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Abstract

Scanning Tunneling Microscopy (STM) is a highly effective technique for imaging
the surfaces of conductive or semiconductive materials with a resolution down to single
atoms, but it remains limited by its reliance on labor-intensive expert interpretation and
susceptibility to artifacts introduced by tip condition, scanning parameters, and hardware-

related distortions. These factors hinder its speed and scalability.

In this work, I present a simulation framework for generating synthetic STM images
grounded in physical modelling. The system calculates electronic structure using the tight-
binding method, models realistic tip geometries, and simulates distortions arising from
PID control loop and piezoelectric actuator behaviour. This allows for the generation of
large labelled datasets that reflect the real-world complexity of STM imaging, providing

a foundation for training machine learning models.

Using these synthetic datasets, I trained a deep learning model for defect localiza-

tion in tungsten diselenide, comparing its performance against a model trained without
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physical distortions. Qualitative evaluation on real STM measurements reveals superior
generalization when using the full simulation, demonstrating the potential of high-fidelity

simulations to advance automated STM image analysis.

Keywords: Scanning Tunneling Microscopy (STM), Synthetic STM Imaging, Deep

Learning, 2D Materials, Tungsten Diselenide, Transition-metal dichalcogenides
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Chapter 1 Background

1.1 Related Work

In recent years, there has been a surge of interest in leveraging machine learning
for applications in Scanning Tunneling Microscopy (STM). These include denoising [2],
measurement workflow automation [3], localizing atomic-scale defects [4], autonomous
tip conditioning [5, 6], nematic electronic order identification [ 7], and nanoparticle detec-

tion [£].

Most of these approaches rely on manually annotated STM measurements [3—6].
However, collecting and labeling such datasets is time-consuming, and often needs to
be repeated for each material or microscope configuration, limiting scalability and gener-

alizability.

To overcome these challenges, several works have proposed generating synthetic data
through simulation [2,7,9,10]. These simulations are based on a range of physical models,
including methods such as density functional theory (DFT) [11], heuristic convolution
models [9], and tight-binding approaches [2, 7]. Among these, the tight-binding method
stands out for its fast speed and reasonable accuracy, making it particularly attractive to

use for generating large-scale synthetic datasets.
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Despite their advantages, many simulation-based approaches assume idealized con-
ditions, such as constant-height mode, single-atom tip apices with constant local density of
states (LDOS), and minimal Gaussian-like distortions. These assumptions often overlook
distortions introduced by Proportional-Integral-Derivative (PID) control loops, piezoelec-

tric actuators and tip geometry, which can significantly affect STM measurements.

This work aims to address these limitations by presenting a more comprehensive sim-
ulation framework. In addition to generating STM images using tight-binding electronic
structure, it incorporates a realistic model of the tip apex, accounts for various scanning

distortions and enables dataset generation at scale for machine learning tasks.
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1.2 Scanning Tunneling Microscopy (STM)

STM is based on the phenomena of quantum tunneling that allows electrons to pass

through a potential barrier.

This effect is used to generate a current through a vacuum gap from a sample to an

atomically sharp tip while scanning the surface.

Unlike classical physics, in quantum physics, the electron behaves like a wave. And

its behavior in a potential is governed by the Schrodinger’s equation:

ST )+ U)(e) = Bol2) (1.0

2m dz?

For regions where U > E the solution is equal to

¢(z2) = p(0)e™, K= Y—r—" (1.2)

Where the sign corresponds to the direction of movement. The wave function is always
decaying exponentially through the barrier, in order to satisfy the square integrability prin-
ciple (see Figure 1.1). [12]
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Barrier U

Energy Eparticle

Re(o)

Incident wave Transmitted wave

Figure 1.1: Illustration of an exponential decay through a potential barrier.

As we would expect the tunneling current to be proportional to the square of the
wavefunction, we can say that it must decay exponentially with respect to distance with a

decay constant «:

I(z) o< e 2" (1.3)

where z is the distance between the tip and the sample and typical value for  is 11.4nm ™",

Now that we understand how the tunneling current depends on the tip-sample dis-
tance, another key aspect to consider is its dependence on the electronic structure of both

the sample and the tip.

Under certain assumptions [ | 3], the Tersoff-Hamann model simplifies the tunneling

current into:

eV
I(pr, ps) / pr(Er — eV + €)ps(Er + €)de (1.4)
0
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where pr, ps are the local densities of states (LDOS) of the tip and the sample respectively,

Er 1s the fermi level and V' is the applied voltage between the tip and the sample.

This relation shows how the tunneling current depends on the overlap between the

tip and sample density of states (DOS) within the applied bias window, as illustrated in

Figure 1.2.
A Energy
Sample Tip
EF,sample
AN 'T'u'nhéﬁﬁg """"""
EFtip
LDQS LQOS

Figure 1.2: Illustration of the quantum tunneling dependence on DOS.

1.2.1 Feedback Control (PID)

The most common operation of STM is the constant current mode. In this mode, the
tip height is continually adjusted to keep the tunnelling current at a constant value. This
results in a more consistent imaging and prevents the tip from crashing into the sample

surface.

To maintain a steady current, a feedback control system is required—typically a
Proportional-Integral-Derivative (PID) controller is used. This controller calculates the

5 doi:10.6342/NTU202501885
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deviation of the measured current from its target value, then adjusts the tip position based

on the following three terms [14]:

* The proportional term responds to the immediate deviation.

* The integral term smooths out noise by accounting for the accumulated deviation

values over time.

* The derivative term anticipates future deviations by responding to their rate of

change.

de(t)
dt

Az(t) =K, e(t) + K, - /t e(r)dr + Ky - (1.5)

where e(t) is the error or deviation between the target current and the measured current.
This error can either be linear: e(t) = Iiuet — I(t), however, the most common way is to

subtract logarithms of the currents to adjust for the exponential dependency on distance

e(t) = log (Larger) — log (I(t)).

In order to avoid amplification of noise, K, is often set to zero. Simplifying the

system to a PI controller. [14]

1.2.2 Piezoelectric Actuators

In order to perform the PID control, a sub-nanometer positioning system is required.
This is typically achieved using piezoelectric actuators, which exploit the inverse piezo-

electric effect—a phenomenon where an applied voltage induces a physical displacement.

Piezoelectric materials are crystalline solids with uniformly aligned unit cells. When
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http://dx.doi.org/10.6342/NTU202501885

subjected to mechanical strain, their internal ionic displacements generate electric dipoles,
resulting in a measurable voltage—an effect known as the piezoelectric effect (see Fig-

ure 1.3).

b
@ (b)

Figure 1.3: Illustration of the piezoelectric effect. (a) Unstrained crystal, charges cancel
out. (b) Strained crystal, generating a polarization.

These materials also exhibit the inverse piezoelectric effect, where applied voltage

results in a strain [15]:

Sij = diji ok 4 SijpTh (1.6)

Where S is the strain tensor, s is compliance, T is stress and d is the piezoelectric tensor

which denotes the strength of the piezoelectric effect.

For typical piezoelectric plates used in actuators under no external stress, the strain

simplifies to a form that implies the applied voltage and displacement relation to be linear:

y(t) < V(1) (1.7)

where y(t) is the displacement at time ¢ and V' () is the applied voltage at time t.
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Hysteresis However, the linear relationship 1.7 holds only approximately. The piezo-
electric tensor d depends on the net polarization of the material, which-can change in a
path-dependent manner as the internal domains reorient in response to varying electric

fields. This hysteretic behavior introduces nonlinearities, as illustrated in Figure 1.4.

4

(b)

(a)

Figure 1.4: Illustration of the domain orientation on the applied electric field. (a) Electric
displacement field change (D = ¢y E + P). (b) Domain reorientation.

This path-dependent behavior gives rise to hysteresis—a non-linear relationship be-
tween the applied voltage and resulting displacement, contrary to the idealized linear de-

pendence described in Equation 1.7 [16].

Several models exist to capture this hysteresis behavior, one of which is the Bouc—
Wen model [ | 7], which describes the displacement as a function of both the input voltage

and an internal hysteresis state governed by an ordinary differential equation:

8 doi:10.6342/NTU202501885
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y(t) = aV/(t) + BH(1) L
(1) = AV(t) = B|V(6)| H(t) - V(1) |H (1)

where H (t) is the internal hysteresis state and a, 3, A, B, C are parameters of the hystere-

sis.

This model has been successfully applied to piezoelectric actuators exhibiting hys-
teresis [ 1 8]. Due to its simplicity and the relatively small number of parameters it requires,

I have adopted the model for this work.

Piezoelectric Creep Another source of distortion from ideal behavior is piezoelectric
creep. This phenomenon occurs when the applied voltage changes too quickly, and the
resulting displacement does not respond instantaneously. Instead, it gradually approaches

the new target logarithmically over time [19]:

(6, V) = o {1 + (V) log (ti)} (1.9)

0

In STM imaging, creep manifests as a logarithmic drift of the probe tip during scan-

ning, causing each scan line to be shifted (see Figure 1.5).
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A

scanning trajectory "
1p

Figure 1.5: Creep effect in the fast scanning axis. (a) Scanning trajectory of the STM tip.
(b) Resulting image.

Thermal Drift Another distortion affecting the tip’s movement is thermal drift. This
distortion does not come just from the piezoelectric actuator itself, but rather from other
components of STM that expand or shrink as a response to a change in temperature. This

affect is usually linear with time [20]:

y(t) = yo + at (1.10)

where « is the speed of the drift.

A

scanning trajectory "
1p

(a)

(b)

Figure 1.6: Illustration of the thermal drift effect in the fast scanning axis. (a) Scanning
trajectory of the STM tip. (b) Resulting image.
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Closed loop control To mitigate these effects, closed-loop control is often employed
in piezoelectric actuator systems. In this approach, external sensors measure the actual
displacement, and a control system corrects the applied voltage in real time to match the

desired position [21].

However, implementing closed-loop control in STM is challenging due to the ex-
treme precision required—often below one angstrom. Current sensor technologies do not
provide the sensitivity needed at this scale, which makes open-loop control the default in

most STM systems despite its susceptibility to hysteresis, creep and drift [22].
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1.3 Electronic Structure

1.3.1 Tight-Binding Method

The tight-binding (TB) approximation is a method for modeling the electronic struc-
ture of solids. It assumes that electrons are tightly bound to their corresponding atomic
sites. By constructing a basis of localized orbitals and considering electron hopping be-
tween them, the tight-binding model provides a physically intuitive and computationally

efficient framework. [23]

In its simplest form, the tight-binding Hamiltonian is expressed as [24]:
ﬁ:ZEiCZcri—Ztijczcj, (111)
i i#]
where ¢; denotes the on-site energy of an electron localized on the orbital site ¢, ¢;; is the

hopping integral between orbital sites 7 and j, clT are fermionic creation operators and c;

are annihilation operators.

The hopping integral ¢;; represents the energy associated with an electron moving

between two atomic orbitals, determined by their wavefunction overlap:

by = (Gl Hl)) = / o (1), (r) d, (1.12)

where ¢; and ¢, are atomic-like orbitals centered on sites 7 and j, respectively. The on-site

energy is then &; = (¢;| H|¢;).

The Hamiltonian can now be conveniently discretized into a matrix using the chosen
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basis of localized orbitals:

/

Ei, le :j,

Hij = tij, ifi # j and sites 4, j are connected, (1.13)

0, otherwise.
\

This leads to a sparse Hermitian matrix H, where each row and column corresponds to a

basis orbital.

Solving the time independent Schrodinger equation,

Hpn) = B, lihn), (1.14)

reduces to a matrix eigenvalue problem:

where 1), is the discretized wavefunction represented as a vector of amplitudes on the
atomic orbitals, and F),, is the corresponding energy eigenvalue. This problem can be
solved using standard linear algebra techniques, such as direct diagonalization or sparse

eigensolvers, depending on the system size.

Construction of a Tight-Binding model To construct tight-binding models, one re-
quires knowledge of the geometric structure of the material and, critically, the values of
the hopping integrals ¢;;. These parameters are often obtained from ab initio calculations
through a process known as Wannierization, which projects the delocalized Bloch states
onto a localized orbital basis. [23]
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Alternatively, the Slater-Koster method provides a framework for computing hop-
ping integrals based on tabulated parameters that account for orbital symmetries and intet-
atomic directions. These parameters can themselves be derived from ab initio calculations

or empirically fitted to experimental data. [25]

1.3.2 Local Density of States (LDOS)

The local density of states (LDOS) quantifies the distribution of available electronic

states at a given energy and location. The LDOS at a site ¢ can then be described as:

pi(E) =Y |{ilvn) P 6(E — Ey), (1.16)

where 1), 1s the n-th eigenstate of the Hamiltonian, with energy F,,.

Numerically, we can evaluate this by approximating the dirac delta function using

the Lorentzian function:

1 n
§(E—E,) ~ T E BT (1.17)

where 7 is a fitted broadening parameter.
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1.4 Deep Learning

In this work, I use the supervised learning paradigm, where a set of input-output pairs
is provided (i.e., a labeled dataset) and a model is built with the goal of predicting output

values of previously unseen inputs.

1.4.1 Loss functions

To assess a model’s performance on a given dataset, we use a loss function that mea-
sures how the model’s predictions deviate from the correct values. The loss is averaged

across all samples in the dataset to obtain a single performance metric.

For regression problems, where the task is to predict real numbers, a commonly uti-

lized loss function is the mean squared error (MSE):

N
A 1 .
MSE(Y,Y) = NZ(% —y)? (1.18)
1=0

where Y = {yi}fvzo are the correct output values and Y = {gji}f\io are the predicted output

values.

However, MSE can yield excessively large gradients in the presence of outliers, po-
tentially causing instability during training. To address this, the smooth L1 loss is com-
monly employed [26]:

0.5- (5 —wi)* if[g —wil <1
smooth L,(7,y) = (1.19)

(9; — y;) — 0.5, otherwise
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1.4.2 Model assessment

A deep learning model consists of a sequence of layers, where each layer receives
inputs from the previous layer and passes processed outputs to the next. The computations
within each layer depend on a set of parameters. The process of adjusting these parameters
to minimize the loss function on a dataset is called training. The model’s ability to precisely
fit a large amount of samples is known as its capacity, and it depends on factors such as the
number of layers, the number of parameters in those layers, and any constraints applied

during training.

To evaluate how much does the model generalize to previously unseen data, the
dataset is typically split into training and validation sets. The training set is used to update
the model parameters, while the validation set guides decisions about the model’s capacity
and training strategy. A separate test set is often reserved for final evaluation, ensuring an

unbiased estimate of the model’s real-world performance.

If a model performs well on a training set but poorly on the test set, it is said to overfit.
If it fails to perform well even on the training set, it is called underfitting. See Figure 1.7.
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Figure 1.7: Illustration of underfitting (a), appropriate capacity (b) and overfitting (c).

1.4.3 Training

Minibatch Stochastic Gradient Descent (SGD) A common approach of minimizing

functions is the gradient descent, where we iteratively use the gradient of the function to
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update its parameters in the direction of the largest descent.

1 N
Wil < W, —aVy, (N Z; L(f(wi; wy), yi)> (1.20)

where L is the loss function, f is the model, and w are its parameters. The dataset consists
of input-output pairs {(x;, yi)}ij\io and « is the size of the step, also called as the learning

rate.

However, computing the gradient of a loss function with respect to the whole dataset
1s computationally expensive, especially for large datasets. At the same time, introducing
some randomness to our parameter updates helps to prevent the model from getting stuck
in local minimums. Both of these drawbacks are addressed by the minibatch stochastic
gradient descent (SGD) algorithm, where we approximate the gradient only by accounting

for a random subset of samples from the dataset [27]:

N
Vy (%ZL(f(xaw%%)) ~ > VL(f(xiwa), u:) (1.21)
i=1

|BatCh| 1€Batch
where the set Batch C (0,. .., V) defines a random subset of the dataset.

The smaller the batch, the more random the updates are.

Adam optimizer In some scenarios, such as steep gradients and saddle regions, stan-
dard SGD may converge slowly or be unstable. To address this issue, modifications for
SGD were developed, these modifications often incorporate scaling of gradients and ac-
counting for gradient momentums (decaying weighted average of a certain number of past
minibatch gradients).
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The most widely used optimization algorithm today is the Adaptive Momentum Es-
timation (Adam optimizer) [28] that utilizes the following moments and scaling in each

update iteration:

m1:O ’U1:O

My <~ 61 -m,, + (1 - 51) “8n mn—i—l — 1?;%-1%1 (1 22)

Vi1 < Bo -V + (1= o) - 2 Yni1 13[;;1

lﬁn«i»l

Ww. — W, —« .
n+1 n n+1 S te

where g, is the loss gradient of the batch for the n-th iteration, th,,, ¢,, are the unbiased
estimates of the first and second gradient moment, {Oéi}?io is a sequence of learning rates,
usually constant or decaying, (1, 52 € [0, 1) are the decaying rates of gradient moments,

e > 0 is a small constant to prevent divison by zero.

1.4.4 Types of layers

Feed forward layer Feed forward layer is based on a statistical method called linear

regression, where we try to fit data using a linear function:

Y = XW+1,B (1.23)

where Y € RP*™ are the output values of dimension p corresponding to n samples,
X € R™™ are input values of dimension m and W € R™? B € R'*P are trainable

parameters.

Stacking multiple feedforward layers without any nonlinear modifications would be

equivalent to a single linear transformation, because a composition of linear functions is
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still linear. To model nonlinear relationships and increase the network’ s capacity, we apply
nonlinear functions known as activation functions. A common example is the Rectified

Linear Unit (ReLU):

y, ify >0
ReLU(y) = (1.24)

0, otherwise

Convolutional layer Feed forward networks usually do not perform well on dimen-

sional data, such as images. For these scenarios, convolutional layers are usually used.

A two-dimensional convolution of a tensor X € R/*/*C where I x J is its resolution

and C' its number of channels, with stride equal to one would be equal to:

(K * X)i,j,o = Z Xier,jJrn,cKm,n,c,o (125)

m,n,c
where K € RM*NxCx0 g the kernel we convolve the input with, values inside this kernel
are the trainable parameters of the convolutional layer.

For an illustration, see Figure 1.8.

The number of pixels we move in each step of the convolution operation is called
stride.
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Figure 1.8: Illustration of a convolution with a stride of one pixel.

Transposed convolutional layer As illustrated, convolutional layers will produce an
output with the same or smaller resolution than its input. However, sometimes we might
want to upscale the output compared to the input. In these cases, we will use the transposed
convolutional layer that is analogous to the convolutional layer, but its stride has an inverse
effect by adding padding around input pixels, see Figure 1.9.
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Figure 1.9: Illustration of a transposed convolution with a stride of two pixels.

An example application of the transposed convolutional layer is the decoder branch
of the U-Net architecture, first introduced in [29]. It was developed for the task of image
segmentation, where the model predicts, for each pixel, whether it belongs to a particular
object. U-Net employs an encoder-decoder structure: a pre-trained Convolutional Neural
Network (CNN) is used as the encoder to capture features through progressive downsam-
pling, while the decoder generates spatial predictions with progressive upsampling. The
model also features connections between the corresponding encoder and decoder layers

to preserve spatial information (see Figure 1.10).
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Figure 1.10: Illustration of the U-Net architecture.

Batch normalization Batch normalization layers are used to stabilize gradients by nor-

malizing and rescaling inputs to another layer [30]:

Ty — UB

ok +e

where 0%, 11 are the variance and mean calculated for the current batch. +y, 3 are learnable

BN(z;) = 7 +4 (1.26)

scaling parameters.

If the network switches to an inference mode, then 0%, up are replaced by their run-

ning estimates computed during the training.

Residual connection and ResNet People observed that stacking many convolutional

layers in a network results in a suboptimal training as shown in the Figure 1.11.

The reason for this is that increasing the amount of convolutional layers increases

the roughness of the loss function [3 | ], making the model stuck in local minimums during

23 doi:10.6342/NTU202501885


http://dx.doi.org/10.6342/NTU202501885

optimization.

To prevent this behavior we can add residual connections to our model, where we

add the input values to the output values of a layer or a sequence of layers [ ]:

Output = CNN(z) + = (1.27)

where C NN (z) is a transformation by a sequence of convolutional layers and x is the

input.

Applying residual connections after each block of two or three convolutional layers
greatly smooths the loss function [3 1] and empirically leads to better training results with

increasing depth; see Figure 1.11.

60

error (%)
=

plain-18| | —ResNet-18]
| =plain-34 —ResNet-34 34-layer
i = i L = 1 1 i
‘[]U 10 20 30 40 50 2::'U 10 20 30 40 50
iter. (led) iter. (1ed)

Figure 1.11: Comparison of training errors for models of different depths. The left figure
shows that, without residual connections, error increases with depth. In contrast, the right
figure shows that models containing residual connections achieve lower training error with
greater depth. Taken from [1] © 2016 IEEE.

The paper [ 1] was the first to introduce an architecture based on convolutional layers

with residual connections, referred to as ResNet.
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1.5 Numerical Analysis

Many of the equations encountered in this work are too complex to solve analytically.
Numerical methods are utilized to overcome this problem, such as Newton’s method for

root-finding problems and Runge-Kutta method for ordinary differential equations (ODE).

1.5.1 Root finding problem - Newton’s method

Consider a non-linear equation:

f(z)=0 where f : R >R,z € R (1.28)

To numerically solve this equation, we iteratively generate a sequence of approxi-
mations {z, } intended to approach the root x. Assuming f € C*([z,Z,]), then we can

rewrite the equation using the Taylor expansion with Lagrange remainder:

360 € [o 8] 1(@) = S(@n) + P @)@ —0) + 5 @) =87 (1.29)

Based on this relation, Newton’s method makes an approximation of f as a linear
function with a slope equal to its derivative and updates the guess accordingly (for illus-

tration see Figure 1.12):

0=f(z) = f(dn) + f'(@n)(x — &)
- (1.30)
= | Tpt1 = Tp — ;/((ZZ))
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]

Figure 1.12: Illustration of the Newton’s method. Iterations x, x1, z2 approach the root
Tt.

Using the formula 1.29, we can derive the error of the updated estimate (e,.1 =

* — Z,41) should be equal to:

(e 2 (1.31)

€n+1 - 2f’(fin)

This shows that under appropriate conditions Newton’s method is at least quadrati-

cally convergent. These conditions are [32]:

f € C*(I), where I is an open interval around the root =
Fi@) #0 (132

T sufficiently close to x

1.5.2 Solving ordinary differential equations (ODE)

Here, we aim to find mesh points {(¢;,t;)}Y, (where t; = a + ih and §; ~ y(t;))

close to the solution (y(t¢)) of an ODE:
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dy

o =1y, h<t<iv,  ylh)=a (1.33)

where y : [t1,tn] — R, ais the boundary value and [¢;, ] is the interval of interest.

Euler’s method We assume that y € C?([t1,ty]), so that we can apply the Taylor ex-

pansion:

O NED

3G € [a,b] : y(tin) = y(ta) + (tipa — )y () +
Euler’s method assumes that the Lagrange remainder is close to zero, which then

simplifies the formula 1.34 into:

(t7;+1 - ti>2 " ~ ~
——y"(&) =0 = Y(tiv1) = y(ts) + hf(ts,y(t:)) (1.35)

Based on this, we can iteratively construct the mesh point values starting from the

boundary value:

hh=ylt) =«
(1.36)

Jir1 = Ui + hf(ti, 0i)
Local truncation error refers to the error made in a single step of a method. For

Euler’s method this error equal to the Lagrange remainder (as shown in the equation 1.34):

27 doi:10.6342/NTU202501885


http://dx.doi.org/10.6342/NTU202501885

+1 T i2 " h? "
o= Ut ey = ey oo (1.37)

Since the error is proportional to the square of the step size, we say that Euler’s

method has a local truncation error of order 2.

Classical Runge Kutta method The Runge-Kutta method improves upon Euler’s method
by estimating the slope over an internal between subsequent ¢; as a weighted average of

slopes within the interval:

o = y(to) =
ky = hf(ti, 9:)
ky = hf (t:i+ 5, 5i + 5k1) (138)
ks = hf (ti+ 5,9 + k)
k= Dhf (tisr, 9 + Ka)

Uivr = Ui + 5 (k1 + ko + ks + ky)

This method has a local truncation error of the order of 5. [32]
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Chapter 2 Simulation

In this chapter, we simulate an STM image by first computing the tunneling current
based on the Local Densities of States (LDOS) of the sample and the tip. From this we
generate the ideal image in the constant current mode using a numerical method. Finally,

a distorted image is created by simulating piezoelectric actuator and PID controller.

2.1 Input

The primary inputs to the simulation are:

* The lattice structure of the sample.

* The local density of states (LDOS) of the tip atoms.

Tip Structure The tip structure must be generated externally, and its LDOS provided
via .npy files located in the tip_ldos directory. Each .npy file should contain a list of
arrays, where each array has four elements: the first three specify the spatial coordinates
of a tip atom, and the fourth gives its LDOS value at the relevant energy level. The middle
value is expected to correspond to the Fermi level and the range and resolution must be

consistent between both the tip and the sample.
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Sample Surface The functionget_lattice_definitioninthescriptSim_Params.py
must be implemented to define the sample’s geometry and hopping terms. Based on this
input, the PyBinding [33] package constructs the system’s Hamiltonian and.computes the

LDOS for the 2D defective surface.

Sample Defects Vacancies are simulated by directly removing atoms from the system,

while neglecting structural relaxation effects.

Dopants are modeled within the tight-binding framework as additional on-site po-
tential energies at the dopant locations. This approximation offers a fast way to capture
their electronic influence without requiring computationally expensive structural modifi-

cations.

As input, the user specifies the expected density of vacancies and dopants (per square

nanometer), as well as the range of potential energy values for dopants.

These parameters can be interactively adjusted through a graphical user interface to

match the characteristics of real experimental samples.

2.2  Tunneling Current Calculation

The tunneling current can be calculated using the formulas 1.3 1.4.

To use it in the simulation we can rewrite it in a discrete form, summing over the

contributions of each pair of sample and tip atoms:
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eV

pEm(V) =) pi(Er — eV + €)p;(Er +¢)

e=0

Dig(w,y,2) =\ (21— (@5 + 0)2 + (5 — (s +9)2 + (s = (5 +2))° @D

I(l‘, Y, =z, V) ~ Z Z e 2r(Dij (x:yvz)*ED)sz';m(V>

i€sample jEtip

where (z, y, 2) denotes the position of the tip relative to the sample. The positions (2, i, 2i),cqample

refer to the atomic coordinates of the sample, while (x;,y;, 2;) , are those of the tip

JEt

atoms. The term p;;™

represents the integrated product of the local densities of states
(LDOS) of sample atom ¢ and tip atom j over the energy window defined by the applied
bias V. The factor e=2*Pi describes the exponential decay of the tunneling probability

with the interatomic distance D;;, where « is the decay constant related to the work func-

iJ

tion and €, is a constant for improving stability.

Stability Constant ¢, As we are only interested in the relative distribution of current,
rather than exact absolute values and because the exponential term becomes numerically
unstable for very large or very small exponents, we introduce a constant shift to the expo-

nent to improve numerical stability.

This constant, denoted as e¢p, should be chosen to match the minimum value of
D;;(x,y, z) across all relevant 4, j, =, y, and z. This ensures that the computation main-

tains high precision at positions where the tip and sample are closest.

Constant Height Mode The constant-height mode can be directly computed using Equa-
tion 2.1. In this mode, the tip height is fixed at 2 = 2,21, and the scan is performed parallel
to the surface. Each pixel p,,,, corresponds to a tip position (z,y) = (Zinitial + MA, Yinitial +
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nh), where h is the pixel step size.

Prn = 1 (@initial + M, Yinitial + PR, Zinitial, Viias) (2.2)

2.3 Constant Current Mode

While some previous works, such as [2], have focused exclusively on simulating the
constant-height mode, the constant-current mode is the most commonly used in experi-

mental STM due to its ability to compensate for surface topography variations.

In this section, we focus on simulating the constant-current mode in two stages: first,
under idealized conditions using a numerical solver; and then with the inclusion of realistic

distortions caused by the PID controller and piezoelectric actuator behavior.

2.3.1 Numerical solution

Current Derivative To compute the surface in constant-current mode, we first examine

the derivative of the tunneling current with respect to the tip height z:

d](flf y,Z V Z] +Z> —2k(Dyj(z,y,2)—€p) , ,sum
Fp s 33 (g e )

i€sample jEtip
(2.3)

here, we added a very small constant e &~ 10~'° to ensure stability when D;; — 0
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Logarithmic Smoothing We would expect the logarithm of the tunneling current to

behave more linearly, at least for large 2. Let us examine its derivative too:

dlog (I(z,y,2,V) +er) 1 dI(z,y,2,V) (2.4)
dz  I(z,y,2,V) + e dz '

here, we added another stability constant ¢; to improve stability when I (z,y, 2, V') — 0.

Convergence of the Newton’s Method Since the logarithm of the tunneling current is
expected to vary approximately linearly with height, Newton’s method is a suitable choice,

as it assumes local linearity for convergence.

Now we examine the function log (I (z,y, z, V') + ¢) for conditions 1.32 of the quadratic

convergence of the Newton’s Method:

. feC?

Since I(z,y, 2, V') — [0, 00), we can see that in this form the functionlog (I (x, y, 2, V') + ¢;) €
C? as its derivative is continuous and continuously differentiable for the whole range

of I.

. J1 A0
The derivative in Equation 2.4 equals zero only when all atoms of the tip lie in
a single plane that coincides with the sample’s mirror plane. In some cases, this

configuration may cause instability due to excessively large gradients. To address

this, derivative clipping can be introduced as a workaround.

* Sufficiently close initial guess
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If we choose the target current values as

Itarget = medianmn (I(xinitial + mh7 Yinitial + nh7 Zinitial %ias)) (25)

then we should expect this initial guess ziia to be close to its target values (z,,) :

vm; n I(xinitial + mh, Yinitial T nh7 Zmn) = [target

We see that we have mostly fulfilled all the conditions for the Newton Method to
converge at least quadratically. We will use it to calculate the ideal case of constant current

mode image (see Algorithm 1).

Algorithm 1 Newton’s Method for Height Estimation

Require: €,¢; >0 > Stability constants
Require: 7 >0 > Clipping constant
Require: zj. € R o> Initial z-position
Require: grid,, grid, € R™" > x,y scan axis positions
Require: M € N > Maximum number of iterations

1: I; < median(calculate_current(Ziial, grid,, gridy)) > Formula 2.1

, T
20 Z < Zinitial - 1,1,

3: foriter =1to M do

4: LI’ <- calculate_current_and_derivative(z, grid,, grid,) >Formula2.3
5: Ljipped < min (max (I', —=7) ,7) + ¢ > Derivative clipping
I
6: Z— 7+ ,+ o (log(I; + €7) — log(I +€r)) > Formula 1.30
clipped

7: end for

In practice, I observed that Algorithm 1 becomes unstable when the initial height
satisfies Ziita < 1A. This instability is likely due to a breakdown in the local linearity
assumption, as contributions from lateral distances x and y begin to dominate the expo-
nential term.
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2.3.2 Distortions

Now, we will move to simulate the characteristic distortions affecting'STM images.

Lateral Scanning Distortions In this section, we model slow, accumulative effects in
the lateral (XY) scanning process, including thermal drift, creep, and random positional
offsets. These distortions cause the actual physical scanning positions to deviate from the

intended target positions used for pixel assignment (see Figure 2.1).

As described in the Background chapter, drift introduces a linear positional deviation
over time, while creep introduces a logarithmic one due to the viscoelastic response of the
piezoelectric material. These effects, along with normally distributed positional noise, are

incorporated in Algorithm 2.

Algorithm 2 Distorted Scanning Grid Generation

Require: R € R > Image resolution
Require: caif, f, Carifi,s € R > Drift parameters
Require: Cereep, £, Coreep,ss Vf, Vs € R > Creep parameters
Require: o2 7 o2 eR > Random offset parameters
Require: h € R > Scanning step size
1: drift; < caiey - (%) drift, < Cins - (}%)io > R™E Formula 1.10
2: random; ~ N'(0,0%7)"%  random, ~ N(0,02)"*" > RIXF
3: creep; < Cereep,f * ( ( (1 — %)))ZO > R™F Formula 1.9
4: creep, < Cereep.s < ( (1 — —)))io > R™E Formula 1.9
5: grid; < (h : (R)i()) 1%, + 15 (drift; 4 creep; + randomy) > REXE
6: grid, < 1 (h (é) + drift, + creep, + rand0m8> > REXE
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(b) Positive drift on the slow (c) Negative drift on the slow
(a) Original axis axis

(d) Positive drift on the fast (e) Positive creep on the slow (f) Negative creep on the
axis axis slow axis

(g) Negative creep on the fast (h) Random offsets on the (i) Random offsets on the
axis fast axis slow axis

Figure 2.1: Types of lateral scanning distortions.

Vertical Hysteresis Distortion In constant current mode STM, the pixel values repre-
sent the tip height. However, this height is measured indirectly by recording the voltage

applied to the piezoelectric actuator.

The rapid movement of the STM tip in the z-axis is affected by hysteresis. Due to
this effect, the relationship between applied voltage and resulting displacement is nonlin-
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ear and history-dependent. As a result, even when the tip physically returns'to a previous
z-position, the voltage required may differ. This mismatch leads to observable artifacts:
contrast variation between scan lines (see Figure 2.2) and trailing effects after rapid move-

ments, such as after encountering a vacancy (see Figure 2.3).

The Algorithm 3 simulates actuator movement under the Bouc-Wen model using the

classical Runge-Kutta method.

The unit of displacement provided to this algorithm should be scaled in such a way
that 1V change in voltage will approximately correspond to a unit diplacement of 1. How-

ever, this scaling factor depends on specific values of A, 3, and .

To address this, I run a calibration loop after setting the hysteresis parameters, where
the actuator moves between voltages of 0.5V and —0.5V" and the resulting displacement
range is measured. This range is then used to scale the target displacement in the PID

Control loop.
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Algorithm 3 Piezoelectric Actuator Movement with Bouc-Wen Model

Require: Azx € R > Desired displacement

> Units chosen such that a 1V change yields 1 displacement unit

Require: 7' e R > Duration of the movement
Require: N € N > Number of time steps
Require: A, 3,7 € [0, 1] > Actuator parameters
Require: vy, zg € R > Initial voltage and hysteresis state
I: tg+ 0
2: function VOLTAGE(t) > Voltage change linear with time
V0, ift <0
3: return
vy + % -t, otherwise
4: end function
5: function Dz DT(?, 2) > 2 calculation
6 P Voltage(t+h/2);Voltage(t—h/2)
7: return A- 0 — (- |0]-z—v-0- |z > Formula 1.8
8: end function
9: fori =0to N — 1do > Formula 1.38
0 ki < h-dz_dt(t;, z) ko < h-dz_dt(t; + 4,2 + &)
ke h dz_dt(t; + 2,2+ %2) ky« h-dz_dt(t; + h,z + ks)
11: Ziy1 < 2+ é(kl + 2ko + 2ks + k)
12: tiy1 < t;+h
13: Vi1 < voltage(t;iq)
14: end for
15 x + vy — 2N > Resulting position
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(b) (c) (d (e)
Figure 2.2: Hysteresis effect on a non-defective lattice. Hysteresis parameters § =
0.6, = 0.6 are common. (a) No hysteresis: A = 0, (b) Moderate hysteresis: A = 0.4,
(c) Strong hysteresis: A = 0.7, (d) Very strong hysteresis: A = 0.9. (e) Very strong
hysteresis, sample rotated by 30°.
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Displacement (arbitrary units)
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Figure 2.3: Effect of hysteresis on a defective lattice. (a) No hysteresis. (b) With hystere-
sis, showing characteristic trailing artifacts.
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2.3.3 PID Control loop

Here, we simulate the behavior of a Proportional-Derivative (PD) controller.

The integral term K} is omitted, as [ have observed it to lead to the same characteristic

distortions as the proportional term.

We begin by computing the ideal height values zi4., for constant current mode using

Newton’s method (Algorithm 1). We also compute the corresponding tunneling current

!
chm?

values in constant height mode I, their derivatives I and set the target current [,

based on the same median heuristic as before (Algorithm 1).

To set the proportional gain K p, we scale the input parameter kp by the median ratio

of Ichm / I

ro.
chm*

IC m
Kp = kp - median (I’h )

chm

This ensures that kp = 1 should be close to the ideal value as it corresponds to a gain
roughly matching the behavior of Newton’s method, which is known to converge well

(see Section 2.3.1).

The PID loop is then performed. At each step, the error between the current and target
tunneling currents is used to compute a correction in height, which is then modified by the
actuator model to simulate hysteresis (Algorithm 3, scaling factors are omitted to keep the
formulation concise). To simulate a tilt between the scanning plane and the sample, the
sample atoms are slightly rotated using a matrix R,,.. Additionally, measurement noise is
simulated by the addition of Gaussian noise to the tunneling current.
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Algorithm 4 PID Control

Require: kp € R > Proportional term
Require: Kp e R > Differential term
Require: zj, € R > Initial 2 position
Require: R, € R3*3 > Rotation matrix to simulate sample tilt
1. grid;, grid, < get_distorted_grids() > Algorithm 2
2! Zigeal, Lehm, Lyypys [t <— newton_method(Ziniga, grid > grid,) > Algorithm 1

!
chm

I
3: Kp + kp - median ( °hm> > k, = 1 — PID control analogous to Newton’s method

4: de «+ 0p

5 (Itemp>o — (Ichm)o

’” ”

6: (Zﬁna1)07; — (Zideal)m
7: (V)o,; — actuator_initialize((Zﬁnal)oy:)

8 fori=0,1,...,R-1do

9: e < log(;) — log ((Itelnp)i7:>

10: Az <+ Kp-e+ Kp -de

11: (V)iy1: s (Zinal); ;. < actuator_move(Az) > Algorithm 3
12: (Itemp)iﬂ,: <+ calculate_current ((Zﬁnal)i_"_L: , (gridf)H_L: , (grids)iﬂ’: ,Rrot>

> Formula 2.1

13: (Ttemp) ;41 . < (Xiemp);, , . + Noise, where noise ~ N(0, 02)* %
14 de < log <(Itemp)i+17:> — log ((Itemp)L:)
15: end for

2.4 Summary and parameter selection

While the simulation has been optimized to minimize the number of user-defined

parameters, it still involves over 30 adjustable values.

Once the electronic structures of the sample and tip are set, a graphical user interface
(GUI) can be used to explore how different parameter configurations affect the resulting
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simulated image (see Figure 2.4).

The user can assign fixed values to the parameters or define them as uniformly dis-

tributed within specified bounds.

Parameter file

Render
default_params
P
Constant values
Save Parameters Load Parameters Sample Mode: Tip Atoms Tip Atoms" effect distribution
i e -
General parameters ’ e -
Backend » . '.- :
5 . o w
cpU v 1o f .
E_oi_sign c . . o )
- R s =
N . 33 ST
% % & W
val
E_oi_value 0.500000 -+
Constant height mode Constant current mode o Ground Truth
val
Sample_Size 2.000000 -t
val
Initial_Z 0.220000 - %
val
Kappa 10.000000 -+
|
wal . v
Sample_Rotation -
ple_| 0.300000 * PID sim; Actuator voltages
val L |
Sample_Tilt 0.000000 - %

Fast_Axis_Dimension

¥ ~

Displacement (arbitrary units)

Fast_Scanning_Direction

Voltage (arbitrary units)

L ,,.?.:ii' "

Figure 2.4: Graphical User Interface for parameter selection.

The selected parameters can then be saved and used to generate a training dataset for

a machine learning task of interest.
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Chapter 3 Application

The primary intended use of the developed simulation framework is to generate train-
ing data for machine learning models. However, a critical question is how well a model
trained exclusively on synthetic dataset will be able to generalize to real experimental

measurements.

In this section, I address this question by training defect localization models on two

different datasets of simulated tungsten diselenide (WSe,) images:

* The first dataset consists of ideal constant-current mode images computed using
Newton’s method (Algorithm 1), with only lateral distortions (Algorithm 2) and

Gaussian noise applied.

» The second dataset includes images generated using the full PID control loop simu-
lation (Algorithm 4) developed in this work, incorporating additional realistic scan-

ning distortions.

By comparing model predictions on real STM images, I assess whether incorporating
PID control effects into the simulation framework improves the generalization ability of

the model.
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3.1 Tight binding models

The main inputs to the simulation are the tight-binding models of tungsten to simulate

the tip and tungsten diselenide to simulate the sample.

3.1.1 Sample model

Tungsten Diselenide lattice Tungsten Diselenide (WSe;) has a hexagonal lattice with

a lattice constant ¢ = 0.332nm. The primitive cell of monolayer WSe, contains three

atoms positioned at:

Iget = G- (07 07 O)

Ige2 = G - (07 07 _1)

The lattice vectors of the monolayer unit cell are given by:

a,=a-(1, 0, 0)

1 1
32:&-<§7 m, 0)

44
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(a) (b)
Figure 3.1: WSe, lattice. (a) Top-down view. (b) Side view.

Hopping parameters To construct the tight-binding model, I used results from [34],
which showed that the dominant contributions to the hopping integrals arise from inter-
actions between orbitals of matching parity—specifically, between the odd d orbitals of
tungsten and the odd p orbitals of selenide, and between the even d orbitals of tungsten

and the even p orbitals of selenide.

They calculated the exact values of these hopping parameters using density functional

theory simulation. I used these values to construct the tight-binding hamiltonian.

From this Hamiltonian we can construct the time-independent Schrodinger equa-
tion 1.15 and solve it. The local density of states (LDOS) at site ¢ and energy E is then

computed using the formulas 1.16 and 1.17.

Validation of the model To validate the constructed tight-binding model, I compare the

simulated local density of states (LDOS) with those reported in the literature.

We see that the calculated densities of states (Figure 3.2) closely match previously
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published results [35] [36] [37].

= = =
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o
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e
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E—Ef(eV)

Figure 3.2: Simulated density of states for tungsten and selenide atoms in monolayer
WSeg.

3.1.2 Tip model

Tungsten lattice Tungsten has a body-centered cubic lattice with a lattice constant a =

0.3615 nm. Its primitive cell contains a single atom and the lattice vectors are:

a; =a-(—0.5, 0.5, 0.5)
a,=a- (0.5, —0.5, 0.5) 3.3)
a3 =a- (0.5, 0.5, —0.5)
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Figure 3.3: Tungsten lattice.

Slater-Koster method Single-element systems such as bulk tungsten can be modelled
using the Slater-Koster method. This approach uses sets of parameters to represent the

strength and angular dependence of overlaps between orbitals of neighbouring atoms. [25]

For tungsten, these sets of parameters can be found in [38] and hopping integrals can

then be calculated using standard formulas implemented in a python package PySKTB

[59].

After constructing the tight-binding Hamiltonian, the Fermi level was adjusted to

reach a consistent behaviour.

Validation of the tungsten tight binding model To validate this model, I computed the
DOS for an atom inside a 3 x 3 x 3nm? tungsten bulk. The result is then compared with

reference distributions reported in the literature.

As shown in Figure 3.4, the simulated DOS vaguely resembles the expected features

reported in [40] [41] [38].
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Figure 3.4: Simulated density of states for a tungsten atom in bulk.

3.1.3 Single-orbital approximations

Accurate multi-orbital tight-binding models, as described earlier, are computationally
intensive, with complexity increasing quadratically with the number of orbitals. While
these models capture the energy-dependent distribution of local densities of states (LDOS)
more precisely, I have observed that simplified single-orbital models still reproduce the
spatial distribution of LDOS with reasonable fidelity, producing STM-like images that

visually resemble those from full multi-orbital simulations (see Figure 3.5).

To enable the generation of larger datasets within practical time frames, I therefore

adopted single-orbital approximations for both tungsten and tungsten diselenide (WSe,).

For tungsten, I used hopping energies of 2.5eV for first-nearest neighbours and 2.0eV
for second-nearest neighbours. For tungsten diselenide, a first-nearest neighbour hopping

energy of 1.19eV was applied.
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(a) (b)

(© (d)

Figure 3.5: Comparison of simulations using different tungsten diselenide models. Initial
z position is 0.5nm and lateral dimensions are 2 x 2nm. (a) Single-orbital model with
a tungsten vacancy. (b) Multi-orbital model with a tungsten vacancy. (c) Single-orbital
model with a (top) selenide vacancy. (d) Multi-orbital model with a (top) selenide vacancy.

3.1.4 Tip geometry

In this section, I develop models for the tip’s geometry. Although these models are
inherently simplified and not realistic, they generate diverse LDOS distributions that serve

as noise, when calculating the tunneling current.

(111) Tip geometry simulation The most widely used tungsten tip for STM has an apex

oriented along the (111) direction.

To approximate this geometry, I modeled a 4 x 4 x 4 nm? rotated cubic structure and
treated its corner as the tip apex (see Figure 3.6).
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Figure 3.6: Model of the (111) tip. (a) z x z side view. (b) y X z side view.

x (nm)
(a)

To incorporate realistic distortions, I introduced defect variations by progressively

dulling the apex—removing atoms layer by layer up to four layers deep (see Figure 3.7).

For each layer, I considered all possible combinations of atomic vacancies within that

layer. This resulted in a total of:

1 variation for the pristine (undeformed) tip,

* 7 variations for the second layer (3 variations with single-atom apices),

* 1 variation for the third layer,

* 63 variations for the fourth layer (6 variations with single-atom apices).
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Figure 3.7: Atom positions in the 4 layers modelling the tip’s apex.

Since the contributions to the tunneling current decrease by an order of magnitude
with an increase in distance of ~ 0.1nm, I do not consider other layers along the (111)

direction, except for the one closest to the sample.

(001) Tip geometry simulation In order to have more variation, I decided to also sim-

ulate a (001) tip, although it is less commonly used in practice.

The geometry is simulated as a 6 x 6 x 3nm?® cone (see Figure 3.8).

z (nm)

(a) (b)

Figure 3.8: Model of the (001) tip. (a) Side view through the y axis. (b) Side view through
the x axis.

Only two layers along the (001) direction have been used for its variations with 1

variation of the undeformed tip and 15 variations of the dull tip (4 single-atom apex vari-

ations) (Figure 3.9).
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Figure 3.9: Atom positions in the 2 layers modelling the tip apex.
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3.2 Machine Learning Task

3.2.1 Dataset Generation

Overview Two synthetic datasets were generated to train models for the task of defect
localization. Each dataset contains 90,000 simulated images for training and 10,000 sim-
ulated images for validation. No synthetic test set was created; instead, real STM images

are used exclusively for evaluating model generalization.

For clarity, the datasets are referred to as the main dataset and the control dataset.
The main dataset incorporates the full simulation pipeline, including PID control loop
distortions, while the control dataset consists of ideal constant-current images corrupted

only by Gaussian noise and lateral distortions.

The datasets took approximately 60 hours to generate using an Intel Core 15-13500

CPU.

Tip and Defect Configuration Only single-atom tips were used for both datasets. Multi-
atom (defective) tips can produce distorted images where the apparent defect location does
not correspond to its true position (see Figure 3.11). This effect complicates model eval-

uation on real measurements, where the ground truth is unknown.

For the same reason, defects are restricted to selenide (Se) atoms. Defects on tungsten

atoms produce more complex features that might be harder to interpret (see Figure 3.5).

Image Parameters Images were generated at a resolution of 64 x 64 pixels. Simulation
parameters were sampled from uniform distributions as follows:
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* Bias voltage: ~ £U/(0.2V,0.5V)

 Sample size: ~ U (1 nm,4nm)

Initial tip height: ~ /(0.3 nm, 0.6 nm)

* Decay constant: £ ~ U (9nm~ ', 11nm™)

Other parameters were chosen in such a way that defects remain visually identifiable,

even at extreme sampled values.

Ground Truth Format The ground truth labels are 64 x 64 images, where red denotes

a non-defective Se atom, and yellow indicates a defective Se atom (see Figure 3.10(c)).

Example Images Figure 3.10 shows sample synthetic images from both datasets along-

side the corresponding ground truth. Figure 3.11 illustrates the type of distortions caused

by defective tips, which were excluded from defect localization tasks.

e

& = .
=
-

(@)

-

(b)

(©)

Figure 3.10: Example synthetic images and ground truth for defect localization. (a) Main

dataset sample. (b) Control dataset sample. (¢) Ground truth mask.
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Tip Atoms

(@)

(b)

155

(©

Figure 3.11: Illustration of defective tip distortion. Such tips were excluded from the
defect localization dataset. (a) Synthetic image with tip distortion. (b) Defective tip apex

structure. (c) Defect location highlighted.

3.2.2 Model Architecture

A modified U-Net architecture (see Figure 3.13) is utilized for the task. This archi-

tecture employs a ResNet backbone pre-trained to predict the number of defects in each

image (see Figure 3.12). Its layers are then use in the encoder path of the U-Net.
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Figure 3.12: Modified ResNet structure and its components.
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Figure 3.13: Modified U-Net structure and its components.

3.2.3 Training

Environment The models were built and trained using the PyTorch framework (ver-
sion 2.6.0 + CUDA 12.6) within an Anaconda environment on a Windows 11 machine
equipped with an RTX 3060 GPU and an Intel Core i5-13500 CPU. More details about

the environment and installation procedure can be found in the project GitHub repository.
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Training Procedure Both ResNet backbones and U-Net models were trained by min-

imizing the smooth L1 loss (see Formula 1.19). Learning rates were selected using the

learning rate range test: 7.94 - 1073 for ResNets and 1.25 - 10~2 for U-Nets. These rates

were then decayed exponentially during training. Weight decay equal to 10~ was used

for the Main ResNet and 10~ for the Control ResNet.ResNets were trained for 50 epochs

and U-Nets for 40 epochs (see Figure 3.14), both with a batch size of 16. ResNet training

took approximately 1.5 hours, while U-Net training took around 3 hours using an RTX
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Figure 3.14: Loss over epochs. (a) Main ResNet, (b) Control ResNet, (¢c) Main U-Net, (d)

Control U-Net.

ResNet Training Results
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Model Dataset MSE Smooth L1 Loss
Validation 2.194 0.664
Main ResNet
Training 1.729 0.552
Validation 1.322 0.473
Control ResNet
Training 1.185 0.422

Table 3.1: ResNet backbone training results. For reference, the defect count variance is
approximately 14.

U-Net Training Results

Model Dataset MSE Smooth L1 Loss
Validation 0.0173 0.00864
Main U-Net
Training  0.0165 0.00824
Validation 0.0137 0.00686
Control U-Net
Training  0.0131 0.00655

Table 3.2: U-Net training results. Dataset pixel-wise target variance: 0.07096.

Examples of predictions from both U-Nets on validation set images are shown in

Figure 3.15.
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Figure 3.15: Validation of UNet defect localization model on synthetic data. (a) Ground
Truth. (b) Main U-Net input. (c) Main U-Net output. (d) Control U-Net input. (¢) Control
U-Net output.

3.2.4 Evaluation

Because real STM data lacks ground truth labels, model evaluation is performed

through qualitative visual assessment on various real WSe, samples.

As we see in Figure 3.16, incorporating the full PID simulation significantly im-
proved the U-Net model’s ability to generalize to real experimental images.
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R S T L B
e

(b) (©

Figure 3.16: Testing of U-Net defect localization model on real samples. No ground
truth available. (a) Input image. (b) Prediction by U-Net trained using the main dataset
including the full PID simulation. (c) Prediction by U-Net trained using the control dataset

without PID simulation.
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Chapter 4 Conclusion

4.1 Summary of Contributions

In this work, a simulation framework for synthetic STM imaging was developed with
a focus on physical fidelity, enabling generation of more realistic training data for machine
learning models. The framework integrates tight-binding electronic structure calculations
and distortion models such as thermal drift, creep and most notably hysteresis with tip-

induced effects.

By training a modified U-Net for selenide defect localization in tungsten diselenide,
it was shown that including distortions like tip-induced defects and hysteresis in the sim-

ulation pipeline leads to models that generalize better to real experimental images.

These results highlight the importance of integrating detailed physical modeling into
synthetic data generation pipelines for machine learning applications in scientific imaging.
The developed framework lays the groundwork for more automated, scalable and reliable

analysis workflows in scanning tunneling microscopy.
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4.2 Limitations and Future Work

Performance The simulation framework currently generates images in sequence using
a CPU. Parallelizing image generation on a GPU could significantly accelerate dataset

generation, enabling higher-fidelity simulations or larger datasets.

Fidelity The demonstration application omits dull tip apices, structural relaxation, tung-
sten defects, and approximates selenide dopants using a potential energy term at defective
sites. For more complex machine learning tasks such as defect classification, a more accu-
rate dopant representation is needed, this can be achieved either by refining the potential
energy approximation or adjusting the tight-binding model’s hopping integrals with re-

spect to the dopant site.

Evaluation Furthermore, in order to enable quantitative evaluation of models on real
STM images, ground truth data should be obtained through other techniques such as

dI/dV analysis [42].

4.3 Code availability

The simulation and machine learning code developed in this thesis is publicly avail-
ableathttps://github.com/luzny274/Synthetic-STM-Imaging.git underthe GNU
General Public License v3.0. Instructions for setting up the environment, generating the
data set, training the model and reproducing key results are provided in the repository’s

README file.
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