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Abstract 

Understanding the wetting properties of chemically-modified inorganic surfaces with random 

nanoscale topography is of fundamental importance for diverse applications. This issue has 

hitherto continuously been the subject of considerable controversies. Herein, we report a 

thorough investigation of the wettability-topography-chemistry balance for a surface with 

random nanoscale topography, the main challenge being decoupling topography from surface 

chemistry. For this purpose, we use a superficially nanostructured aluminum substrate 

chemically modified by fatty acid monolayers. From AFM data, we extract a variety of 

parameters describing the surface topography by means of variogram calculations, a method 

originally developed by geo-statists to explore large surfaces. Moreover, by using a power 

transform approach, we establish a consistent relationship relating wettability, topography and 

surface chemistry. Interestingly, we demonstrate that the water contact angle comprises a 

contribution due to the surface composition, originating from hydrophilization through alkyl 

chains, and a contribution due to the surface topography. This model is valid in the Wenzel 

region, and may suggest ways to tune the wetting properties of inorganic surfaces with 

nanoscale stochastic topographies.  
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1. Introduction 

The topography of inorganic solid surfaces, typically metals, oxides and bioceramics, is a key 

parameter influencing the properties of materials and their performances, and is particularly 

important in coating technologies for the control of interactions with biological systems.1, 2, 3, 4, 

5, 6, 7 Owing to the remarkable progresses gained in nanosciences and nanotechnologies, many 

studies have reported the interest of controlling this parameter at the nanoscale to achieve and/or 

improve specific properties, especially in applications where the materials are used in wet 

conditions (adhesion, biocompatibility, water repellency, etc). In these applications, the surface 

of materials is frequently chemically modified with the aim to modify the physicochemical 

properties (hydrophobicity, electrical charge, solvation), which control the interactions with the 

surrounding entities. However, the effect of nanoscale topographies has hitherto continuously 

been the subject of considerable controversies. The origin of the main discrepancies reported in 

the literature may be explained by three key considerations. First, the notion of “nanoscale 

topography” includes a wide range of dimensions (from a few nanometers to hundreds of 

nanometers) and various morphological shapes and characteristics (randomly vs regularly 

rough surfaces), which complicate attempts to establish a general trend. Second, in many 

situations of practical relevance, surface roughening is accompanied by deliberate or non-

controlled chemical changes so that the “roughness” parameter is not the only factor that has to 

be taken into account. Indeed, the common strategies used to control rough surface topographies 

at the nanoscale consist of physical processes based on lithography and physical vapor 

deposition techniques, 8 chemical processes, including etching, oxidation, etc, 9 and self-

assembly of nano-objects. 10 Among all these procedures, only few techniques may lead to 

successful roughening with almost homogenous chemical composition, such as supersonic 

cluster beam deposition (SCBD) 11  and glancing angle deposition (GLAD). 12, 13 Accordingly, 

decoupling topography from surface chemistry remains experimentally rare. 14, 15, 16 Third, and 
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more decisively, the choice of the relevant parameters, which provide a quantitative description 

of the surface morphology is not obvious. In situations with common occurrence, surfaces of 

metals and oxides exhibit random topographies, which may be fully described by a n-point 

height probability distribution pn({(xi,yi)}i=1…n;{zi}i=1…n) such that pn.dz1…dzn gives the 

probability that the heights zn of the surface at n points of lateral coordinates (xn,yn) are 

simultaneously comprised between zi and zi+dzi, respectively. A complete description of the 

surface is obtained when n is very large; however, for practical purposes, most studies are 

limited to the cases of n=1 or 2, leading to the definition of two types of roughness parameters. 

The first type is related to p1, the probability distribution of heights (amplitudes), whose second 

moment is the square of the root-mean-square roughness; other parameters, e.g. higher 

moments, can also be given to provide a more accurate description of the shape of p1.17 The 

second type is associated with p2, which correlates the height at a given position to the one at 

another position; it is thus related to the spacing between topographical irregularities (lateral 

wavelength). While the first group parameters, e.g. root-mean square roughness, is only 

sensitive to the height differences (out-of-plane), the second group contains information on the 

horizontal or lateral range fluctuations (in-plane). The main functions providing direct lateral 

information are the power spectral density (PSD) and the height-height autocorrelation 

function, which both derive from Fourier transformation of the height profile, but other 

transforms have been also reported in the literature (see 18 and references therein). 

This paper focuses on the surface characteristics of an aluminum substrate exhibiting nanoscale 

topography modified with fatty acid (FA) molecules. For this purpose, the inter-connection 

between wettability-chemistry-topography is thoroughly examined. The nanoscale 

topographies of planar surfaces may be conveniently characterized by atomic force microscopy 

(AFM). The main advantage of this technique lies in the possibility to probe almost all types of 

planar surfaces in a wide range of media. More importantly, it is the most relevant technique, 
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which provides direct measurements on nanoscale surface topographies, 19, 20, 21 even though its 

accuracy remains dependent on the dimensions of the tip. The use of AFM data to provide 

quantitative roughness parameters has been the subject of a vast literature. On inorganic solids, 

this approach has been employed to describe the characteristics of surface topographies for 

many purposes, such as to understand the mechanisms controlling surface growth,12, 13 or to 

evaluate the impact of roughness on wetting properties.22 In the present study, roughness 

parameters are determined by exploring AFM data following a statistical approach based on 

variogram calculations. This approach was initially developed by geostatists to provide 

quantitative description of natural variables in large surfaces of high complexity, such as soil 

porosity and permeability, concentration of pollutants, mineralization domains in ore deposits, 

etc. 23, 24 The roughness parameters extracted from variogram calculations are compared to 

those obtained by power spectral density, an approach broadly used for the characterization of 

nanostructured surfaces. By exploring different roughness parameters, a particular attention is 

dedicated to the impact of the self-assembled FA monolayers on the balance wettability-

chemistry-topography. 

2. Experimental section 

2.1. Materials 

Polycrystalline aluminum wafers (specimens of ~1 cm2 surface area cut from a 2-mm thick 

plate, Al 99.99%, GoodFellow, France) were used in this study. Fatty acids (≥ 99.99%,), 

including stearic (SA), oleic (OA), linolenic (LA), lauric (LrA) and caprylic (CA) acids, 

heptane (HPLC grade, ≥99%) were purchased from Sigma-Aldrich (France) and used without 

further purification.  

2.2. Surface modification  

A stochastic roughness of aluminum surfaces was induced at the nanoscale by hydrothermal 

treatment performed in ultrapure water (MilliQ, Millipore, France), resulting in a superficial 
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hydroxylation of the surface, as described elsewhere. 25 Adsorption of fatty acids on the 

nanostructured aluminum substrate was carried out following the procedure described 

previously.26 Briefly, samples were placed in glass Petri dishes containing the solution of 

dissolved FA in heptane at a concentration of 10 mmol/L, and incubated for 1 h with gentle 

stirring. The samples were then immersed in a solution of pure heptane for 5 min for rinsing, 

dried under nitrogen gas flow and used immediately. For each FA-modified surface, two to four 

independent sets of samples were analyzed to check the reproducibility (see the list of samples 

given in Table S1, Supporting information). 

2.3. Atomic force microscopy (AFM) 

AFM images were recorded using a commercial AFM (NanoScope VIII MultiMode AFM, 

Bruker NanoInc- Nano Surfaces Division, Santa Barbara, CA.). The substrates were fixed on a 

steel sample puck using a small piece of adhesive tape. Images were recorded in air at room 

temperature (~22°C). AFM experiments were performed using peak force tapping (PFT) mode, 

as detailed elsewhere.27 In this mode, the z-piezo is modulated far below the cantilever 

resonance frequency (2 kHz), with an amplitude of about 120 nm. Oxide-sharpened 

microfabricated Si3N4 cantilevers were used (Bruker NanoInc- Nano Surfaces Division, Santa 

Barbara, CA.). The spring constants of the cantilevers were measured using the thermal noise 

method, yielding values of 0.5 ( ±0.05) N/m and the curvature radius of silicon nitride tips was 

about 3 nm (manufacturer specification). 

2.4. Water contact angle (WCA) 

Static water contact angles were measured at room temperature using the sessile drop method 

and image analysis of the drop profile. The apparatus (Krüss, Germany) is equipped with CCD 

camera and an image analysis processor. The ultrapure water droplet volume had a 1 µL volume 

and the contact angle was measured about 3s after the drop was deposited on the sample surface. 

For each sample, the reported value is the average of the results obtained with 3 droplets.  
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2.5. Polarization-modulation infrared reflection absorption spectroscopy (PM-IRRAS) 

PM-IRRAS is a non-destructive surface characterization technique, which is convenient for 

probing thin films deposited on metal substrates. This method utilizes light, which is continually 

alternated between p- and s- polarizations by means of a photo-elastic modulator (PEM). In the 

condition of near specular reflection, s-polarization and the main component of p-polarization 

are parallel and perpendicular to the sample surface, respectively. The p-polarization includes 

information about the adsorbed compounds on the surface and in the gas phase, whereas the s-

polarization includes information about only the gas phase. The PM-IRRAS spectrum is thus 

obtained by dividing the measured difference reflectivity (Rp - Rs) by the sum reflectivity (Rp 

+ Rs), where Rp and Rs are the intensity of the p-polarized and s-polarized component of the 

radiation, respectively. PM-IRRAS spectra were recorded on a commercial Nexus spectrometer 

(Thermo-Scientific, France). The external beam was focused on the sample with a mirror, at an 

optimal incident angle of 80°. A ZnSe grid polarizer and a ZnSe PEM, modulating the incident 

beam between p- and s-polarizations (HINDS Instruments, PEM 90, modulation frequency = 

37 kHz), were placed prior to the sample. The light reflected at the sample was then focused 

onto a nitrogen-cooled MCT detector. All the spectra presented were obtained from the sum of 

128 scans and the band positions are estimated to have a 8 cm-1 resolution. 

3. Statistical analysis of AFM images 

All the calculations detailed below were performed on AFM images by using the AFM R library 

available on the R CRAN repository. 28  

3.1. Areal dependence of the roughness of self-affine surfaces 

The fractal formalism has been extensively used to describe rough surfaces at different scales, 

including surfaces with nanoscale topographies.29, 30, 31, 32  For a statistical description of surface 

roughness, let us consider a conventional three-dimensional coordinate system arranged so that 

the (x,y) plane corresponds to the average plane of the surface. The fluctuations perpendicular 
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to the surface plane may be described by a statistical variable, the height function h(x,y). From 

a mathematical point of view, surface roughness is considered as self-affine if it remains 

invariant under anisotropic affine transformations of the form given below:  

(x,y) " (lx,ly), 

h(x,y) » lz h(lx,ly)   for x,y¹ 0                            (1) 

where l is the scaling factor and z is the roughness exponent, which is considered as a 

quantification of the roughness changes with the length scale (lateral dimension).33 It is worth 

noting that the sign “»” is used because Eq. 1 is only valid in a stochastic sense.34 

The roughness measurement depends on the length scale over which it is performed. A standard 

measure of roughness at a given length scale L is the root-mean-square roughness of the height 

differences over a two-dimensional surface of area L2 : 

𝑤(𝐿) = & !
"! ∫ ∫ [ℎ(𝑥, 𝑦) − ℎ.]#𝑑𝑥𝑑𝑦"

$
"
$ 1

"
!                                                          (2) 

where the mean height is given by ℎ. = !
"! ∫ ∫ ℎ(𝑥, 𝑦)𝑑𝑥	𝑑𝑦"

$
"
$ . For self-affine surfaces obeying 

Eq. 1, it is shown that the root-mean-square of the height differences scales as : 

w(L)  » L-z  (3) 

For real self-affine surfaces, w saturates at large length scales L, i.e., there is a lateral cutoff 

length, Lc, from which w(L) » wsat (constant) if L >> Lc. This cutoff length, also called crossover 

length, corresponds to the length scale below which the height fluctuations of the surface remain 

laterally correlated.  

Accordingly, a self-affine surface, which obeys the anisotropic scale invariance (Eq. 1), may 

be characterized by three parameters only: (i) the saturation value of the roughness, which is an 

amplitude (vertical) parameter, (ii) the roughness exponent z, which is related to the jaggedness 

of the surface, and (iii) the crossover length, which is a lateral spatial parameter. These three 

parameters may be extracted from w(L) vs L plots.  
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Another parameter, which may be also computed by self-affine models is the fractal dimension, 

DF. Originally, the fractal dimension is an invariant-scale parameter, which characterizes self-

similar objects, i.e., objects invariant under isotropic scale transformations. For self-affine 

surfaces, however, invariance is only exhibited for anisotropic transformations. DF is scaling-

independent, in contrast to the roughness parameters described above which are scale-

dependent, i.e., which provide a direct information on the roughness changes as a function of 

the distance along the surface. The estimation of the fractal dimension may be performed using 

a variety of methods, 35 most of them being difficult to apply on planar surfaces with nanoscale 

roughness.   

3.2. Power spectral density (PSD) 

The 2D-PSD of the topography function h(x,y) sampled over a set of discrete locations (xn,ym) 

can be calculated by a 2-dimensional Discrete Fast Fourier Transform routine 36:  

𝑃𝑆𝐷	(𝑢%, 𝑣&) =
'

()*)!
|ℱ{ℎ(𝑥%, 𝑦&)}|#	                                                          (4) 

where  is the 2-dimensional Discrete Fast Fourier Transform routine; x,y the spatial 

coordinates, 𝑢, 𝑣 the reciprocal coordinates (or spatial frequencies), A the surface of the sample, 

and M and N are the total numbers of sample points in the x and y directions, respectively. 

From the Wiener-Khintchine theorem, the PSD bidimensionally-integrated over spatial 

frequencies ranging from rmn=1/lmn to infinity yields the square of the root-mean-square 

roughness measured over an area of size lmn2, w2(lmn). 37 For an image acquired with a sampling 

step of ∆x and ∆y in the x and y spatial directions, respectively, the root-mean-square roughness 

at a given length scale lmn can thus be obtained from the discrete PSD as follows: 

𝑤#(𝑙%&) = 	
!
'
∑ 𝑃𝑆𝐷(𝜌),∈[,#$%,,#&']                                                            (5) 

with ρmax the maximum spatial frequency (Nyquist frequency) defined as the minimum spatial 

frequency among   and   . 

Á

Á

xD2
1

yD2
1
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Obviously, the limit of w for very large areas can be directly calculated from the 2D-PSD as 

follows: 

𝑤123# =	 !
'
∑ 𝑃𝑆𝐷(𝜌),∈[$,,#&']                                                                        (6) 

3.3. Empirical and theoretical variogram calculation 

Empirical variogram calculations have been broadly used by geo-statisticians to explore large 

surfaces and interpolating experimental data with the aim to predict the distribution and spread 

of compounds (pollutants, minerals, etc.).38, 39 The use of variograms is related to the probability 

distribution p2 defined above, and is based on the fundamental idea that two spatially closed 

observations should be more similar than two observations that are not so close. Geo-

statisticians have used empirical variograms to evaluate the mean and the variance of points of 

measurements taken two by two. As only two measurements are made to evaluate the mean and 

variance, an additional hypothesis of second order stationarity is considered. The second order 

stationarity implies that it is possible to use all the pairs of points separated by a distance d 

(between x and x+d) to evaluate the mean and the variance. 

In the present study, we adopted this approach to characterize the nanoscale surface topography. 

For this purpose, the AFM image was treated as a two-dimensional set of data points with a 

topography function h(x,y). The semi-variance, also known as the pair correlation function, is 

computed for all data without considering directions as follows: 

𝛾(𝑑) = !
#*
∑ [*
(4,5)6! ℎ(𝑟4) − ℎA𝑟5B]#                                                                 (7) 

with N the number of distinct pairs of sample points at locations ri and rj such that the norm of 

the vector connecting ri to rj is within [d, d + e] with e the distance intervals into which data 

point pairs are grouped. 

In the present study, the variance was calculated in several directions for isotropy assessment.40 

Only samples the surface of which exhibit isotropic feature are considered. Pairs of sample 
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points are grouped for semi-variance estimates depending on the direction θ of the pairs of 

sample points. The semi-variance is calculated as follows: 

𝛾7(𝑑) =
!

#*(7)
∑ [*(7)
(4,5)6! ℎ(𝑟4) − ℎA𝑟5B]

#                                                            (8) 

with θ the angle between the vector connecting points i and j and the vertical axis (perpendicular 

to the surface plane).  

Data from AFM images are spatially equally distributed, therefore, the calculation of semi-

variograms does not require any pre-treatment. However, both sample isotropy and a normal 

distribution of heights is necessary for a robust estimation of the variogram.41 

The calculation of theoretical variogram models are performed using the universal kriging 

method and evaluated with a cross validation of the model with both correlation between real 

and predicted heights and precision of heights prediction. 

3.4. Estimation of fractal dimension  

3.4.1. Power spectrum method 

Data obtained from power spectrum treatment, e.g. PSD, may be used for the estimation of 

fractal dimensions.42 The fractal dimension is estimated with: 

                                                                              (9) 

where slope is the absolute value of the slope determined using a linear least square regression 

on the log-log 2D-PSD. 

3.4.2. Variogram method 

The variogram method has been also used for the determination of fractal dimensions of 

surfaces of geophysical interest.42 This method is considered to be rigorous and easy to 

implement when dealing with self-affine surfaces.43 

For isotropic and Gaussian fields, the fractal index and the fractal dimension can be calculated 

with a linear regression at small lags of the experimental variogram in the log-log space 43: 

2
7 slopeD -

=
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       (10) 

with α the fractal index and c the topothesy. 

The estimation of the fractal dimension D is then calculated from the estimation of the fractal 

index α with 43 : 

                    (11) 

4. Results and discussion 

4.1. General characteristics of the nanostructured aluminum surfaces 

The hydrothermal treatment performed here on the aluminum samples, also called 

hydroxylation, is a well-known procedure, which converts Al2O3 into pseudo-bohemite.44 On 

flat Al substrates (called Al), this treatment leads to the modification of the native oxide layer, 

initially present on the aluminum surface (probably poorly crystalline alumina), into a AlOOH 

compounds, presumably pseudo-bohemite (called Al-nano). This reaction is supported by PM-

IRRAS analyses. 25, 45 Interestingly, this chemical transformation is accompanied by a drastic 

change of the surface morphology as shown in Figures 1A and B. While the hydrothermal 

procedure has been thoroughly used for Al-based materials, its effect on the surface morphology 

of planar substrate is still limited to few reports.14, 25, 26, 27 The surface exhibits elongated 

nanostructures densely and randomly distributed on the surface, and nanoporous domains with 

different sizes along and perpendicular to the surface plane. The dimensions of these 

nanostructures may be tuned by further treatments, e.g. in H2O2 solution (Al-nano_Ox, Figure 

1C), but their chemical composition did not change.27 The surface “viewed” by AFM may not 

fully describe the topography of the nanostructured aluminum surface. This may be due to a 

convolution effect associated to the geometry and the dimensions of the tip. More importantly, 

the difficulty to probe this superficial hydroxylated layer is inherent to the complexity of its 

own structure: it may include nanoporous domains with polydisperse dimensions and different 

{ } )1()log()2log()(log odcd ++» ag

a
2
11-+= dD
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degree of confinement, which may not be wholly accessible for a scanning probe microscopy 

technique. AFM provide, thus, a view of the nanostructured surface essentially including the 

exposed regions. 

The self-assembly of fatty acid on the nanostructured aluminum surface (Al-nano) led to slight 

evolution of the surface while the main topography remained unchanged (see AFM deflection 

images in Figures 1D and E). The main feature consists in the appearance of ordered nano-

patterns, which are aligned following the axis of the elongated nanostructures and clearly 

discernable in the AFM deflection image (Figure 1F). PM-IRRAS analyses provide relevant 

information regarding the mechanism of interaction of FAs with the nanostructured surface 

(Figure 1G). Results showed the absence of a band in the 1700-1750 cm-1 region due to ν(C=O), 

which is clearly visible when molecules are “free” in solvent. This suggests the formation of 

coordinative bonds between carboxylate end groups of the fatty acids, the carboxyl moiety 

being deprotonated, and Al3+ ions on the Al-nano surface. The type of carboxylate coordination, 

terminal or bridging (between two Al3+ centers), monodentate or bidentate, etc, is however not 

demonstrated and requires further investigations. Importantly, these results suggest the 

formation of self-assembled monolayer of FA, which makes the surface hydrophobic (see insets 

in Figures 1D and E). The obtained FA-modified Al-nano samples are called Al-nano_FA. 

The self-affinity of the different nanostructured surfaces was investigated using the formalism 

described above (section 3.1.). Figure 2A shows the plots of root-mean-square roughness (w) 

as a function of the length scale (L) for different samples (see Figure 2 caption). Results reveal 

the increase of w with L and the existence of a crossover length (Lc) after which the roughness 

saturates. The roughness obtained at the saturation, wsat, was given by the plateau at large length 

scale values. The log-log plots (Figure S1, Supporting Information) shows that the root-mean-

square roughness follows a power law, as expected from Eq. 3, for small length scales, i.e before 

reaching the saturation value, wsat. Considering the experimental variability, the roughness 
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exponent values obtained on the studied samples are around 0.9 (Figure S1). This value is close 

to the one reported for vapor-deposited films,12 even if its interest for deciphering the 

mechanism of surface growth is not obvious. These results show that the presence of FA 

monolayers on the nanostructured aluminum surfaces does not influence the roughness changes 

at small length scales.   

The self-affine properties of the aluminum substrates were also investigated using the variance 

method. The procedure used for variogram calculation is described in Figure 3. For a given 

AFM image (Figure 3A), the condition of height normal distribution is required for variogram 

calculation (Figures 3B and C). The isotropy condition is checked by calculating, at least, four 

directional variograms (Figure 3D). This allows to average all experimental semi-variograms 

yielding an omni-directional semi-variogram. It is shown that the initial rate of increase of  g(L) 

as a function of the length scale is the same in all directions (Figure 3D), suggesting an isotropy 

at the scale of the features. The variogram modeling allows two relevant parameters related to 

surface roughness to be extracted. The first is called “range” and is interpreted as the maximum 

distance at which two sample points are still correlated. The second is called “sill” and 

corresponds to the saturation level of the semi-variance at distance higher than the range. 

Variogram modeling was performed using the universal kriging method from the empirical 

variogram, as described above (see section 3.3.), and evaluated by cross validation. For this 

purpose, about 3.5% of sample points are randomly selected to perform the modeling for a 

given empirical variogram model. The complementary points are used to evaluate the quality 

of the model by comparing the predicted values with the real values of the image (Figure 3E 

and F). The quality of the model chosen is evaluated by means of two variables (Supporting 

information, section 2.2): Precision variable (the sum of the square of differences between 

predicted and real values of heights) and Correlation variable (the correlation between the 

predicted and real values of heights). 
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In the present study, by evaluating eighteen empirical models on a set of sixteen FA-modified 

aluminum samples, it appeared that the Pentaspherical variogram model is the most suitable: 

,                                                      (12) 

and  

, d>a                                                                                                  (13) 

where a is the range.  

The range and sill values extracted from the variance modeling are reported in Table S1 

(Supporting information) for different Al-nano_FA samples. The results given in Figure 2B 

show that sill, thus the variance, is very low for flat aluminum substrate, suggesting that the 

height values are very close to the mean value and hence to each other. By contrast, on Al-nano 

samples as such or further conditioned in H2O2 solution (Al-nano_Ox) or modified with FA (Al-

nano_FA), sill is significantly higher, indicating that the heights are very spread out around the 

mean value and from each other.  

All the roughness parameters obtained from w(L) vs L and  g(L) vs L plots are summarized in 

Table S1 (Supporting information). The relationship between parameters extracted via the PSD 

method or variogram calculations is given in Figure 4. Actually, sill is equal to the variance of 

the random topography function h(x,y), when measured over a spatial range larger than the 

correlation range 46 : 

𝑠𝑖𝑙𝑙 = 	 !
"!
∑[ℎ(𝑥, 𝑦) − ℎ.]#                                                                             (14) 

The variance measures how far the heights h(x,y) of a sample are spread out. From equation 

(2), the square-root of the variance of heights of the sample is the total root-mean-square 

roughness of the sample. Thus, the square-root of the sill is the total root-mean-square 

roughness of the sample: 

𝑤(𝐿) = 	 𝑠𝑖𝑙𝑙$.9                                                                                           (15)                                                                                
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The plot of wsat vs sill0.5 gives a slope close to 1, indicating a fairly 1:1 relationship in agreement 

with Eq. 15 (Figure 4A). This suggests the consistency of data extracted, independently, from 

PSD and variogram calculations. In the same way, a linear relationship between Lc and range 

was obtained (Figure 4B). Fractal dimensions determined through the PSD method and 

variogram calculations, using Eq. 9 and Eq. 11, respectively, also show consistent values 

clustered around ca. 2.1 (Figure 4C). The consistency of parameters extracted from the two 

methods suggest that variogram calculations are, thus, promising for the characterization of 

surfaces with random nanoscale topographies. 

4.2. Wettability-chemistry-topography balance 

The origin of wetting properties of the Al-nano_FA surfaces may be scrutinized by examining 

correlations between (i) parameters due to the amount of self-assembled FAs in the adsorbed 

phase, (ii) parameters describing the surface topography, and the (iii) apparent water contact 

angle (qw). The balance wettability-chemistry-topography is thoroughly examined for all FA-

modified aluminum samples (Al-nano_FA), which exhibit qw values ranging from ca. 118 to 

ca. 133° (Table S5, Supporting information). First, these samples all exhibit a controlled (in the 

sense of reproducible) random nanoscale topography. Second, they are all chemically-modified 

with FAs so that the interference with adventitious organic contamination, largely present on 

bare inorganic solids, 47 is limited. The range of qw values, even narrow, is relevant to make 

tentative of decoupling topography from surface chemistry for these hydrophobic rough 

surfaces. It is noteworthy that Al-nano_FA with lower qw values can be obtained by performing 

a partial desorption and/or degradation of adsorbed FAs.26 These surfaces are, however, 

difficult to characterize because of their heterogenous chemical composition, and the lack of 

information regarding the localization of FA molecules (exposed the outermost part of the 

surface or confined in deeper regions).  
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The chemical composition of Al-nano_FA surfaces may be obtained by exploring vibrational 

band from PM-IRRAS spectra, which is characteristic of FA molecules. This non-destructive 

physicochemical analysis is highly sensitive for the characterization of thin films deposited on 

metal substrates, including molecular adlayers.48 Regarding the studied system, PM-IRRAS 

probes the superficial hydroxylated layer in its entirety, thus, the whole adsorbed FA molecules. 

The integrated intensity (i.e. the area of the band) of the C-H stretching band due to the alkyl 

chains (Aν(C-H)) was thus used. It must be kept in mind that Aν(C-H) measured by PM-IRRAS 

is different to the surface concentration required in the Cassie relation. It corresponds to an 

average value over the depth scale probed by PM-IRRAS, expected to be the whole 

hydroxylated layer. Owing to the presumable presence of nonporous domains with high 

polydispersity, it is likely that a significant amount of adsorbed FAs is not “concerned” by the 

wetting phenomena. On planar surfaces, the water contact angle is expected to be governed by 

short-range interaction between water molecules and the “ideal” solid surface. The situation is, 

however, much more difficult for the studied system. If we accept the idea that FA molecules 

are completely covering the AlOOH surface, it is difficult to identify the “chemically relevant 

region” involved in wetting properties. Accordingly, an average value over the probed depth 

could be helpful as a variable describing surface chemistry. 

The roughness is described using the different parameters extracted from AFM images using 

variogram calculations, namely sill and range. Multiple linear regression was used to examine 

the impacts of these variables on the variations of qw (see section 3 in Supporting information 

for more details).  

Several models for the prediction of the wettability, θw, including all or part of the transformed 

variables, i.e. Aν(C-H) for surface chemistry and sill and range for surface topography, were 

tested and evaluated using the Akaike information criterion (AIC),49 by  means of a stepwise 
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algorithm (section 3.2, Supporting information). Only Aν(C-H) and range transformed variables 

were selected by the algorithm, yielding the following model for qw prediction: 

𝜃: = 74.04 + 69.91 ×	 𝑙𝑜𝑔A10 × 𝐴;(<=>)B + 252200 ×
!

?2&@A!.")
		 (16) 

This model provides a clear picture regarding the dependence of wettability with chemistry and 

topography for the nanostructured FA-modified surfaces. The model clearly shows that the 

water contact angle, qw, includes (i) one contribution due to the surface composition 

(hydrophobization through alkyl chains) and (ii) one contribution due to the surface topography. 

Figure 5 presents each contribution in a separated graph. Both values of boxed variables (open 

squares) and the theoretical line corresponding to the mathematical function used for the 

variable transformation (Box-Cox transformation, see Supporting information for more details) 

are shown. These graphs show the impact of the variation of each variable, Aν(C-H) and range, 

on the resulting qw. Looking at Figure 5, one could conclude that each parameter, chemistry 

and topography, influences the surface wettability to a different degree. It is shown that surface 

chemistry induces a variation of about 20° in qw values (Figure 5A, left y-axis), while a change 

of the range (from 150 to 100 nm) induces a change on the contribution to θw (due to the range) 

that does not exceed 8° (Figure 5B, left y-axis). This trend may be due to the fact that in the 

studied system, FA-Al_nano samples have the same underlying substrate (Al_nano) and that 

the self-assembly of FAs did not considerably impact the surface topography. Importantly, it 

must be kept in mind that chemistry and topography are independent predictors, as discussed 

above. As a consequence, a combination of these parameters to use the balance of chemistry-

topography to predict wettability would be, thus, relevant.  

A broadly similar conclusion can be reached by considering the Wenzel equation, valid when 

the cavities of the surface are filled by the fluid,50 as is the case here based on the moderately 

high values of contact angle. In this impregnation regime, 

cos𝜃: = 𝑟 cos𝜃B                                                                                        (17) 
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In which 𝜃B is the contact angle that would be measured for a perfectly flat surface of identical 

chemical composition, and r the Wenzel roughness, i.e., the ratio between the developed and 

projected areas of the surface. Here again, only two parameters determine the value of contact 

angle, one related to the surface chemistry (𝜃B), one related to the surface topography (r). The 

Wenzel roughness can be directly obtained from AFM images by averaging the “local 

roughness” T1 + (CDCE)
# + (CD

CF
)# over the sample surface.51 Values are collected in Table S6 

(Supporting information); they range from 1.41 to 1.55, which is a relatively small variation 

from sample to sample. From these values, 𝜃B values were computed for each sample according 

to Eq. (17) (Table S6). Samples with values of Aν(C-H) < 0.35 have 𝜃B ~ 108-110°, whereas 

samples with higher Aν(C-H) values have 𝜃B ~ 116-118°, confirming the relation existing between 

surface chemistry (Aν(C-H)) and 𝜃B. However, the predictive power of Eq. (17) remains limited 

due to the morphological closeness of the samples, which can only be sorted in two groups 

based on 𝜃B. In contrast, the variogram-based approach as embodied in Eq. (16) provides a 

much finer analysis of the dependence of contact angle on surface chemistry and topography. 

Figure 5 shows the impact that a variation of surface topography would have on wettability; for 

instance, a decrease of range leads to an increase of the water contact angle. This means that 

the more the surface is random the more it is hydrophobic. This trend is consistent with the fact 

that surfaces of shorter range exhibit a larger surface area, hence a larger Wenzel roughness. 

Our findings suggest that the proposed wettability-chemistry-topography balance is valid for 

all Al-nano_FA samples, i.e. with surfaces exhibiting a certain hydrophobicity. This is reflected 

by the term 74.04 in Eq. (16) and shown by the experimental qw values presented in Figure 5 

(open circles), which are situated in the Wenzel regime region. 

These results show that the variogram-based method is remarkably useful to extract relevant 

parameters describing the surface topography from AFM images. Moreover, the approach 
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adopted in the present study suggests a reliable way to examine the wettability-chemistry-

topography balance for chemically-modified surface with random nanoscale topography. On 

the contrary, root-mean square roughness has been extensively used in the literature as the 

topographical variable to deal with interfacial processes in wet conditions. The weakness of this 

parameter lies on its insensitivity to lateral range fluctuations, i.e. in-plane, which are 

particularly important for surfaces with stochastic topographical features. In this respect, the 

Wenzel roughness is a better discriminator, but its integral nature somewhat blurs the details of 

the analysis of wetting compared to what was done here. Furthermore, despite the difficulties 

to fully characterize the surface chemistry and topography of the superficial hydroxylated layer, 

owing to its complex structure, the obtained results support the consistency of the variable used 

as predictors for wettability.  Our results also provide guidelines for the control of wetting 

properties. For instance, increasing water contact angles may be achieved by decreasing the 

range (Eq. (16), Figure 5B), which can be easily obtained by tuning the mean size of surface 

nanostructures using different conditions of hydrothermal treatment, other chemical treatments 

(e.g. H2O2, Figure 1C), or a combination of the two treatments. In the context of biomaterials 

science, modulating wettability through topography, while controlling surface chemistry, 

would be an outstanding way to decipher protein adsorption behavior and cell response on 

nanostructured surfaces with fractal geometry. These surfaces are good candidates to overcome 

this challenge. Moreover, by adapting chemical procedures, the approach may be extended to 

other metallic materials of biological interest, including titanium and magnesium and their 

alloys. 

5. Conclusion 

In this article, the balance wettability-chemistry-topography was examined on a nanostructured 

aluminum surface with random topography, functionalized with a self-assembled monolayer 

made of fatty acids. Particular attention was given to the determination of variables describing 
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the topography of these surfaces from AFM images. Our results showed the possibility to 

extract relevant parameter using variogram-based calculations. Interestingly, it has been 

demonstrated, through a detailed model, that the water contact angle, qw, includes one 

contribution due to the surface composition and one contribution due to the surface topography.  

The approach detailed in this work to fully describe the surface properties of FA-modified 

randomly nanoscale rough inorganic substrates is straightforward and reproducible. Moreover, 

parameters extracted from AFM images provide practical information to finely tune the surface 

wettability of inorganic materials for broad applications. From a biomedical perspective, these 

investigations may pave the way to the design of new biomaterials with stochastic spatial 

organization of lipids to control subsequent interaction with biological molecules, as 

alternatives to micro-scaled regularly patterned surfaces. For instance, it would be interesting 

to assess to what extent the effects observed in the present study are applicable to proteins, and 

if wettability can be used as a “proxy variable” for protein affinity, correlated to it but easier to 

measure.  
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Figure 1.(A-C) Representative AFM height images (1 × 1 μm2, peak force tapping mode, z-scale 130 nm) recorded 

on aluminum substrate (A, Al) prior to or (B, Al-nano) after hydroxylation treatment in boiling water and (C, Al-

nano_Ox) further incubation in hydrogen peroxide solution (H2O2, 10 mM). (D, E, F) Representative AFM 

deflection images (1 × 1 μm2, peak force tapping mode) recorded on hydroxylated aluminum before (D) and after 

(E) the adsorption of oleic acid (Al-nano_OA). Image (F) is a zoom taken at the location indicated by dashed lines 
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in image (E). (G) IR-ATR (top, red line) spectrum recorded in solution of oleic acid (in heptane) and PM-IRRAS 

(bottom, blue line) spectrum recorded on Al-nano substrate after adsorption of oleic acid. (H) Molecular structure 

of fatty acids (FAs). (I) Examples of possible binding modes of FAs to the hydroxylated aluminum surface. 

 

 

Figure 2. (A) w (L) vs L plots constructed from PSD analysis and (B) semi-variograms of AFM images recorded 

on: (A) aluminum substrate prior to (Al) or after hydroxylation treatment in boiling water (Al-nano) and further 

incubation in hydrogen peroxide solution (Al-nano_Ox), or on Al-nano surface modified with stearic acid (Al-

nano_SA). 
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Figure 3. Procedure used for experimental variogram calculation and variogram modeling. (A) Representative 

AFM height image recorded on the nanostructured aluminum substrate (Al-nano). (B) Visualizations of the 

distribution of heights to check the normality of the heights. (C) Quantile-Quantile plot showing the correlation 

between the sample heights and the normal distribution. (D) Directional variograms to check isotropy of the 

sample. (E, F) Comparative visualization of the (E) real and (F) predicted heights of the sample surface. 
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Figure 4. Correlations between (A) wsat (PSD calculation) and the square root of sill (theoretical variogram 

calculation), (B) Lc (PSD calculation) and range (theoretical variogram calculation), and (C) fractal dimensions 

computed from PSD or variogram calculations. The different parameters are calculated from AFM images 

recorded on nanostructured aluminum samples modified with fatty acids. Dashed lines correspond to the regression 

lines: (A) y = 0.93x + 0.74 (adjusted R2 = 0.99, p-value= 6.354e-15), (B) y = 1.60x – 11.23 (adjusted R2 = 0.84, 

p-value= 3.219e-07), (C) y = x. 
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Figure 5. Contributions of (A) Aν(C-H) and (B) range to the terms due to “chemistry” and “roughness”, respectively, 

used to calculate water contact angle, qw : (left y-axis) open squares (£)  correspond to values of boxed variables 

and line corresponds to the mathematical function used for the variable transformation (Box-Cox transformation, 

see Supporting information for more details); (right y-axis) open circles are experimental qw values measured on 

the different Al-nano_FA samples. Both graphs (A and B) include the same number of samples (n = 16), some 

points are overlapping in panel A. Gray area gradients correspond to different wetting properties commonly 

termed, from bright to dark: hydrophilic, hydrophobic, superhydrophobic.  
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