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Abstract—Scanning microwave microscopy (SMM) uses near-
field microwave radiation for non-destructive subsurface material
characterization of both structural and electrical properties on the
nanoscale. However, its widespread adoption is hindered by
complicated post-measurement data processing, which involves
solving the inverse problem by trial-and-error fitting of measured
scattering  parameters to 3D finite-element-simulated
electromagnetic responses based on assumed material properties.
Furthermore, existing calibration techniques often fail to account
for the wear of the delicate and sensitive SMM probe. To overcome
these challenges, this work introduces a substrate-referenced
deep-learning algorithm with sufficient artificial intelligence to
automatically solve the problem in real time. By decoupling
dynamic probe geometry from static substrate parasitics, a
machine-learning regressor chain precisely infers from a single
approach curve error coefficients with a root-mean-square error
to the fourth decimal place (0.0086 in the present case). This
approach has been validated on 2D SnSe flakes of different
thickness on different substates. This shows that for the first time,
real-time quantitative SMM imaging of material properties
without the operator being an expert in computational
electromagnetics.
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I. INTRODUCTION

With the fast growth of nanotechnology and two-
dimensional (2D) atomic-layered materials, it has been
challenging to use conventional material characterization
techniques to determine their structural or electrical properties.
To overcome the challenges, scanning microwave microscopy
(SMM) has emerged as a critical tool bridging the gap between
microwave engineering and nanotechnology. By combining the
structural sensitivity of atomic force microscopy (AFM) with
the electrical sensitivity of a vector network analyzer (VNA),
SMM offers unparalleled capabilities for non-destructive
subsurface characterization of nanomaterials, including
semiconductors, dielectrics, and biological cells [1]-[11].
However, despite its great potential, the widespread adoption of
SMM is stifled by complicated post-measurement data
processing.

Conventionally, an SMM image is made of the magnitude
or phase of the microwave reflection coefficient Si1, which is a
convolution of material properties, setup parasitics, and probe
geometry. Solving such a complicated inverse problem

involves trial-and-error assumptions of sample structure and
property and fitting their 3D-finite-element-simulated
electromagnetic responses to the measured S;;. This requires
substantial computational expertise, power, and time. This also
makes it impossible to visualize in real time intrinsic material
properties, preventing the operator from homing in on regions
of interest such as defect regions.

To overcome these challenges, this work presents a
substrate-referenced = machine-learning  calibration  that
automatically solves the inverse problem of SMM. We propose
a split calibration that decouples the calibration into two distinct
components: static substrate parasitics and dynamic probe
geometry. The former can be inferred by the characteristics of
the probe as it approaches the substrate without a sample; the
latter can be inferred in real-time by machine learning involving
training with experimental data augmented by physics-
informed domain randomization. This divide-and-conquer
approach allows the SMM to image intrinsic material properties
in real time, thereby transforming SMM into an accessible,
high-throughput metrology tool.

II. METHOD

A. SnSe Sample

2D SnSe flakes are synthesized using low-pressure physical
vapor deposition [12]. The synthesis begins by placing SnSe
powder precursor in a crucible at the center of a tube furnace.
A freshly exfoliated mica substrate, annealed at 400 °C in air
for 10 min, is positioned 10-cm downstream from the precursor.
The furnace is then evacuated to 10 mTorr and heated to 420 °C
for a deposition of approximately 40 min. After deposition, the
furnace is quickly cooled to room temperature. The synthesized
SnSe flakes are up to 23-um wide and 2—175 nm thick. Finally,
using polymethyl methacrylate, SnSe flakes are transferred
from mica to doped-Si substrates with and without a surface
coating of 300-nm-thick SiO.. The region between the flakes
where the Si substrate is exposed can be used for SMM
calibration.

B. SMM Setup

Fig. 1. illustrates the SMM/AFM setup. It is based on a
Keysight Technologies 7500 AFM equipped with an N9545C
SMM nose cone [9]. 25 nm Mountain 25Pt300A platinum
probe, featuring a spring constant of 18 N/m and a tip radius of



Fig. 1.  Schematics of the AFM-based SMM.

25 nm, serves as the dual-function AFM/SMM probe. This
probe is affixed to a platinum cantilever 300-um long, 60-um
wide, and 2-um thick. The cantilever is connected to a Keysight
Technologies E8062B vector network analyzer (VNA) via
coaxial cables. For impedance matching around 3 GHz and its
harmonics, the cables are shunted with a 50 Q resistor.

For SMM, the VNA generates a 0-dBm signal at resonance
frequency in the GHz range, which incidents from the probe to
the sample. This power level is selected to provide an adequate
signal-to-noise ratio (SNR) while minimizing sample
destruction. Within the 18-GHz bandwidth, 15.7 GHz is chosen
to maximize image contrast because the higher the frequency,
the higher the sensitivity to small capacitances [2]. The VNA
detects Si; reflected from the sample following its near-field
interaction with the probe. The intermediate frequency
bandwidth of the VNA is set to 500 Hz, balancing SNR and
scan rate. Under these conditions, a maximum 15 ym X 15 ym
area can be scanned at a resolution of 256 x 256 pixels in
approximately 4 min, corresponding to a scan rate of 200
pixels/s. During the same scan, SMM and AFM signals are
simultaneously detected and recorded.

C. Manual Calibration

Conventionally, Si1 measured by SMM is converted to the
probe-sample interaction admittance Y by one-port in situ
calibration [1], [4]. The calibration is based on measuring Si| as
the probe approaches the exposed substrate between SnSe
flakes, while measuring the probe-sample capacitance C using
the AFM in the mode of electrostatic force microscopy. By
acquiring both S11(z) and C(z) as functions of the probe-sample
distance z, the error coefficients ego, €01, and e are extracted as
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The probe geometry, such as the radius of the probe tip and
the cone angle/height of the probe body are extracted by fitting
C(z) curves with simulated probe characteristics [1]. After Si:
is converted to Y, it is used to extract the sheet resistance Ry, of
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Fig.2. Flowcharts of (a) manual vs. (b) automated SMM
calibrations.

SnSe flakes using a simple equivalent circuit model validated
by numerical simulations [9]. To this end, three-dimensional
finite-element electromagnetic simulations are performed using
the COMSOL AC/DC module.

D. Automated Calibration

As illustrated in Fig. 2(a), conventional calibration uses
three error coefficients that are highly dependent on the probe
geometry, which changes with use. To address this effect and
to shorten the overall calibration time and complexity, we
propose a split calibration [Fig. 2(b)] that decouples static setup
parasitics from dynamic probe geometry.

The first step of split calibration is to determine the static
error coefficients ( el8%¢,ebs¢,ePds¢ ) associated with the
specific substrate material (e.g., SiO,/Si). These coefficients
account for all static signal-path contributions, including cable
losses, connector losses, and cantilever capacitance, which
static constant for a specific substrate. These baseline error
coefficients are extracted from the approach curve to the
exposed substrate between SnSe flakes. Then, follow the same
procedure as in conventional calibration, the measured C(z)
curve is fitted to the theoretical approach curve derived from
COMSOL simulations to obtain the static error coefficients.
This process is repeated for many approach curves taken at
different locations and frequencies from different batches to
account for substrate inhomogeneity. Finally, we compute the
root-mean-square (RMS) average values to define a robustly
define set of static error coefficients.

To account for changes in the probe geometry, we define a
dynamic set of error coefficients which transforms the static
error coefficients by the probe geometry:
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Fig. 3.
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(left) Manually vs. (right) automatically calibrated sheet-resistance images by SMM at 15.7 GHz of SnSe flakes of four different

substrates on two different substrates: (a) 2.4 nm on SiO2/Si, (b) 2.2 nm on SiO2/Si, (¢) 7.27nm on Si, and (d) 51nm on Si.

Therefore, (1) changes to:
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Thus, the machine model learns and predicts
[Ge?  Gi? GIP] to accelerate the calibration with prior

confirmed static error coefficients, making real-time material
property imaging possible.

E. Probe Geometry Prediction

SMM calibration requires precise prediction of error
coefficients. After trials and errors, we found that the error
coefficients in (5) must be accurate to at least the 4™ decimal
place. Otherwise, even minor deviations can propagate
nonlinearly, leading to gross errors in admittance extraction.
Traditional lightweight models such as Random Forest or
Multi-Layer Perceptrons struggle to solve the complicated
inverse problem.

Therefore, we use Tabular Prior-Data Fitted Network
(TabPFN) pre-trained transformer-based model for tabular
dataset prediction via in-context learning [13]. To handle the
multi-output regression task, we implement a regressor chain
architecture [14]. To emphasize the dependency among targets,
we employ Gaussian Quantile Transformation [15], ensuring
targets are predicted sequentially in a fixed chain order.

III. RESULTS

To evaluate the proposed machine-learning automated
calibration, we performed quantitative SMM imaging of Rs, on
SnSe flakes of different thicknesses on both Si and SiO,/Si
substrates. Fig. 3 compares Ry, images obtained by manual

Sll,a (5)

calibration and by machine-learning automated calibration. The
results demonstrate the latter's ability to consistently infer probe
geometry on different substrates. Furthermore, automated
calibration reveals more detailed features that are absent in
manually calibrated images. This highlights the power of
machine learning. While the extreme values and relative trends
are consistent between the two calibration methods, there exists
an order-of-magnitude systematic difference. This difference
can be attributed to the limited size of the training datasets,
which can be mitigated by expanding the training dataset with
more diverse experimental ground-truth samples.

IV. CONCLUSION

This work introduces a TabPFN-based regressor-chain
machine-learning automated calibration, which enables real-
time material property imaging in SMM by decoupling static
setup parasitic from dynamic probe geometry. This novel
calibration approach can transform SMM from a niche research
apparatus into a robust, high-throughput metrology tool. This
approach can lower the entry barrier of SMM for users not
experts in computational electromagnetics. Future development
will focus on increasing precision by expanding the training
dataset and by creating a comprehensive universal real-time
imaging algorithm for the material characterization community
in general.
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