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Scattering-type scanning near-field optical microscope (s-SNOM) is a modern technique for subdiffrac-
tional optical imaging and spectroscopy. Over the past two decades, tremendous efforts have been devoted
to modeling complex tip-sample interactions in s-SNOM, aimed at understanding the electrodynamics of
materials at the nanoscale. However, due to complexities in analytical methods and the limited compu-
tation power for fully numerical simulations, compromises must be made to facilitate the modeling of
tip-sample interaction, such as using quasistatic approximation or unrealistic tip geometries. In this paper,
we apply a variety of widely utilized machine-learning methods, including k nearest neighbor and feed-
forward neural network etc. to study the phase-resolved spectroscopic near-field response. With only a
small set of training data, which is simulated using the finite-dipole model, we demonstrate that the relation
between the experimental near-field signal and sample optical constant can be one to one mapped without
the need for tip modeling: for a given material with a moderate dielectric function, its complex near-field
spectrum can be accurately determined within the mid-IR spectral range, and vice versa. Our preliminary
study sets the stage for future exploration using real experimental data. Our method is beneficial for pro-
cessing the increasing amount of data accumulated across many research groups and especially useful for
user facilities such as synchrotron-based national laboratories where a large amount of data is generated

on a daily basis.
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I. INTRODUCTION

Scattering-type scanning near-field optical microscopy
(s-SNOM) has gained significant popularity among differ-
ent research disciplines in the last two decades [1-3]. It
is a powerful technique that offers optical resolution far
beyond the diffraction limit, which is achieved by coupling
light to a sharp atomic force microscope (AFM) tip with
an apex radius as small as a few nanometers [4]. Unlike
its far-field technique counterparts where the light directly
interacts with the sample specimen, in s-SNOM the com-
plex near-field tip-sample interaction plays the dominant
role. The AFM tip functions as an antenna that localizes the
incident light tightly under its apex through the lighting-
rod effect. The near-field tip-sample interaction modifies
the radiation of the tip, which can be detected from the
scattering signal in the far field. Through the study of
this tip-modulated radiation, the local dielectric proper-
ties can then be deduced [5-8]. Besides monochromatic
imaging [9—15], the broadband spectroscopic capability
of s-SNOM has led to a rich body of research activities
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especially in the technologically relevant near-IR to tera-
hertz (THz) regime [16—20]. A typical experimental setup
is demonstrated in Fig. 1(a), where the broadband light
source is coupled to an asymmetric Michelson interferom-
eter and an AFM. The detector collects the interference
signal between the tip-scattered light and the reference
light reflected off a scanning mirror. The Fourier trans-
form of such an interferogram demodulated at the higher
harmonics (n>1) of the tip-tapping frequency yields the
frequency-domain near-field spectrum.

Analytical models attempting to quantitatively describe
the near-field tip-sample interaction have been proposed
and improved over the years [21-25]. In the most simpli-
fied model, the entire tip is reduced to a sphere located
at its apex [21]. In the quasistatic limit, the scattered
field can be analytically calculated. It was soon realized
that the sphere did not accurately capture the elongated
shape of the tip shank, and therefore, led to inaccurate
results. Consequently, more sophisticated models such as
the finite-dipole model were proposed where the tip is
approximated as a spheroid [22]. To date, several physi-
cally rigorous models are developed and better quantitative
descriptions have been achieved [23—25]. However, there
are still many constraints in these methods. For example,
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(a) Schematics of a typical broadband s-SNOM setup. BS, beam splitter; PM, parabolic mirror. (b) Schematics of the finite-

dipole model where the tip is approximated as an elongated spheroid of 1 um length and 30 nm apex radius. The tip oscillates at its
mechanical resonance frequency 2 with a 50 nm amplitude. (c), (d) Population distribution of all the training data in the & space.

the quasistatic approximation is usually adopted, and thus
the retardation effect is ignored to simplify the problem.
In reality, the length of the real AFM probe (tip shank)
is in the order of 10 um, often longer or comparable
to the incident wavelength in the IR frequency. Conse-
quently, the assumption that the incident wavelength is
much longer than the tip size is not always appropriate.
The cantilever, realistic cone angle, and multiple reflec-
tions between the tip and sample are also hard to include
in analytical models. Furthermore, materials commonly
exhibit anisotropy, which is still not carefully handled in
the existing models. Although these shortcomings can be
circumvented by using the full-wave numerical Maxwell-
equation solvers [26-30], the requirement for time and
computation power is often deemed impractical for many
researchers.

Machine learning (ML) is a form of artificial intelli-
gence that utilizes computer algorithms based on statistics
to extract hidden information from data. It has been one
of the fastest developing technologies in recent decades
owing to the rapidly advancing computer hardware. ML
has also found itself widely applicable in most scientific
disciplines, including physics [31-33]. More specifically,

it has been demonstrated that ML can be employed in
nanophotonics research. For example, feed-forward neu-
ral networks (FFNNs) have been utilized to predict the
response of metamaterials or nanostructures and inversely
engineer the desirable spectral features [34—37]. Compared
to conventional approaches, such as trial experiments
or numerical simulations using full-wave solvers, ML
often yields satisfactory accuracy and orders of magnitude
higher time efficiency. In this paper, we aim to demonstrate
that ML can be applied to accurately describe near-field
tip-sample interactions and its spectroscopic response. A
variety of the most well-known ML algorithms including
k nearest neighbor (KNN), random forest, decision tree,
polynomial regression, and FFNN are tested. Even though
most of them yield reasonably accurate predictions, we
find FFNN to be the superior method. Through a limited
amount of training data only, we show that the relation-
ship between the s-SNOM contrast and the sample optical
constant can be fully mapped. The fine detail of the AFM
tip is not a necessity of the training process, which signif-
icantly reduces the complexity of the problem. Given the
fact that currently there are many s-SNOM users and facil-
ities around the globe, we envision that the ML techniques
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can be helpful to progress the current research trend and
yield faster data-experiment turnaround time.

II. DATA ACQUISITION

In this pilot study, instead of using real experimental
data, we demonstrate the viability of the proposed ML
techniques using pseudodata generated from the finite-
dipole model [22]. The reason is twofold: firstly, with the
analytical model, the generation of the training data set
is exact and fast. Therefore, the ML prediction can be
easily verified by comparing it to the analytical calcula-
tions for quantitative accuracy check. This is critical for
evaluating the efficacy of the ML procedures; secondly,
the finite-dipole model has been shown in multiple stud-
ies to have reasonably good agreement with experimental
data [38—41]. Thus, it is a good representation of the tip-
sample interaction and can serve as comparative guidance
for future ML studies using real experimental data.

As schematically depicted in Fig. 1(b), in the finite-
dipole model the tip is approximated by a metallic elon-
gated spheroid. The tip-scattered field is captured by the
effective tip polarizability

Bfo
Escatt = aeHEinc X 51 — ,Bfl + 1, (1)

where B = (¢ — 1)/(e + 1) is the sample response func-
tion and & = & + is; is the sample dielectric function. f
and f; are geometric factors that depend on tip length,
apex radius, and tip-sample distance [22,42]. Assuming
a harmonic motion of the tip, the scattered field E..y as
a function of time demodulated at nth harmonics of tip
oscillation frequency 2

27/ Q o
Sy = { Egai(t)e™" "dt (2)

can be directly compared to the experimental data. For
the calculations throughout the paper, we use the follow-
ing fixed parameters: tip apex radius » = 30 nm, tip length
! =1 um, and tip oscillation amplitude 4 = 50 nm. These
are common choices of parameters in the literature that
yield comparable results to data acquired with commercial
AFM tips (e.g., NanoWorld Arrow™ NCPt).

Besides the analytical models, another necessary ingre-
dient for generating pseudodata is the dielectric functions
of sample materials, which are readily accessible from the
Handbook of Optical Constants of Solids [43]. Without
loss of generality, we select 12 common isotropic materials
as our samples. They include noble metals (gold and
platinum), semiconductors (Si, ZnSe, GaAs, and InAs),
and insulators (SiO,, CuO,, MgO, SrTiO;, CaF,, and
KBr). Gold is used as the reference material to normal-
ize the near-field spectra of other samples. For Si, we

include intrinsic Si and phosphorus-doped Si with car-
rier density 10! cm™3, 10'® cm~3, 10" ecm~3, 10%° cm 3,
and 10?! cm™3. The dielectric function of doped Si is
described by the Drude model with a carrier density-
dependent mobility, as demonstrated in previous studies
[44406].

The spectra are calculated with approximately 3 cm™!
resolution, which is experimentally practical. The popula-
tion distribution of the training data can be visualized by
the scattered plot of the & space as shown in Figs. 1(c)
and 1(d). In total, there are 13 849 data points. The dis-
tribution is generally sparse. The regime that we put the
most attention to is near the origin where both the real and
imaginary parts of & are relatively small (e.g., |¢| < 10?%)
since the near-field response shows significant variation
in this regime. It is well known that for highly metallic
or dielectric materials (e.g., |¢| > 10?), the s-SNOM con-
trast asymptotically approaches unity. This is evident by
examining the finite-dipole model as 8 approaches unity
for large |e| values. The dielectric functions and the cor-
responding near-field spectra calculated using the finite-
dipole model for different materials are displayed in Fig. 2.

One could immediately raise the concern that the
pseudodata we generate from the finite-dipole model is
noiseless, which is not a good representation of real exper-
imental data. To verify that ML algorithms can work well
with noisy data, we artificially add random noise to the
pseudodata to imitate realistic data (see Appendix A). In
the following sections, the dielectric functions and the
near-field spectra are used as the training data for our
regression ML algorithms. The goal is to accurately predict
one from the other without evoking the analytical model.
The result calculated directly from the analytical model is
used as a quantitative gauge for how accurate our trained
ML models are.

ITI. RESULTS AND DISCUSSIONS

A. k nearest neighbor

First we train with the pseudodata using a computation-
ally inexpensive ML algorithm—#&NN. kNN is a popular
and robust nonparametric ML algorithm that is easy to
implement for both classification and regression problems
[47,48]. In this algorithm, the predicted output value for a
given input depends on the £ nearest neighbors in the train-
ing data. Here we use distance-weighted kNN for £ = 15
on our training data. For our given training data, we find
that different searching algorithms such as Ball Tree, KD
Tree, and brute-force searching yield similar results and
time efficiency because the size of the data set is relatively
small.

Using the noiseless data from Fig. 2, prediction of S,,—¢
relation in the most relevant ¢ range (—100 < ¢; < 100,
0 < & < 100) is made and shown in Figs. 3(a) (real)
and 3(b) (imaginary) in double-log scale. The same ANN
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FIG. 2. IR and THz dielectric functions of sample materials obtained from Ref. [43] and the corresponding near-field spectra

calculated by the finite-dipole model. Gold is used as the reference for normalizing the spectra.

algorithm is implemented on the noisy data and results (not
shown) are practically identical because the averaging over
15 samples effectively suppresses the noise. Analytically
calculated real and imaginary parts of S, using Egs. (1)
and (2) are shown in Figs. 3(c) and 3(d), respectively,
as a comparison. The absolute difference, A, between the
kNN prediction and the analytical solution is plotted in
Figs. 3(e) and 3(f). It is evident that ANN can efficiently
grasp the overall feature of S,(¢). However, some fine
details can be overlooked due to the insufficient amount of
data and specific data distribution. For example, a strong
resonance near &, = —1 and &, = 0 can be seen in the
analytical solution but is weakened in the ANN predicted

result. In addition, the predicted result seems to suffer from
discontinuity in certain regions. This is a common artifact
in NN due to the specific training data distribution. This
artifact can be avoided when a larger and more evenly
distributed training data set is available. However, extra
cautions must be exercised when choosing the appropriate
searching algorithm in ANN on large training data set as
the searching can be time consuming for a large training
dataset.

Similar to kNN, popular ML algorithms like random for-
est, decision tree, support vector machine, andpolynomial
regression can, in principle, be applied to perform
regression tasks. We also explore these options (see
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(a), (b) Predicted real part and imaginary part of S, using kNN with &£ = 15. S, is encoded as the color map, whereas &,

and &, are the x and y axis, respectively. (c), (d) Analytically calculated real and imaginary part of S, respectively. (e), (f) Difference

between the prediction by ML and the analytical solution.

Appendix B) with our training data and conclude that,
given the current training data, the predictability of these
algorithms is not superior compared to ANN.

B. Fully connected feed-forward neural network

At present, one ML method that truly stands out is mul-
tilayer FFNN, which is also often referred to as multilayer
perceptrons. This method has been demonstrated to excel
in numerous situations from the medical industry to finance
and sciences due to its ability to fit complex functions
[49—51]. Next we demonstrate that FFNN is the superior
algorithm for our purpose.

The optimal FFNN architecture depends highly on the
specific problem and dataset. As a proof of concept, we
train our data using a FFNN with five hidden layers and
20 neurons per layer as schematically shown in Fig. 4(a).
The hyperbolic tangent sigmoid function is selected as the
activation function and the sum of squared residuals (SSR)
is used as the loss function. We find this FFNN to be
computationally inexpensive yet sufficiently complex to
fit our data. The training data are first normalized to 0 to
1 interval by linear transformation for faster convergence

and better accuracy. After the training, the prediction is
scaled back by the reverse linear transformation. The
Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm is
implemented to iteratively optimize the FFNN parameters
[52]. We find that BFGS exhibits superior performance
compared to more common algorithms, such as gradient-
descent methods when working with a relatively small
dataset such as ours. For larger training datasets, however,
BFGS might not be optimal and efficient thus more com-
monly used techniques such as various algorithms based
on gradient descent should be considered. As shown in
Fig. 4(b), in a typical learning process, after 2500 epochs,
SSR is reduced to 107 level. After the training, we use
the trained FFNN to predict the complex .S, for ¢ in the rel-
evant frequency range. The result is shown in Figs. 4(c)
and 4(d). Compared to the analytically calculated result
[using Egs. (1) and (2)] in Figs. 3(c) and 3(d), it is evident
that FFNN works exceedingly well. A for the prediction is
plotted in Figs. 4(e) and 4(f). We find that A &~ 0 except in
a small region where ultrastrong resonance occurs (—1 <
&1 < —5and g, < 0.5).

The same training procedure is carried out for the noisy
data set and the results are shown in Figs. 5(a) and 5(b)
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with A shown in Figs. 5(c) and 5(d). Compared to train-
ing results using noiseless data, A shows only a slight
increase in the noise level. Note that when working with
noisy data, extra care must be taken to avoid overfitting.
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Given the current noise level, overfitting is not a serious
concern. Although we incorporate a practically achievable
noise level in the training data, the real experimental
data can potentially contain a higher noise level due to
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imperfect optical alignment, light source instability, and
so on. In that case, active measures such as regulariza-
tion or dropout should be implemented to avoid potential

overfitting issues.

C. The inverse problem (S — ¢)

The inverse problem—calculating dielectric function
using experimentally measured near-field spectra—is non-
trivial. Previous attempts demonstrate reasonable results
in a number of cases [5-8,23,53,54]. However, several
fundamental issues remain unsolved. For example, there
is an inherent inaccuracy in model-based inversion. More
importantly, the near-field measurables are single-valued
functions of the sample dielectric function, but the reserve
is not always valid. Therefore, when attempting to extract
dielectric function from measurement, we often face a
multivalued problem. This can be easily seen from the
analytical calculation results in Figs. 3(c) and 3(d). When
le1| or |e;| approaches approximately 100, Re(S;) — 1
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-=== Nominal &,
10 - 'é'. o Predicted ¢, (noiseless) .9‘9 1
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and Im(S;) — 0. That is, as stated previously, when the
material is highly metallic or dielectric, the near-field
response “‘saturates” to 1. Under this circumstance, the
inversion is fundamentally i1l defined.

Fortunately, we are typically not interested in retrieving
the dielectric function of noble metals or high dielectric
materials as they do not have any other spectral signature at
infrared frequencies. Instead, we are interested in materials
that exhibit mild or strong resonances. Therefore, we can
focus our attention on S, # 1 by imposing a filter on the
training data where points with 0.9 < Re(S,) < 1.1 and
—0.1 < Im($,) < 0.1 and the corresponding ¢ are omitted
from the data set (note that the near-field signal S, can be
much larger or smaller than 1). We then train the FFNN
with the truncated data set. We perform the FFNN training
on both the noiseless data set and the noisy data set. The
same network architecture shown in Fig. 5(a) is used in the
inversion problem. Re(S;) and Im(S,) are used as inputs
and € or &, the output. After the training is finished, we
first use the network to predict the dielectric functions of
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FIG. 6. Nominal dielectric function, predicted dielectric function using noiseless training data, and predicted dielectric function
using noisy training data for (a) SiO,, (b) PMMA, (¢) KBr, and (d) MgO.

014001-7



CHEN, REN, and LIU

PHYS. REV. APPLIED 15, 014001 (2021)

4 —— Amplitude i
—— Phase 0.2

—— Amplitude
—— Phase

— Real 44
—— Imag

600 800 1000 1200 400 600

Wave number (cm™")

400

FIG. 7.

Wave number (cm™")

600 800 1000 1200
Wave number (cm™")

400

800 1000 1200

(a) Noiseless amplitude and phase spectra of SiO; in the pseudodataset. (b) Artificially generated random noise centered at

0 with a standard deviation of 0.025. (¢) Amplitude and phase spectra of SiO, with added random noise to mimic real data.

SiO,. The nominal value and the predicted values using
noiseless and noisy data are shown in Fig. 6(a). For mate-
rials with moderate resonance, the prediction accuracy is
excellent even with noisy data. The error, which is defined
as (predicted value - nominal value)nominal value, is
smaller than 5%. Next, we test a material that is not in
the training samples to verify the generality of the trained
network. For this purpose, we obtain the infrared dielectric
function of PMMA, which exhibits mild resonances in the
600 to 5000 cm~! range, from the literature [55]. Then S,
for PMMA is calculated using the finite-dipole model and
used as input for the trained FFNN. The predicted results
of the PMMA dielectric function are shown in Fig. 6(b).
The accuracy is similar to the SiO, case as expected. For
materials with larger |¢]| (e.g., stronger phonon resonances)
the inversion gives inaccurate results since we set the train-
ing data S, # 1 to avoid the multivalue issue. Indeed, the
prediction of ¢ in KBr and MgO starts to deviate from
the nominal values at certain spectral regimes as shown
in Figs. 6(c) and 6(d). This problem could potentially be
circumvented by imposing additional regulations such as
continuity of the dielectric function or Lorentz lineshapes,
which remains to be carefully tested. The same attention
to potential overfitting should be exercised here, similar to
the forward problem in the previous section. In addition,
we also explore the inverse problem using other algorithms
such as kNN (see Appendix C), but even for materials with
small or moderate ¢ values, the accuracy of the inversion
is poorer compared to FFNN. FFNN currently remains the
most accurate algorithm for both the forward and inverse
problem.

IV. CONCLUSION AND OUTLOOK

In our proof-of-principle demonstration here, many
effects are yet to be considered. These effects can be stud-
ied in the future with real experimental data. For example,
how biaxial or uniaxial anisotropy in the dielectric function
the near-field response is still understudied [56]. This can
be investigated by using the full dielectric tensor as input
and experimental data as output for the ML algorithms.

For simplicity, parameters like the tip geometry and
oscillation amplitude are fixed in our pseudodata genera-
tion procedure. In practice, these parameters are not needed
as long as the training data are measured with the same or
similar set of commercial AFM tips and oscillation ampli-
tude. If the training data are obtained from different facil-
ities under different conditions, these parameters can be
used as inputs for the training as well to account for the rel-
evant effects. Additionally, the ML algorithms can further
shed light on problems like optimizing the tip design for
enhanced near-field contrast, similar to the optimization
procedure in the case of metamaterial design [34-36].

Due to the quasistatic nature of the finite-dipole model,
incident wavelength does not explicitly affect the near-field
response. One reason why this approximation works well
is that only the tip apex plays the dominant role in the
near-field tip-sample interaction. However, the usefulness
of tip shank cannot be ignored when performing quantita-
tive analysis on the near-field signal. In the near- or mid-IR
frequency regime, the wavelength is comparable or even
shorter than the tip length, which challenges the validity of
quasistatic approximation. The analytical electrodynamic
model for realistic tip geometry has shown that retarda-
tion is indeed a prominent effect especially for longer tips
[23]. The wavelength-dependent near-field response can
be studied in ML by using the wavelength as an explicit
input. This might be especially relevant for THz s-SNOM
[57-59].

Besides spectroscopy, many ML concepts can be imple-
mented in s-SNOM imaging experiments as well. For
example, computer vision can be applied to analyzing
monochromatic s-SNOM images where a variety of spa-
tial patterns emerge [9,11,12,60,61]. One popular applica-
tion of s-SNOM is surface-polariton interferometry [10,14,
15,62—65], where surface-polariton propagation manifests
as interference fringes in the s-SNOM images. Polariton
characteristics and consequently materials properties can
be deduced from the fringes. This routine analysis is cur-
rently performed manually. Computer vision can learn
from past images and be applied to automatically identify
fringe
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patterns in future images at a much more efficient and
accurate level where quantities like the polariton wave-
length, decay length, and dispersion can be obtained.

In summary, we demonstrate through a limited amount
of pseudodata generated from the finite-dipole model that
simple ML regression algorithms such as FFNN can be
successfully applied to gain good predictability in the near-
field analysis. Given a larger training data set with a variety
of materials, the outcome is expected to be significantly
improved even further. This is experimentally practical
because in research labs and user facilities a large amount
of data is constantly generated from a variety of samples.
More sophisticated ML algorithms can be implemented
when the dimension of the problem is increased to include

various nontrivial effects. For example, the lateral size and
thicknesses of the sample, length scale of the electronic,
and phononic inhomogeneity can also be considered in
the future learning process once a sufficient amount of
experimental data are available.
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APPENDIX A: INCLUSION OF RANDOM NOISE

Random noise is generated with a Gaussian distribution
centered at 0. The standard deviation is set to 0.025, which
is comparable to the real experimental noise level in a well-
aligned broadband s-SNOM system [17,19]. The typical
data before the noise added is shown in Fig. 7(a). Typi-
cal random noise is shown in Fig. 7(b). The noisy data is
shown in Fig. 7(c).

APPENDIX B: RANDOM FOREST, DECISION
TREE, SUPPORT VECTOR MACHINE, AND
OTHERS

Algorithms including random forest, decision tree, sup-
port vector machine, as well as kNN can be easily imple-
mented using the open-source ML libraries such as the
scikit-learn library for Python. We also explore these
options with our training data and conclude that, given the
current training data, the predictability of these algorithms
is not superior compared to kNN and FFNN. Instead, arti-
facts are more likely to appear. For example, the predicted
results using the random forest and decision tree methods
on both the noiseless training data and noisy training data
are shown in Fig. 8. Compared to simple decision tree, ran-
dom forest mitigates the errors due to bias and variance by
considering a collection of decision trees. Therefore, the
result is slightly more accurate and less noisy. The pres-
ence of noise in the training data does not significantly
affect the results. However, due to the lack of data in the
region where ) < —10 and &, < 1, both the random for-
est and decision tree predict the signal to be much larger
than unity.

We also explore other algorithms such as polynomial
regression. However, no quantitatively accurate results are
obtained even when a high polynomial order is used. This
is due to the vast contrast between the fasting varying
nature of S, as a function of ¢ near the origin and its
slowly varying asymptotic behavior for large |¢|. Globally
smooth functions such as polynomials are not suitable for
approximating S,.

APPENDIX C: THE INVERSE PROBLEM USING
KNN

Similar to the FFNN case, algorithms such as kNN can
be easily adapted to solve the reverse problem. However,
the accuracy is found to be significantly worse compared
to FFNN. For example, we test the inverse problem using
kNN on the easiest target—PMMA, whose dielectric func-
tion is small. The procedure is similar to that of using
FFNN and the result is shown in Fig. 9. Even with noise-
less training data, the consistency is relatively poor with
>10% error in some frequency ranges. Therefore, we con-
clude that given the current training data, kNN is not
recommended for the reverse problem and FFNN remains
the most accurate.
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