clear. The scale of the
strongest correlation is 25 μm. At 100 μm there is
essentially no correlation between the friction coeffi-
cient and Sa.

For the calculated parameters after bandpass filter-
ing, the strongest correlations and the corresponding
scales are shown in table 2, along with the correlations
for S-F filtering. Seven out of eleven of the correlations
using the bandpass filters have R2 values over 0.8, all at
scales of either 18 or 25 μm (table 2). The S-F filtering
R2 values were all below 0.4, except Sdq and Sdr, which
were 0.71 and 0.73 respectively. This agrees with the
earlier result from Berglund et al (2010a). The height
parameters, Sa and Sq, appear to be sensitive to the lar-
ger wavelengths in the S-F filtered surfaces. The devel-
oped surface area, Sdr, and the rms slope, Sdq, are
calculated at the scale of the sampling interval. These
two parameters show correlations with friction with
S-F filtering that are several times stronger than most
of the other parameters. All the correlations are higher
with some kind of bandpass filtering. Friction never
correlates well with the skew and kurtosis, Ssk and
Sku, or with the maximum peak-to-valley roughness,
Sz. The latter could be attributed to influence of the
spikes that were noted in renderings in figures 3 and 4.
These observations support the contention that find-
ing strong functional correlations depends on select-
ing appropriate characterization parameters.

Trends of the correlations between friction and
one of each of the characterization parameters that
showed the strongest correlations are shown in
figure 6. The trends are smooth with respect to scale. A
clearmaximum is shown at 25 μm.At larger scales, the
correlation strength decreases suddenly to near zero.
This is consistent with earlier results for a different

kind of bandpass filter (Berglund et al 2010a) and con-
firms the importance of selecting the appropriate scale
infinding strong functional correlations.

Figure 7 shows correlation strengths using the cor-
relation coefficient, R, versus scales, between a height
and a hybrid parameter (Sa and Sdq), between a height
and a volume parameter (Sa and Vvv), and between
two height parameters (Sa and Sz). The correlations
are strong across all scales except for Sa and Sz at the
scales below 50 μm. At the finest scale, the correlation
between these two height parameters even becomes
negative. (Nowicki 1985) found an R value of 0.963
between the average roughness and peak to valley
roughness for profiles from ground surfaces. Strong
correlations are found between Sa and Sz here at the
largest scales with conventional filtering. The increas-
ing weakness of correlation between Sa and Sz as scales
diminish and becoming negative is perhaps worthy of
note and followup, beyond the scope of this paper.

The strength of the cross correlations obviously
should depend on the nature of the topography being
studied, as well as on the nature of the parameters. The
dependence of the strength of the cross correlation on
scale has not, to our knowledge, been studied pre-
viously. The weak correlations between Sa and Sz,
noted here at the fine scales, might be associated with
the presence of spikes, which can be seen at the fine
scales in the renderings in figures 3 and 4. These spikes
would influence the maximum peak-to-valley, Sz,
much more than they would the arithmetic average,
Sa. The scales of weak correlation between Sa and Sz
are also the scales where the friction correlated
strongly with Sa.

4.Discussion

Multiscale characterization and regression analyses
using several parameters, as done here, can facilitate
the discovery of the appropriate scales, parameters,
and measurements. This work builds on analyses of
the same data previously used by Berglund et al

Table 1.Pin surfaces and friction coefficients, μ (Berglund et al 2010a, Berglund et al 2010b).

Pin Material
GGG70L Carmo Sleipner

Finishmilling Fine Rough Fine Rough Fine Rough

Mean friction coefficient (μ) 0.140 0.150 0.133 0.141 0.137 0.161

Table 2.Coefficient of determination (R2× 100), frictionwith parameters and scales.

Filtersparameters Sa Sq Ssk Sku Sz Sdq Sdr Vmp Vmc Vvc Vvv

R2cv 20 20 11 10 60 71 73 1.0 17 16 39

R2bp 95 93 13 13 90 92 92 70 84 89 92

Scale 25 18 141 141 18 25 25 9 25 18 25

S-Ffilter: R2cv; strongest correlationswith bandpassfilter: R2bp; scales are μm.
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(Berglund et al 2010a, Berglund et al 2010b) that
demonstrated the value of multiscale geometric ana-
lyses in discovering strong functional correlations.
That previous work relied on special algorithms for
the bandpass filters, which were not rigorously defined
mathematically and are unavailable. The current work
demonstrates a practical method for multiscale
analysis.

Correlation is not necessarily causation. A chain of
calculated dependencies may or may not be apparent
in any given case. The significance of the correlations
observed here is worthy of further consideration. Fun-
damental topographic interactions during sliding con-
tact include plowing and burnishing. These kinds of
interactions suggest that the slopes of surface features
characterized by the hybrid parameters Sdq and Sdr
are inherently preferable to height parameters as geo-
metrically pertinent topographic characterizations.
Strengths of the cross correlations between the para-
meters indicates that they lack independence (Now-
icki 1985). The interaction of peaks on the dies with
the sheet metal in the friction experiments points to
the importance of the height and volume parameters
in this case. The spatial distribution of these peaks can,
logically, be important, suggesting the importance of
the developed area, Sdr, and slope, Sdq.

In tribology geometries of the shapes of contacting
surface features determine the topographical compo-
nents of contact behavior. The hybrid parameters Sdq
and Sdr characterize average slopes at the sampling
interval. Both slopes and surface areas naturally vary
with scale on irregular topographies (Bartkowiak et al
2024). They are highly correlated, geometrically one
cannot change independently of the other. They are
both calculated scale of the sampling interval. The fil-
tering used here has modified the topograhic data at
the scale of the sampling interval, hence their response
to bandpass filters. The utility of Sdq and Sdr is
demonstrated by their strong correlation with friction
coefficients.

The observation that many parameters exhibit the
strongest correlation at central wavelengths of about
18 or 25 μm, suggests that this might be the scale range
of some physical interactions between the surfaces that
influences the friction. These are about the same ran-
ges found in Berglund et al (2010a) for conventional
parameters and specialized bandpass filtering. For the
same friction and topographic data, the strongest cor-
relations (R2 ∼ 0.9) versus relative areas, which is a
kind of lowpass filter, were found at 10 μm, and versus
area-scale complexity, which is a kind of bandpass fil-
ter were at 200 μm (Berglund et al 2010b). The dis-
crepancies in scales of strongest correlations could
indicate that these scales depend somewhat on the nat-
ure of the topographic characterization parameters.

Surface slopes have appeal in their nature as perti-
nent topographic characterizations for correlating
with friction in this system. Steeper slopes on the
machined tool logically would provide resistance to

sheet metal sliding over it. Averages, mean and RMS,
would seem like more appropriate statistics than skew
or kurtosis. This supposition is supported by the
strong correlations found with Sdq and Sdr. Pre-
viously it was shown that these parameters correlate
well with each other. Although average roughness, Sa,
and other height parameters like, Sq and Sz, when cal-
culatedwith S-F filtering often are inadequate for find-
ing correlations when used with this broader
bandwidth, although they work well here with narrow
bandwidths. Thismight be because when bandpass fil-
ters are narrow enough, height parameters are indica-
tive of slopes on the surface,Δy/Δx. This is supposing
that narrowwavelengths approach an effectiveΔx and
the height values areΔy This supposition is supported
by the strong correlations between Sa and Sq over all
scales (figure 6). Slopes on measured surfaces con-
tribute to uncertainties in measurements as well
(Lemesle 2023a, 2023b).

The basic principles for surface metrology to facil-
itate finding functional correlations are supported
(Brown et al 2018 and Brown 2021). Functional correla-
tions can guide dimensioning and tolerancing of surface
topographies. Measurements and characterizations at
the appropriate scales and appropriate characterization
parameterswere proposed as twoaxioms, scale and char-
acterization. Two corollaries were also proposed, mea-
surements—of sufficient quality, and statistics—
appropriate for the application (Brown2021).

Bandpass filtering strengthens correlations with
friction for all the parameters in this study as is shown
by the results of numerous multiscale regression ana-
lyses here. For conventional filtering and the hybrid
parameters, Sdq and Sdr, and R2 values of 0.71 and
0.73, are found respectively. Both of these are calcu-
lated conventionally in a narrow scale ranges near the
sampling interval, rather than over the normal range
of S-Ffiltering like the height parameters.

In summary, a novel method to create these band-
pass filters using commercial software has been
demonstrated. Strong correlations between tribologi-
cal functional behavior and friction on different scales
have been identified. This method is effective for ana-
lyzing the functional behavior of surface topographies
on amultiscale basis.

This approachmakes it possible to performmulti-
scale regression analyses and discover functional cor-
relations that can facilitate the specification of
topographies in product design, and of processes in
manufacturing, without specialized software. The
proposed method produces results that are compar-
able to specialized approaches from the literature.

Fundamental interactions, and the utility of multi-
scale topographic characterization parameters in char-
acterizing them, are specific to certain, relatively narrow
bandwidths compared to the broader bandwidths used
traditionally for typical roughness characterizations.
Therefore, topographic characterizations using these
broader, more typical bandwidths typically fail to find
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strong functional correlations because they fail to adapt
to the scale specificity available in multiscale character-
izations that can match those of discrete fundamental
interactions that aggregate to synthesize macroscopic
topographically dependent phenomena, like friction
(Brown2021).

5. Conclusions

1. Conventional height and hybrid parameters can be
applied to bandpass filtered measurements for
finding richness in strong characterizations using
multiscale regression analyses.

2. Bandpass filtering strengthens the functional corre-
lation with friction for all the parameters in this
study.

3. Coefficients of determination R2 of frictionwith Sa,
Sq, Sdq, Sdr, and Vvv exceed 0.9 at specific scales
after spectral decomposition.

4. Sdq and Sdr, average slope and developed area
ratio, had the strongest correlations with conven-
tional S-F filtering, yielding R2 values of 0.71 and
0.73, respectively.

5. The four basic principles for facilitating discoveries
of strong functional correlations, as proposed by
Brown (2021), i.e., appropriate scales, pertinent
characterizations, sufficient measurement capabil-
ity, and appropriate statistics, are reinforced here.
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