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Abstract—This article investigates the feasibility of using a
dual-cantilever atomic force microscope for imaging the electrical
properties of a sample below the surface. Principles from macro-
scale electrical resistive tomography are adapted to utilize mea-
surements from a dual-probe atomic force microscope. A deep-
learning method is employed to perform the inversion process
and construct the tomography. Simulation results demonstrate
that electrical resistive tomography is possible at the nanometre
scale but improvements to the inversion algorithms are needed
before moving to experimental applications.

Index Terms—Electrical Resistive Tomography, Atomic Force
Microscopy, Subsurface

I. INTRODUCTION

Atomic force microscopy (AFM) is a powerful and ver-
satile tool for imaging and surface characterization at the
nanoscale [1]. While conventional AFM excels in capturing
fine details of surface topography in applications such as
materials science [2], biology [3], and nanotechnology [4],
understanding subsurface structures is essential for investigat-
ing buried defects, layered material interactions, and biological
architectures.

Electrical AFM methods generates contrast based on various
intrinsic material properties, such as electrical or mechanical
characteristics, which can offer insights into both chemical
composition and physical structure at the nanoscale [5].

A notable example of an electrical AFM technique is Kelvin
probe force microscopy (KPFM) [6], which measures local
work function variations by detecting changes in capacitance
between the probe and sample. While KPFM is particularly
useful for studying surface potential, it is significantly influ-
enced by surface conditions, such as contaminants or surface
roughness, which can obscure or distort material contrast [7].

Other emerging methods, like scanning near-field ultra-
sound holography (SNFUH) [8], extend the reach of SPM by
capturing mechanical interactions between the probe tip and
sample, potentially offering insights into material elasticity and
other mechanical properties. However, these techniques face
challenges in interpreting contrast, as the exact contrast mech-
anisms and their sensitivity to different material properties are
not yet fully understood [5], [9].

A. Contributions

This article investigates the feasibility of electrical resis-
tance tomography (ERT) at the nanometre scale for subsurface
imaging using a dual-probe AFM. The proposed method, re-
ferred to as nano-ERT, aims to reconstruct a three-dimensional
image of the sample, where the contrast is resistivity. To im-
prove the numerical efficiency of the inversion process, a deep
learning technique is proposed. Deep learning offers a power-
ful means to solve inverse problems [10] by learning mappings
directly from data, making it well-suited to reconstruct the
underlying resistive tomography. Occam’s inversion [11] for
ERT can be computationally expensive and time-intensive,
especially for complex materials and geometries. In contrast,
once trained, a deep learning model can rapidly generate
reconstructions, enabling near-real-time imaging capabilities
for AFM-based subsurface imaging. This efficiency is ben-
eficial for applications requiring high-throughput analysis or
where rapid feedback is crucial, such as defect inspection in
semiconductor manufacturing or in-situ analysis of biological
samples. Subsequently Occam’s inversion, refines this initial
estimate by learning to correct errors or enhance resolution in
areas where deep learning may falter.

II. NANO ERT

This section introduces the concept of nanoscale electrical
tomography and describes the forward model and associated
limitations.

A. Measurement Setup

As illustrated in Figure 1, two AFM probes are positioned
above the surface of the sample, with their exact locations
described by Cartesian position vectors r+, r−. These probes
are electrically connected to a test fixture designed to measure
resistance. See Figure 1. By adjusting the positions of r+
and r− along the sample surface, spatially-resolved electrical
characteristics can be measured. This allows for the mapping
of resistivity as a function of position across the sample.
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Fig. 1: Dual-probe AFM setup with probes electrically con-
nected to a precision current source and voltmeter, enabling
the mapping of subsurface resistivity as discrete voxels within
a Cartesian coordinate system

B. Forward Problem Formulation

ERT measures voltages over a surface from a series of input
currents. The voltage (V ) and currents (I) are related by the
Poisson equation [12]

−∇ · (∇V )
1

I
= (δ(r− r+)− δ(r− r−)) · ρ(r) (1)

where r+ and r− refer to the probe locations and δ refers to
the point source of the probes. Measurements can be viewed as
a pseudo-resistance (VI ), which is a function of the resistivity
ρ(r). The resistance function may also be interpreted as a
conductivity function

ρ(r) =
1

σ(r)
(2)

C. Inverse Formulation

To formulate an inverse problem, the voltage measurements
are mapped to a data vector d and the resistivity of a material
is mapped to a model vector m. The data vector d is related
to the model m through the forward operator F , that is

d = F (m) (3)

If provided with the data vector d and forward operator F , the
solution for m is not unique [10]. There is no direct inverse
operator and the task instead is to optimise a model (mest) to
match observed data (dobs). The misfit function to minimize
is

ϕd(m) =
1

2
||Wd(F (m)− dobs)||2 (4)

where Wd is a weighting matrix that adjusts the importance
of different measurements, based on the uncertainty of the

measurements. As the problem is not unique, the inversion
may be improved by a regularisation term, that is

ϕm(m) =
1

2
||Wm(m−mref )||2 (5)

where Wm is a weighting matrix similar to Wd, but instead
based on uncertainty in the model. Regularization terms can
quantify prior information known about the model.

With the inclusion of regularization, the objective function
is

min
m∈Rn

ϕ(m) = ϕd(m) + βϕm(m) (6)

where β is a weighting term beteewn the residual and reg-
ularization term. In cases where additional information or
constraints are known, the objective function can be extended
to include other terms

min
m∈Rn

ϕ(m) = ϕd(m) +
∑

βiϕmi(m) (7)

where β is a trade off term between regularization functions.
Examples of these regularization functions include smoothness
and smallness. At the macro scale, the inversion problem is
solved using a iterative least squares method with a Gauss-
Newton solver [13]. Other non-iterative methods such as
the Truncated Singular Value Decomposition [14], [15] have
been used with the trade-off of spatial resolution and robust-
ness [16].

Deep learning methods have emerged as transformative
tools in various fields, including inversion of electrical resistive
tomography data [10]. Deep learning methods aim to increase
accuracy [17] and reduce computation time [10] compared to
traditional inversion methods. One common approach in deep
learning based inversion is to train an approximate generic
inverse of the forward function. This inverse function F̃−1,
can then be used to estimate the model directly from data,
that is

m = F̃−1(d) (8)

Another way deep learning can be integrated into inversion
is by training a regularization function R [18]. An inversion
method can either be modelled as an approximate inverse
(F̃−1) or as a regularization function (R), i.e.

ϕmi
(m) = R(m) (9)

D. Limitations

Typical applications of Electrical Resistivity Tomography
(ERT) are in large-scale geophysical surveys, where the tech-
nique is used to investigate subsurface structures by measuring
the distribution of electrical resistivity across an area. Common
challenges in ERT applications include limitations in electrode
lead length, the labour-intensive process of setting up and
conducting surveys, and potential interference from external
electrical sources [19], which can affect the accuracy of
measurements. A significant advantage in geophysical ERT
surveys is the ability to use multiple (2, 3 or 4) electrodes,
and the flexibility to use a variety of electrode array con-
figurations [20] e.g., gradient, dipole-dipole, Schlumberger,
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Wenner arrays. These configurations reduce the effect of
contact resistance and may improve the signal to noise ratio.
In contrast, dual-probe Atomic Force Microscopy offers fewer
measurement options. One key limitation is the uncertainty
in contact resistance between the probe and sample surface,
which is generally unknown. For the purpose of this study,
the contact resistance is assumed to be small compared to the
sample resistivity.

E. Dual Probe AFM Requirements

Getting information about the subsurface is reliant on the
electrical measurements on the surface and topography of
the surface, which can be determined using standard AFM
imaging modes. A prototype survey grid is created, consisting
of evenly spaced points set at a fixed height above the sample
surface. Once established, this grid is draped over the actual
topography of the sample. The application of ERT in AFM
requires two electrodes that can be positioned independently.
This approach contrasts with other electrical tomographic tech-
niques in industrial [21] or medical [22] applications, where
electrode locations are fixed and multiplexed. This requirement
also excludes the use of single AFM probe arrays [23], as the
distance between the electrodes would be fixed.

III. EXISTING NUMERICAL METHODS

This section describes existing ERT numerical methods and
their evolution.

A. Forward Model Simulation

The forward model in Eq. 1 can be solved numerically
using finite element solvers, such as COMSOL [24] or AN-
SYS [25]. However, specialized tools for large-scale ERT
are also available, including SimPEG [26]. SimPEG was
chosen for simulation due to its versatility in addressing ERT
problems and the built-in ‘Occam’s Inversion’ solver.

B. Occam’s Inversion

Occam’s inversion [27] is a generic algorithm for solving
inverse problems, including ERT inversion. Occam’s inversion
iteratively minimises an objective function to solve an ERT
problem. Other non-iterative solvers such as truncated singular
value decomposition [16] have also been used however, these
generally result in a lower spatial resolution.

IV. HYBRID INVERSION METHOD

This section introduces an inversion method and compares
efficacy to other methods.

A. Learnt Inversion

Learnt inversion methods cover the growing field of deep
learning methods used to invert electrical tomography data
including neural networks [28], convolutional neural net-
works [29] and UNets [30]. These methods provide greater
contrast and stability when compared to Occam’s inversion. A
disadvantage of learnt inversion methods is the unpredictable
results that may occur if the measured data is not within the
training set. Furthermore, learnt inversion methods have fixed

input and output vector sizes. If the model mesh, survey or
underlining equations change, the inverse solver will need to
be retrained.

B. Hybrid Learnt Inversion

The proposed inversion method is a hybrid approach that
combines elements of traditional inversion methods with deep
learning techniques to enhance accuracy and adaptability. The
approach begins by applying the initial ERT measurements to
an approximate inverse network, which is a neural network
trained to estimate the resistivity distribution. This estimate
is then evaluated against an objective function, which scores
the quality of the inversion based on predefined criteria,
such as the accuracy representing the resistivity distribution.
Once the approximate inverse network provides an initial
estimate, the model transitions into a traditional iterative
inversion process. Here, the inversion is refined iteratively,
incorporating adjustments based on discrepancies between the
model and measured data. This iterative process continues
until the inversion reaches a predetermined level of accuracy
or a maximum number of iterations. The hybrid method
seen in Figure 3 is particularly advantageous in handling
complex subsurface features where resistivity patterns deviate
from previously observed models. By leveraging the deep
learning method’s capacity to generalize from diverse data
and traditional inversion’s rigorous refinement, this approach
is expected to be more adaptable to unpredictable or novel
resistivity structures.

V. SIMULATION RESULTS

A collection of subsurface scenarios were created to test the
limits of the subsurface imaging techniques. A 1 µm3 sample
was prepared with a buried cube. The electrode locations
were fixed at 8 nm intervals along the surface of the sample
as shown in Figure 2. A series of parameters were altered
including

1) Feature Depth
2) Feature Size
3) Resistivity Ratios
4) Measurement Noise
The simulation results can be evaluated qualitatively using

recovered images, such as those in Figure 4 or quantitatively
using the objective function. The recovered image may experi-
ence more artifacts, but provides information on the size, shape
and location of objects. The objective function only provides
insight on how reproducible the resistance measurements are
from a particular model. The comparison between noise, depth
and feature size to objective function can be found in Fig-
ures: 5, 6, 7 respectively. The objective function is improved
by approximately 1.5 times if the background resistivity is
smaller then the feature resistivity.

VI. CONCLUSION

In this study, electrical resistivity tomography is investigated
for subsurface imaging using a dual-probe atomic force micro-
scope. The proposed hybrid inversion method was observed to
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Fig. 3: Hybrid inversion block diagram with the input measure-
ments d and recovered model mi. The initial estimate is from
the deep learning predictor and further estimates are calculated
recursively

successfully image a 30nm cube to a depth of approximately
100nm in the presence of up to 5% measurement noise.
These results show sufficient promise to warrant experimental
validation. Future work will involve refining the reconstruction
algorithm, dealing with contact resistance, and constructing the
dual-probe AFM instrument.
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