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ABSTRACT: Photothermal induced resonance (PTIR), also
known as AFM-IR, is a scanning probe technique that provides
sample composition information with a lateral resolution down to
20 nm. Interest in PTIR stems from its ability to identify unknown
samples at the nanoscale thanks, in ﬁrst approximation, to the
direct comparability of PTIR spectra with far-ﬁeld infrared
databases. The development of rapidly tuning quantum cascade
lasers has increased the PTIR throughput considerably, making
nanoscale hyperspectral imaging within a reasonable time frame
possible. Consequently, a better understanding of PTIR signal
generation and of the ﬁne details of PTIR analysis has become of
paramount importance for extending complex IR analysis methods
developed in the far-ﬁeld, e.g., for classiﬁcation and hyperspectral
imaging, to nanoscale PTIR spectra. Here we calculate PTIR spectra via thin-ﬁlm optics, to identify subtle changes (band shifts,
deviation from linear approximation, etc.) for common sample parameters in the case of PTIR with total internal reﬂection
illumination. Results show signal intensity linearity and small band shifts as long as the sample is prepared correctly, with band
shifts typically smaller than macroscale attenuated total reﬂection (ATR) spectroscopy. Finally, a generally applicable algorithm
to retrieve the pure imaginary component of the refractive index (i.e., the chemically speciﬁc information) is provided to
overcome the PTIR spectra nonlinearity.

I

nfrared (IR) absorption spectroscopy is a widespread
analytical technique because it provides rich molecular
conformation and chemical composition information, without
any a priori knowledge of the sample.1,2 The power of IR
spectroscopy greatly relies on the Lambert and Beer’s
approximation that establishes a proportionality between IR
transmission spectral intensities and the sample absorption
coeﬃcient (α). Such proportionality enables material identiﬁcation and the determination of the concentrations (ci) of the
sample constituents,
α (λ ) =

∑ ciεi(λ)

A = α (λ )l

where l is the optical path length in the sample.
With imaging optics, IR spectroscopy yields spatially
resolved, chemical images;2−5 however, its spatial resolution
(ξ) is limited by diﬀraction (Rayleigh limit) and gets worse
with increasing wavelength,
ξ=

where εi is the molar absorption coeﬃcients of specimen i and
λ is the wavelength of light. The absorption coeﬃcient α is
related to the commonly used decadic absorption coeﬃcient
(a) α(λ) = a(λ) ln(10) and to the complex refractive index (n̂ =
n + iκ) of the sample by
α (λ ) =

4πκ(λ)
λ

0.61λ
NA

(4)

where NA is the objective numerical aperture. The lateral
resolution limit of IR microscopy is of the order of 1−10 μm,4
but such resolution is hardly achieved in practice.
It is important to realize that the Lambert and Beer’s
approximation is accurate if (i) the sample is homogeneous, (ii)
the sample is weakly absorbing, (iii) scattering is negligible, and
(iv) there are no reﬂections at interfaces.6 In the solid state,
however, n(λ) commonly shows dispersion in proximity of
strong IR absorption peaks,7 and the intensity, band shape, and
peak position of IR spectra can be aﬀected by sample
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preparation and sampling methods, such as attenuated total
reﬂection (ATR)8 or when analyzing microscopic portions of a
sample.9 Data-reduction routines based on multivariate analysis
typically enable “compact” visualization and interpretation of
the large and complex data set in the form of chemical maps,3,5
principal components, etc. However, because chemometric
techniques often implicitly assume a linear relation between the
IR signal and the concentrations of the sample components,
deviations from the Lambert and Beer’s approximation must be
understood to pretreat the data (baseline correction, etc.) and
to eliminate artifacts due to the sampling method and to
scattering at interfaces.
Methods to improve the spatial resolution of IR spectroscopy
are of great interest because measurement of the nanoscale
chemical composition is critically important for engineering
nanomaterials,10−13 to understand the origin of diseases,14 and
for their diagnosis,1,15 based on chemical signatures. However,
to translate the power of IR spectral analysis to the nanoscale,
ideally, nanoscale IR spectra should resemble far-ﬁeld IR
spectra and not require complex calculations or prior
knowledge of the sample. Photothermal induced resonance
(PTIR), scattering scanning near-ﬁeld microscopy (s-SNOM),
and photoinduced force microscopy (PIFM) are three scanning
probe methods that provide IR spectra with nanoscale
resolution.
s-SNOM16,17 measures the amplitude and the phase of light
scattered from a tip in proximity of the sample. These
quantities are complex functions of the sample’s n(λ) and κ(λ)
and depend on the tip−sample−substrate near-ﬁeld interactions. For weak IR absorption peaks, s-SNOM phase spectra
resemble somewhat far-ﬁeld IR absorption spectra.16−18
However, sophisticated modeling19 and knowledge of the
sample is necessary to analytically invert the near-ﬁeld
scattering problem and determine both n(λ) and κ(λ).
PIFM20 measures the photoinduced force resulting from the
dipole−dipole interactions between a metallized AFM (atomic
force microscope) tip and the sample when illuminated by a
laser. Although the measured signal is the subject of debate,21
the resulting photoinduced force depends on the balance
between the real and imaginary polarizabilities of the sample
and of the tip. Depending on the balance of those forces, the
PIFM spectra can be more closely related to κ(λ)20 or n(λ).21
In PTIR,17,22 an AFM tip transduces the sample thermal
expansion induced by the absorption of light pulses in the
sample into cantilever oscillations (Figure 1). The amplitude of
the oscillations, captured by the AFM detector, is proportional
to the energy absorbed by the sample. Nanoscale IR spectra are
obtained by plotting the amplitude of the cantilever oscillations
while tuning the laser wavelength. Although PTIR has been
implemented initially in the mid-IR,23 and it is also known as
AFM-IR, its mechanical detection scheme works in principle for
all wavelengths and its operating range has been recently
extended to the visible.24,25 Among nanoscale IR techniques,
PTIR has attracted the most attention from analytical chemists
because, in ﬁrst approximation, PTIR spectra are proportional
to κ(λ),26−28 i.e., they are similar to far-ﬁeld transmission
spectra, and enable material identiﬁcation by comparison with
far-ﬁeld IR databases.29 Furthermore, while s-SNOM and PIFM
are primarily surface-sensitive techniques, PTIR probes sample
thicknesses even in excess of 1 μm.17,27 PTIR is ﬁnding evergrowing applications in polymer science, 28,30,31 plasmonics,32−35 photovoltaics,11,25,36 pharmaceutics, 37 biology,14,38,39 medicine,14 etc.

Figure 1. (a) Sketch illustrating the PTIR setup and signal generation.
The sample (blue) is placed on a ZnSe Prism (yellow) and illuminated
from below with a pulsed, infrared laser beam (red). The sample
locations that absorb IR light heat up and expand during each laser
pulse. The expansion-induced motion of the AFM tip (gold),
deﬂection signal, is detected by the AFM detector. (b) Time domain
PTIR signal (ring-down). (c) Fast Fourier transform (FFT) of the
deﬂection signal, showing the amplitudes of the cantilever oscillation
modes, which are proportional to the local infrared absorption.

Recent innovations, such as resonance-enhanced PTIR,40 the
use of sensitive nanosized picogram-scale probes,41 and the
development of tapping-mode PTIR, have considerably
increased the PTIR sensitivity and throughput, opening the
door for nanoscale hyperspectral imaging. This novel PTIR
capability has recently been commercialized, driven by the
desire for translating the power of chemometric analysis2 to the
nanoscale. Although the spectral distortions in PTIR spectra are
typically much less prominent than those in in s-SNOM16 or
PIFM,21 it is important to gain an accurate understanding of the
factors that inﬂuence PTIR peak shapes, positions, and
intensities, in order to ensure proper interpretation of the
minute spectral diﬀerences highlighted by chemometric
algorithms2 and avoid spectra misinterpretation.42 Although
such optical analysis is closely related to modeling in far-ﬁeld IR
microscopy, where samples are prepared with homogeneous
thickness (i.e., ∼8 μm for dry cells), the sample topography in
PTIR typically varies and must be considered as an additional
parameter.
In this work, we consider PTIR with ATR illumination and
calculate optical absorption as a function of the sample
thickness, absorption coeﬃcient, dispersion, and light polarization, to understand the PTIR linearity range, band shifts,
peak ratios, and the eﬀect of sample stratiﬁcation. The ATR
geometry is chosen to avoid complications due to Fabry-Pérot
interference that may modulate the PTIR intensity for topdown illumination. The calculations presented here provide
guidelines for optimal sample preparation and data analysis.
Furthermore, we propose a general nonlinear multivariate dataﬁtting algorithm that allows for deriving pure κ(λ) spectra from
PTIR spectra, thus overcoming the nonlinear dependence of
the PTIR signal on α(λ).

■

EXPERIMENTAL SECTION
Transfer Matrix Method Calculations. All simulated
PTIR spectra were calculated using the tmm Python package,43
which provides a well-tested implementation of the transfer
13525

DOI: 10.1021/acs.analchem.7b03878
Anal. Chem. 2017, 89, 13524−13531

Article

Analytical Chemistry

• Hth is the thermal contribution, which describes the sample
thermalization dynamics, which is determined by the laser pulse
length and by the sample thermal properties; and
• Hopt is the optical contribution, deﬁned here as the fraction
of incident light absorbed by the sample, i.e., its absorptance.
For ATR illumination, Hopt is a function of the refractive index
of sample (n̂1 = n1 + iκ1) and substrate (n̂0 = n0), sample
thickness, light polarization, and incidence angle. In short, the
new deﬁnition of Hopt is better suited to go beyond the
approximation proposed in Dazzi’s26 original work. This step is
necessary to include cases with strongly absorbing groups, such
as carbonyls that show a non-negligible anomalous dispersion
in the mid-IR.
The main focus of this study, Hopt, is the only term in eq 5
that directly depends on the wavelength and that includes the
absorption coeﬃcient, κ, the primary quantity of interest to IR
spectroscopists. The PTIR signal produced by a suﬃciently fast
cantilever is directly proportional to the total absorbed optical
energy, Hopt, independently from the wavelength. Because Iinc is
determined via a separate background measurement, knowledge of Hopt is suﬃcient to describe the PTIR spectral shape in
such cases. However, we note that, in addition to the total
absorbed optical energy, λ also inﬂuences the initial distribution
of the absorbed power and the temperature inside the sample.
Because diﬀerences in the initial temperature distribution can
change the sample thermal relaxation dynamics, λ can indirectly
inﬂuence the cantilever response amplitude for slower cantilevers. Such indirect λ-dependence of the PTIR signal will not
be considered here and will be the subject of future work. ̂
Hopt is calculated here using plane waves incident on a
sample consisting of a stack of parallel homogeneous layers that
are illuminated in a total internal reﬂection (TIR) conﬁguration. Unless otherwise noted, we consider a 3-layer sample
composed of a ZnSe substrate (layer 0), a PMMA sample layer
with diﬀerent thickness (layer 1), and an air top layer (layer 2).
TIR occurs at interfaces for light incident from the higher
refractive index material (n0 > n1) at angles of incidence θ larger

matrix method (TMM). The refractive index of the ZnSe
substrate was 2.4, unless otherwise stated, in which case we
refer to literature data.44 The complex refractive index for
polymethyl methacrylate (PMMA) was obtained from the
literature45 (see Figure S1). Calculations were performed using
Python 3.5.1, numpy 1.11.1, and scipy 0.18.1 libraries.46
Matplotlib 2.0.047 was used for preparing plots.
In all the calculations, the illumination was from the bottom
through a ZnSe optical element at 45° angle of incidence,
unless otherwise noted. The PTIR signal was calculated as the
fraction of the incident light intensity absorbed in the sample
layer, as detailed in the text.
Nonlinear least-squares (NLS) ﬁts were performed using the
Limited-Memory Broyden−Fletcher−Goldfarb−Shanno algorithm as implemented in scipy optimize package.
Sample Preparation. All chemicals were used as received
without further puriﬁcation. PMMA wedges with thickness
ranging from 43 ± 5 nm to 1243 ± 10 nm, as measured by
AFM, were prepared by spin-coating and electron beam
lithography as previously described.27 Uncertainties throughout
the manuscript represent a single standard deviation.
PTIR Measurements. PTIR measurements were obtained
with a modiﬁed commercially available PTIR setup interfaced
with an external cavity quantum cascade laser (EC-QCL) array.
Spectra were obtained in the range from 1700 to 1760 cm−1.
The laser was operated with 1 kHz repetition rate and 400 ns
long pulses.
Five consecutive PTIR spectra were acquired for each
sampling position (i.e., each PMMA thickness). AFM topography images were obtained before and after each set of 5
spectra to evaluate any possible sample position drift. PTIR
spectra were obtained by stepping the laser at 2 cm−1 intervals
and referenced to the laser power measured with a power meter
positioned in place of the sample on the AFM stage
(background spectrum). To obtain high signal-to-noise
(SNR) background spectra, the laser was operated at 200
kHz repetition rate. Changing the repetition rate did not
change the shape of the laser emission spectrum.

( ).

■

than θc = arcsin

RESULTS AND DISCUSSION
The signal transduction in PTIR is the following: (1) optical
energy into absorbed energy, (2) absorbed energy into local
heat, (3) local heat into local thermal expansion, (4) local
thermal expansion into AFM cantilever motion, and (5)
cantilever motion into AFM detector signal (see Figure 1).
Dazzi et al. established a framework to describe the PTIR
signal, based on the electric dipole approximation, and
identiﬁed the linear relationship between the PTIR signal
(SPTIR) and κ(λ)26 by factoring the PTIR signal transduction
chain into a series of multiplicative contributions.26 For
convenience, here we rewrite Dazzi’s original expression to
include κ(λ) in the optical contribution (Hopt) and factorize the
intensity of the laser incident power (Iinc), typically accounted
for by the background spectrum,
SPTIR ∝ HAFMHmHthHopt(λ)Iinc(λ)

n1
n0

In such conditions, light cannot

propagate into layer 1, and only the evanescent tail of the
incident electromagnetic ﬁeld stretches into the sample layer
with a decay length (1/e) or depth of penetration (dp). For a
λ0
, where λ0 is the free
nonabsorbing sample, d p =
2
2
2
2π n0 sin θ − n1

space wavelength of the incident light. If absorption occurs in
the sample (κ1 > 0), only a fraction of the incident light is
reﬂected (i.e., R < 1), which is referred as attenuated total
reﬂection (ATR).8 It can be shown that the absorbance (A) can
be approximated by a Beer’s law-like expression:48
A = −log10 R(λ) = α(λ)leff

(6)

That linearly relates it to the absorption coeﬃcient α(λ) and
to the eﬀective path length (leff) of the sample, provided that
the sample is not strongly absorbing (i.e., if the real part of the
refractive index is essentially constant). It is well-known that
ATR spectra show peak shifts (particular for strongly absorbing
peaks) and that the relative ATR peak intensities diﬀer from
transmission spectra because dp is λ-dependent. An introduction to mid-IR ATR spectroscopy is available elsewhere.49
However, in macroscale ATR experiments the sample
thickness is typically either far greater than dp or far smaller
than d p . In the ﬁrst case, the semi-inﬁnite medium

(5)

where
• HAFM is the cantilever contribution, which depends on the
cantilever modal stiﬀnesses, frequencies, shapes, and deﬂection
sensitivity;
• Hm is the mechanical contribution to the signal that
depends on the sample thermal expansion coeﬃcient;
13526
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Figure 2. Eﬀect of ATR illumination on the PTIR band intensity ratios with respect to 1300 cm−1 (vertical gray lines). The graphs display deviations
from 1 for the TMM-calculated PTIR band intensity ratios with respect to 1300 cm−1 for an artiﬁcial sample with n = 1.4 and constant decadic
absorption coeﬃcient in the case of a weakly (left column), moderately (central column), and strongly (right column) absorbing sample. Zero
percent deviation from 1 would indicate that the relative band intensity ratios are the same as in a Lambert and Beer law compliant transmission
spectrum. Calculations were obtained for s-polarization (top row) and p-polarization (bottom row). The horizontal scales above 1900 cm−1 and
below 1900 cm−1 are diﬀerent to highlight changes in the mid-IR ﬁngerprint region.

with an arbitrary number of parallel layers (see section S2 of the
Supporting Information).
Signal Intensity. Given the well-known λ-dependent
diﬀerences between band ratios in transmission and ATR
spectra, it is reasonable to expect similar eﬀects in PTIR. To
understand the eﬀect of sample thickness on the PTIR signal
intensity, it is instructive to consider the case of an artiﬁcial
material with constant complex refractive index across the
whole mid-IR range. Figure 2 displays the TMM-calculated
PTIR intensities normalized to the intensity at 1300 cm−1 in
the case of n = 1.4 for a weakly (a = 0.02 μm), moderately (a =
0.10 μm), and strongly (a = 0.50 μm) absorbing artiﬁcial
sample with thickness up to 1000 nm. For l1 < 100 nm, the
relative PTIR intensities resemble those seen in transmission,
with deviations <10% across the whole spectral range. Thicker
samples tend to display larger deviations from Beer’s law
compliant transmission spectra, with deviations less pronounced for strongly absorbing samples because the rapid
decay of the ﬁeld in the sample due to absorption lessens the
eﬀect of the wavelength on dp.
Importantly, the eﬀect of the sample height on the PTIR
intensity ratio is generally limited (<10%) within the 850−1900
cm−1 spectral range for samples up to 400 nm thick and within
1050−1600 cm−1 for samples up to 1.0 μm thick.
Linearity of the PTIR Signal. Quantitative use of infrared
spectroscopy leverages the linear relationship between sample
absorption and analyte concentration. As for the relative
intensities, the sample thickness must be considered in addition
to the wavelength when assessing the linearity of the PTIR
signal.
To gain insight on the PTIR signal linearity, TMM was used
to calculate Hopt as a function of the decadic absorption
coeﬃcients (from 10−7 to 0.5 μm−1) for artiﬁcial samples with
constant absorption and constant refractive index (n = 1.4).
The calculations were carried out in the case of thin (100 nm),
medium (500 nm), and thick (1000 nm) sample layers. The
results were compared to the Hopt obtained in the case of a
small decadic absorption coeﬃcient (a0 = 0.02 μm−1) and
linearly extrapolated to a higher a (Figure 3). Figure 3

approximation allows the use of Fresnel equations to accurately
calculate the reﬂection coeﬃcient at the interface.50 In the
second case, the refractive index of the thin sample does not
inﬂuence the electric ﬁeld at the interface signiﬁcantly and the
imaginary part of the refractive index is suﬃcient to calculate
the reﬂected light attenuation.48 In contrast, for PTIR the
thickness of the sample is often of the order of dp, typically
between 100 nm and 1 μm.27,40,51 Because in PTIR the sample
thickness lies somewhere in between the commonly used thin
ﬁlm and semi-inﬁnite ATR case limits,48 the thickness is an
important additional variable inﬂuencing PTIR spectra, making
calculations using at least three layers (substrate, sample, and
top layer) necessary.
As long as there is no traveling wave in the top layer (air),
Hopt = 1 − |r|2. The reﬂection r of a three-layer system has been
described by Hansen:52
r=

r01 + r12 e 2iδ1
1 + r01r12 e 2iδ1

(7)

Here, r01 and r12 are the Fresnel reﬂection coeﬃcients at the
substrate−sample and sample−air interfaces, respectively. The
e2iδ1 term describes the phase shift and the attenuation that the
wave experiences while traveling in the sample layer,
δ1 =

2πn1̂
l1 cos(θ1)
λ

(8)

where l1 and n̂1 are the sample thickness and complex refractive
index, respectively. θ1 is the complex angle of refraction
determined from Snell’s law,
n0̂ sin(θ0) = n1̂ sin(θ1)

(9)

Depending on the polarization of the incident wave, the
reﬂection coeﬃcients for s- or p-polarization must be used.
Expressions similar to eq 7 for systems with more than three
layers can be obtained; however, they are quite cumbersome.
Instead, the transfer matrix method (TMM) formalism used
here generalizes the result to electromagnetic ﬁelds in thin ﬁlms
13527
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Figure 3. Estimate of the maximum deviation of the PTIR signal from perfect linearity with respect to the absorption coeﬃcient. For the estimate,

(

we considered an artiﬁcial weakly absorbing material with constant a0 = 0.02 μm−1 and n = 1.4 and calculated Hopt(a) − a

a

(

Hopt(a0)
a0

Hopt(a0)
a0

), normalized to

). Sample parameters were n = 2.4, n = 1.4 + iκ, and n = 1. Calculations were carried out for 100 nm thick (1st column), 500 nm thick
0

1

2

(2nd column), and 1000 nm thick (3rd column) samples and for a semi-inﬁnite sample (4th column, labeled ATR). The horizontal scales above
1900 cm−1 and below 1900 cm−1 are diﬀerent to highlight changes in the mid-IR ﬁngerprint region.

highlights the deviations of the PTIR signal from perfect
linearity with respect to a. The deviation from linearity is less
accentuated for smaller sample thickness and for smaller
absorption coeﬃcients. For a given sample thickness, excitation
with s-polarization leads on average to a 0.7 times smaller
deviation from linearity than that with p-polarization.
For moderately absorbing samples (a < 0.1 μm−1), PTIR
spectra display close adherence to linearity even for thick
samples (<10% error for samples up to 710 nm in s-polarization
and up to 520 nm in p-polarization). However, for strongly
absorbing samples (a ≥ 0.5 μm−1), for best results quantitative
analysis (<10% deviation) should be carried out on thin
samples (<75 nm in s-polarization).
The nonlinear eﬀects described here are even more
accentuated in the case of a semi-inﬁnite medium, as typical
in macroscale ATR spectroscopy. However, in ATR spectroscopy these eﬀects are typically mitigated by plotting the
logarithm of the reﬂection signal, a procedure that in principle
could also be applied to PTIR spectra if either HAFMHmHth or
SPTIR in the case of total absorption were known.
Inﬂuence of Anomalous Dispersion. Because band
positions, widths, and shapes of IR spectra are routinely
interpreted to derive the secondary structure of proteins,53 it is
important to understand and evaluate optical eﬀects that may
also distort these spectral features. Although band shifts due to
anomalous dispersion in correspondence of strong absorption
peaks are common in ATR,8 because dp increases with the
wavelength across the peak width, such eﬀect has been typically
ignored in PTIR experiments. Figure 4 shows that, for the
strongest PMMA band, the narrow line width (<1 cm−1) of an
external-cavity quantum cascade laser (EC-QCL) allows to
clearly resolve small band shifts (<5 cm−1) in PTIR spectra as a
function of the sample thickness. It should be noted that the
combination of a large change in sample thickness and a strong
band is the least favorable scenario in regard to band shifts in
PTIR spectra

Figure 4. Band shifts of the PMMA carbonyl band in the case of ppolarization. (a) Measured PTIR spectra on a PMMA wedge and (b)
simulated Hopt signal (using literature values for ZnSe44 and
PMMA45).The sample thicknesses used in the simulations correspond
to those measured in (a). The spectral intensities are displayed in
arbitrary units for clarity. (For s-polarization, see Figure S-2).

The experimentally measured peak shifts are comparable
with calculations for PMMA ﬁlms of equivalent thickness
(Figure 4 and Figure S2). Although in the mid-IR the peak
shape of absorption peaks is better described by the Voigt peak
shape (a convolution of Lorentzian and Gaussian peak shapes),
for simplicity in our calculations we use a Lorentzian peak
shape54 because it captures peak shifts with suﬃcient accuracy.
Calculations with Lorentzian bands (with the corresponding
anomalous dispersion) across a range of halfwidths and band
positions shows that the shift (typically downshift) is always
larger for s-polarization than for p-polarization and the shift
increases the broader the bands (see Figure S-3).
13528

DOI: 10.1021/acs.analchem.7b03878
Anal. Chem. 2017, 89, 13524−13531

Article

Analytical Chemistry
In the limit of suﬃciently thick samples, PTIR peak shifts
coincide with those measured in ATR spectroscopy. In general,
the peak redshift becomes more pronounced as the sample
thickness and the absorption coeﬃcient increase (see Figure 5).

Figure 6. Calculated PTIR signal intensity (a) and band position shift
(b) for a 1 nm thick, weakly absorbing layer (a = 10−3 μm, n = 1.4)
within a nonabsorbing matrix (n = 1.4) as a function of the layer
distance from the prism−matrix interface. Calculations were carried
out for matrix thicknesses ranging from 100 to 1000 nm and for s- and
p-polarization. Band positions were calculated considering the band
maximum of a Lorentzian band 10 cm−1 wide centered around 1650
cm−1.

Figure 5. Band shifts in PTIR and ATR spectra: calculated band shifts
for a Lorentzian band (10 cm−1 half width) centered at 1650 cm−1
(typical spectral position of the amide I band), for absorption
coeﬃcients ranging from a = 0.01−0.5 μm−1 as a function of the
sample thickness (up to 5 μm). The band position in the PTIR
spectrum approaches the band position measured in ATR spectroscopy as the sample height increases. Note that typical PTIR samples
are signiﬁcantly thinner than 5 μm.

the PTIR signal transduction factors (HAFM, Hm, and Hth in eq
5) were known, a single PTIR spectrum would be suﬃcient to
determine κ(λ) (see Figure S-6). However, because the
transduction factors are generally unknown and sampledependent, they provide a challenge for the problem inversion.
Essentially, the fraction of light absorbed in the sample is not
known, because Hopt(λ) represents only a quantity proportional
to it via the scaling factor HAFMHmHth.
Here, for each PMMA thickness from 100 nm to 1 μm, we
leverage pairs of calculated s- and p-polarized Hopt spectra to
evaluate whether the inverse problem for PTIR spectra can be
solved without knowledge of scaling factors. The relative band
intensities in the calculated Hopt spectra show marked
diﬀerences across the large range of sample thicknesses (see
Figure 7a), as expected based on Figure 2. The spectra were
scaled by the same arbitrary number and then used as input to a
NLS ﬁt of eq 7 to derive the sample κ(λ) spectrum, which was
benchmarked against literature data for PMMA45 (see Figure
7). For each PMMA thickness, in addition to the pair of PTIR
spectra (s and p-polarization), the NLS algorithm also uses the
sample n value at a single wavelength away from absorption
bands and the layer thickness as input parameters. The real part
of the refractive index spectrum was calculated from the
imaginary part via a numeric Kramers−Kronig transformation.56
The resulting κ(λ) spectra closely match reference data (see
Figure 7b), demonstrating that the PTIR signal inversion can
be achieved for two spectra aﬀected by the same scaling (i.e.,
PTIR spectra at a given location with diﬀerent light
polarization). We note that the NLS ﬁtting for κ introduced
here works especially well for thick samples and for strongly
absorbing bands, where the contribution of nonlinearity
between α(λ) and the PTIR signal is more noticeable (see
Figure 7c). Essentially the method works best for the cases that
most need such correction.
To test the stability of the NLS ﬁt procedure, Gaussian noise
was added to the input data to the simulated PTIR spectra,
yielding SNRs ranging from 1000 (close to perfect measurement) to 10 (noisy measurement). The SNR was deﬁned as the
ratio of the maximum signal intensity in the spectrum and the

Preliminary calculations with our model, obtained with
illumination from the air side at 70° angle from the sample
normal (a common illumination geometry) and neglecting the
eﬀect of the AFM tip, show (Figures S-4 and S-5) slightly
smaller and generally upshifted peak positions. Furthermore,
for top illumination, although the sample thickness appears to
have a weak eﬀect on the shift, the substrate refractive index
shows a non-negligible eﬀect due to reﬂection at the sample−
substrate interface (compare Figures S4 and S5).
Vertically Heterogeneous Samples. The inﬂuence of the
sample stratiﬁcation on the PTIR spectra is a commonly asked
question, which, however, has not yet been addressed in the
literature. Here we consider a 1 nm thick, weakly absorbing (a
= 10−3 μm) layer embedded in a nonabsorbing matrix
characterized by the same refractive index (n = 1.4) and
calculate the PTIR absorption of such a thin layer as a function
of the layer vertical position in the matrix. Figure 6 shows that
the calculated absorption in the layer follows the expected
exponential decay for the cases of a thin (100 nm), medium
(500 nm), and thick (1000 nm) matrix. It should be noted that,
in the case of a vertically heterogeneous sample, Hth will also
depend on the position of the absorber, but the analysis of this
secondary eﬀect is outside the scope of this work.
Notably, light absorption in the thin layer at a given distance
from the substrate increases for thicker matrices because the
electric ﬁeld amplitude in the sample increases (see Figure 6a).
In contrast, considering a Lorentzian halfwidth of 15 cm−1, the
peak shift is negligible as the absorbing layer is positioned
further away from the substrate (Figure 6b).
Derivation of α(λ) from PTIR Spectra. Algorithms that
derive κ(λ) from ATR spectra (hereafter inverse problem) are
well-established;55 once κ(λ) is known, α(λ) can be calculated.
Equation 7 can in principle be used to derive the unknown κ(λ)
of the sample from an experimentally measured PTIR
spectrum. Compared to ATR spectroscopy, in PTIR the
sample is usually thin enough to be considered vertically
homogeneous, and most importantly, the sample thickness can
be measured concurrently with the spectrum. Consequently, if
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Figure 7. Calculated κ(λ) from pairs of Hopt spectra (s- and p-polarization) for PMMA using a NLS ﬁt. (a) Calculated Hopt (s-polarization only) for a
series of ﬁlm thicknesses. The spectra intensities were normalized at ∼1725 cm−1 to highlight the intensity ratio diﬀerences as a function of the
sample thicknesses. For each thickness, the pair of spectra (s- and p-polarization) were scaled by an arbitrary number before the NLS ﬁt to ensure
that the scaling of the spectrum did not inﬂuence the ﬁt. (b) κ(λ) spectra as output by the NLS ﬁt function. (c) Diﬀerence between κref reference
literature values and ﬁt results. Panels d and e showcase NLS ﬁt noise resilience. (d) Noise (Gaussian distribution with standard deviation σ) was
added to the simulated PTIR spectra for a 0.5 μm thick slab of PMMA. The added noise resulted in spectra with SNRs (calculated from 8× the
standard deviation of the noise and the maximum of the carbonyl peak). (e) Recovered κ spectra from noisy input data. (f) Diﬀerence of the
recovered spectra and the noiseless κref. Note the diﬀerent scales on panels c and f.

■

noise peak-to-peak value (8× the standard deviation).
Obviously, some noise (with peak-to-peak comparable to the
input noise) is noticeable in the recovered κ(λ) spectrum (see
Figure 7d−f), but it does not impede the ﬁtting procedure.

■
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CONCLUSIONS

Because band positions generally present a smaller shift in
PTIR spectra than in ATR spectra, PTIR chemical
identiﬁcation of unknown species is expected to work at least
as well as ATR and is not aﬀected by the stratiﬁcation of the
sample. This work provides guidelines for selecting the sample
parameters for best PTIR quantitative measurements. To
obtain PTIR signals that closely follow a linear behavior, the
sample should be thin (<500 nm), ﬂat, and vertically
homogeneous, as in the case of many PTIR applications to
date.17,22 For quantitative analysis on thicker samples, weakly
absorbing (≤0.1 μm−1) bands should be used. For proper
quantitation of strongly absorbing samples, measurements
should be obtained for small sample thickness (<75 nm) and
using s-polarization.
Thus far, band ratios have been leveraged to compare PTIR
signal intensity from materials of diﬀerent thermal and
mechanical properties.57 However, to properly compare PTIR
spectra of samples that also have diﬀerent heights, it is
recommended to ratio bands with similar center wavelengths
and similar absorptions coeﬃcients to ensure the best linearity.
In general, if the sample cannot be prepared thin enough or if
no weakly absorbing bands are available for analysis, inverting
the PTIR signal to obtain the absorption spectrum is a general
approach, demonstrated here, to enable quantitative analysis of
PTIR data and requiring measurement of only two spectra with
diﬀerent polarizations for each location. We believe that the
guidelines for sample preparation and data analysis provided
here will foster PTIR quantitative analysis at the nanoscale
across the broad PTIR application space ranging from material
science to biology and medicine.

■

AUTHOR INFORMATION

Corresponding Author

*andrea.centrone@nist.gov.
ORCID

Georg Ramer: 0000-0001-8307-5435
Vladimir A. Aksyuk: 0000-0002-9653-4722
Andrea Centrone: 0000-0002-2919-3366
Notes

The authors declare no competing ﬁnancial interest.

■

ACKNOWLEDGMENTS
G.R. acknowledges support under the Cooperative Research
Agreement between the University of Maryland and the
National Institute of Standards and Technology Center for
Nanoscale Science and Technology, Award 70NANB10H193,
through the University of Maryland.

■

REFERENCES

(1) Fernandez, D. C.; Bhargava, R.; Hewitt, S. M.; Levin, I. W. Nat.
Biotechnol. 2005, 23, 469−474.
(2) Baker, M. J.; Trevisan, J.; Bassan, P.; Bhargava, R.; Butler, H. J.;
Dorling, K. M.; Fielden, P. R.; Fogarty, S. W.; Fullwood, N. J.; Heys, K.
A.; et al. Nat. Protoc. 2014, 9, 1771−1791.
(3) Bellisola, G.; Sorio, C. Am. J. Cancer Res. 2012, 2, 1−21.
(4) Lasch, P.; Naumann, D. Biochim. Biophys. Acta, Biomembr. 2006,
1758, 814−829.
(5) Levin, I. W.; Bhargava, R. Annu. Rev. Phys. Chem. 2005, 56, 429−
474.
13530

DOI: 10.1021/acs.analchem.7b03878
Anal. Chem. 2017, 89, 13524−13531

Article

Analytical Chemistry
(6) Mayerhofer, T. G.; Mutschke, H.; Popp, J. ChemPhysChem 2016,
17, 1948−1955.
(7) Graf, R. T.; Koenig, J. L.; Ishida, H. Appl. Spectrosc. 1985, 39,
405−408.
(8) Ramer, G.; Lendl, B. In Encyclopedia of Analytical Chemistry; John
Wiley & Sons, Ltd.: 2013.
(9) Davis, B. J.; Carney, P. S.; Bhargava, R. Anal. Chem. 2010, 82,
3487−3499.
(10) Nicholson, P. G.; Castro, F. A. Nanotechnology 2010, 21,
492001.
(11) Chae, J.; Dong, Q.; Huang, J.; Centrone, A. Nano Lett. 2015, 15,
8114−8121.
(12) Huber, A. J.; Wittborn, J.; Hillenbrand, R. Nanotechnology 2010,
21, 235702.
(13) Yuan, Y.; Chae, J.; Shao, Y.; Wang, Q.; Xiao, Z.; Centrone, A.;
Huang, J. Adv. Energy Mater. 2015, 5, 1500615.
(14) Ruggeri, F. S.; Longo, G.; Faggiano, S.; Lipiec, E.; Pastore, A.;
Dietler, G. Nat. Commun. 2015, 6, 7831.
(15) Bhargava, R.; Madabhushi, A. Annu. Rev. Biomed. Eng. 2016, 18,
387−412.
(16) Huth, F.; Govyadinov, A.; Amarie, S.; Nuansing, W.; Keilmann,
F.; Hillenbrand, R. Nano Lett. 2012, 12, 3973−3978.
(17) Centrone, A. Annu. Rev. Anal. Chem. 2015, 8, 101−126.
(18) Pollard, B.; Maia, F. C. B.; Raschke, M. B.; Freitas, R. O. Nano
Lett. 2016, 16, 55−61.
(19) Govyadinov, A. A.; Amenabar, I.; Huth, F.; Carney, P. S.;
Hillenbrand, R. J. Phys. Chem. Lett. 2013, 4, 1526−1531.
(20) Nowak, D.; Morrison, W.; Wickramasinghe, H. K.; Jahng, J.;
Potma, E.; Wan, L.; Ruiz, R.; Albrecht, T. R.; Schmidt, K.; Frommer,
J.; et al. Science Advances 2016, 2, e1501571.
(21) Yang, H. H. U.; Raschke, M. B. New J. Phys. 2016, 18, 053042.
(22) Dazzi, A.; Prater, C. B. Chem. Rev. 2017, 117, 5146−5173.
(23) Dazzi, A.; Prazeres, R.; Glotin, E.; Ortega, J. M. Opt. Lett. 2005,
30, 2388−2390.
(24) Katzenmeyer, A. M.; Holland, G.; Kjoller, K.; Centrone, A. Anal.
Chem. 2015, 87, 3154−3159.
(25) Yoon, Y.; Chae, J.; Katzenmeyer, A. M.; Yoon, H. P.;
Schumacher, J.; An, S.; Centrone, A.; Zhitenev, N. Nanoscale 2017,
9, 7771−7780.
(26) Dazzi, A.; Glotin, F.; Carminati, R. J. Appl. Phys. 2010, 107,
124519.
(27) Lahiri, B.; Holland, G.; Centrone, A. Small 2013, 9, 439−445.
(28) Tang, F.; Bao, P.; Su, Z. Anal. Chem. 2016, 88, 4926−4930.
(29) Marcott, C.; Lo, M.; Kjoller, K.; Prater, C.; Noda, I. Appl.
Spectrosc. 2011, 65, 1145−1150.
(30) Morsch, S.; Liu, Y. W.; Lyon, S. B.; Gibbon, S. R. ACS Appl.
Mater. Interfaces 2016, 8, 959−966.
(31) Gong, L.; Chase, D. B.; Noda, I.; Liu, J. L.; Martin, D. C.; Ni, C.
Y.; Rabolt, J. F. Macromolecules 2015, 48, 6197−6205.
(32) Lahiri, B.; Holland, G.; Aksyuk, V.; Centrone, A. Nano Lett.
2013, 13, 3218−3224.
(33) Chae, J.; Lahiri, B.; Centrone, A. ACS Photonics 2016, 3, 87−95.
(34) Katzenmeyer, A. M.; Chae, J.; Kasica, R.; Holland, G.; Lahiri, B.;
Centrone, A. Adv. Opt. Mater. 2014, 2, 718−722.
(35) Khanikaev, A. B.; Arju, N.; Fan, Z.; Purtseladze, D.; Lu, F.; Lee,
J.; Sarriugarte, P.; Schnell, M.; Hillenbrand, R.; Belkin, M. A.; et al.
Nat. Commun. 2016, 7, 12045.
(36) Strelcov, E.; Dong, Q.; Li, T.; Chae, J.; Shao, Y.; Deng, Y.;
Gruverman, A.; Huang, J.; Centrone, A. Sci. Adv. 2017, 3, e1602165.
(37) Van Eerdenbrugh, B.; Lo, M.; Kjoller, K.; Marcott, C.; Taylor, L.
S. J. Pharm. Sci. 2012, 101, 2066−2073.
(38) Baldassarre, L.; Giliberti, V.; Rosa, A.; Ortolani, M.; Bonamore,
A.; Baiocco, P.; Kjoller, K.; Calvani, P.; Nucara, A. Nanotechnology
2016, 27, 075101.
(39) Paluszkiewicz, C.; Piergies, N.; Chaniecki, P.; Rekas, M.;
Miszczyk, J.; Kwiatek, W. M. J. Pharm. Biomed. Anal. 2017, 139, 125−
132.
(40) Lu, F.; Jin, M. Z.; Belkin, M. A. Nat. Photonics 2014, 8, 307−
312.

(41) Chae, J.; An, S.; Ramer, G.; Stavila, V.; Holland, G.; Yoon, Y.;
Talin, A. A.; Allendorf, M.; Aksyuk, V. A.; Centrone, A. Nano Lett.
2017, 17, 5587−5594.
(42) Bassan, P.; Byrne, H. J.; Lee, J.; Bonnier, F.; Clarke, C.; Dumas,
P.; Gazi, E.; Brown, M. D.; Clarke, N. W.; Gardner, P. Analyst 2009,
134, 1171−1175.
(43) Byrnes, S. J. ArXiv 2016.
(44) Connolly, J.; diBenedetto, B.; Donadio, R. Proc. SPIE 1979,
0181, 141−144.
(45) Moore, D. S.; McGrane, S. D.; Funk, D. J. Appl. Spectrosc. 2004,
58, 491−498.
(46) van der Walt, S. f.; Colbert, S. C.; Varoquaux, G. l. Comput. Sci.
Eng. 2011, 13, 22−30.
(47) Hunter, J. D. Comput. Sci. Eng. 2007, 9, 90−95.
(48) Internal Reﬂection Spectroscopy. Harrick, N. J., Corporation, H.
S., Eds.; Interscience Publishers: New York, 1987.
(49) Griﬃths, P. R.; Haseth, J. A. D. Fourier Transform Infrared
Spectrometry, 2nd ed.; John Wiley & Sons, Inc.: Hoboken, NJ, 2007.
(50) Milosevic, M. Appl. Spectrosc. Rev. 2004, 39, 365−384.
(51) Katzenmeyer, A. M.; Canivet, J.; Holland, G.; Farrusseng, D.;
Centrone, A. Angew. Chem., Int. Ed. 2014, 53, 2852−2856.
(52) Hansen, W. N. J. Opt. Soc. Am. 1968, 58, 380.
(53) Barth, A. Biochim. Biophys. Acta, Bioenerg. 2007, 1767, 1073−
1101.
(54) Huang, J. B.; Urban, M. W. Appl. Spectrosc. 1992, 46, 1666−
1672.
(55) Ekgasit, S.; Ishida, H. In Handbook of Vibrational Spectroscopy;
Griﬃths, P. R., Chalmers, J. M., Eds.; John Wiley & Sons: New York,
2002; pp 1508−1520.
(56) Kuzmenko, A. B. Rev. Sci. Instrum. 2005, 76, 083108.
(57) Barlow, D. E.; Biffinger, J. C.; Cockrell-Zugell, A. L.; Lo, M.;
Kjoller, K.; Cook, D.; Lee, W. K.; Pehrsson, P. E.; Crookes-Goodson,
W. J.; Hung, C. S.; et al. Analyst 2016, 141, 4848−4854.

13531

DOI: 10.1021/acs.analchem.7b03878
Anal. Chem. 2017, 89, 13524−13531

