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Abstract: Terahertz time-domain spectroscopy (TDS) has proved immensely useful for probing
2D materials such as graphene. Unlike in the visible regime, the optical properties at terahertz
frequencies are highly dependant on charge carrier mobility and scattering time. However,
extracting the material properties from the terahertz waveform is a non-trivial process, which
can be prone to producing erroneous results. Artificial neural networks have recently been
demonstrated as useful tools to extract complex refractive index from terahertz time domain data.
Here, we propose the use of artificial neural networks to interpret terahertz spectra of graphene
monolayers to extract the charge carrier mobility and scattering time. We demonstrate improved
performance on out-of-distribution data by using a combination of synthetically generated spectra
and experimental data during training.

Published by Optica Publishing Group under the terms of the Creative Commons Attribution 4.0 License.
Further distribution of this work must maintain attribution to the author(s) and the published article’s title,
journal citation, and DOI.

1. Introduction

Terahertz (THz) technologies and applications remain tantalisingly close to societal and commer-
cial integration, with numerous studies highlighting the benefits of utilising this regime in sectors
such as security, imaging, and communications [1–3]. The advantages of THz technologies are
beginning to outweigh traditional drawbacks such as the hardware needed for generation and
detection, and non-standardised analytical practices [4,5]. There is now a push towards applying
these technologies to real-world applications. One industrial setting for which THz technology
is particularly suited is understanding the complex conductivity of ultra-thin films such as 2D
materials [6,7]. For example, graphene has seen significant progress in terms of fabrication
[8–10] as well as device capability and performance [11]. However, there are currently few
efficient, non-destructive methods for obtaining their electrical properties; existing methods often
result in damage or contamination of the device during characterization [6]. THz time-domain
spectroscopy (TDS), unlike many other spectroscopic tools, measures the amplitude of the
electric field, preserving phase information and yielding high signal-to-noise ratios. The Fourier
transform provides complete complex frequency-domain information and, through the division
of a reference scan, allows complex parameters, including refractive index and conductivity as
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well as other key performance factors such as carrier density and mobility, to be derived [12–14].
THz-TDS has the added benefit of being a fast, non-contact, non-destructive characterization
technique that can be applied to arbitrarily large sample areas while preserving device integrity
[15].

Yet, obtaining material parameters requires multiple analysis stages including: phase unwrap-
ping, jitter correction, and transfer function convergence, with each step introducing potential
errors [16,17]. Much work has been carried out to improve the robustness of THz-TDS extraction,
whether through the standardization of practices [5] or addressing individual extraction issues
[18]. For example, introducing a timing jitter correction solves an issue where even small time
shifts can cause significant variations in the electrical properties [19]. However, standardization
has yet to reduce the number of pre-processing steps, and incorporating error-reducing methods
into traditional fitting algorithms results in a more computationally demanding extraction process
[6], which is less suitable for industrial-scale testing.

Artificial neural networks (ANNs) can assist in several key ways. Firstly, they have already
been shown to equal or even surpass traditional fitting techniques in terms of accuracy for
parameter extraction, see [20] and references therein. ANNs reduce user intervention during
THz-TDS extraction by cutting the number of variables and decisions during processing, with
recent studies showing that it is even possible to extract parameters from the time-domain pulses
themselves without any need for Fourier analysis [21]. Additionally, ANNs offer the advantage of
fast implementation and convergence when compared to traditional methods, making them prime
candidates for industrial-scale testing and real-world application [22,23]. The performance of
ANNs is strongly tied to the availability of data. For supervised learning with real-world data
this requirement is difficult to satisfy in the THz regime where large experimental datasets can
be difficult to obtain. Our work, which began in 2020, first showed ANNs trained with purely
synthetic data could, under certain circumstances, be as effective and quicker than the traditional
Newton-Raphson fit at obtaining the complex refractive index from slab samples [22]. Using
synthetic data allowed us to bypass the traditional drawback of ANNs, as correctly labelled large
synthetic datasets are comparatively easy to create. Since then, we have shown ANNs trained
with synthetically generated data can be robust against noise and phase offsets [24]. Synthetically
trained ANNs are still fundamentally limited by the applicability of the model used to train
them, adding artificial noise can only go so far to capture the real-world system dynamics of
experimentally obtained data and bridging this gap is seen as a key step in the progress of ANNs
[25].

In this work, we investigate the performance of ANNs trained to extract the complex conductivity
of graphene monolayers from experimental THz-TDS measurements. The networks take inputs
of frequency-domain data and output values for the DC conductivity, σDC, and carrier scattering
time, τ, from which other properties such as carrier density and drift velocity can easily be
inferred. We present three training regimes: the first trained exclusively with synthetic data;
the second trained exclusively with experimental data; and the final network trained with a
combination of both. Our results demonstrate how training with both experimentally obtained
data and synthetically generated data can enhance the accuracy, generality, and robustness of the
network to real-world dynamics as well as reduce the required amount of real-world data to train
an effective network. We aim to build upon this work by obtaining experimental data from a
range of sources and simulating data using other models, such as the Drude-Smith model, to
increase the overall applicability and generality of our networks by capturing a broader range of
behaviours, extending to other 2D materials.

2. THz-TDS conductivity extraction of 2D materials

THz-TDS has proven to be an effective tool for investigating the complex conductivity of
2D materials including semiconductors, nanomaterials and graphene [26–28]. The complex



Research Article Vol. 33, No. 7 / 7 Apr 2025 / Optics Express 14874

conductivity can be obtained using THz-TDS by measuring the attenuation and phase delay of
the THz pulse through the sample in either reflection or transmission mode. Most TDS systems
utilise a femtosecond laser, which is split between two paths: one directed at a THz emitter
and the other at a THz detector. A delay line is incorporated into one of the arms to allow the
capture of the full time-domain pulse. In this work, a commercial fiber-coupled THz-TDS system
(from Picometrix, Inc.) was used on a high-resistivity silicon wafer with a graphene monolayer
deposited on top. The sample is grown by conventional chemical vapor deposition process [29],
involving decomposition of methane onto a copper thin film to form polycrystalline monolayer
graphene. This is followed by deposition of a polymethyl methacrylate (PMMA) carrier film,
which is then moved onto a high-resistive silicon wafer with a silicon dioxide top layer, to enable
THz-TDS pulses to penetrate the wafer without attenuation. Finally, the polymer is removed by
organic solvents, leaving the graphene on the Si/SiO2 wafers. The wafer is mounted on an xy
stage, see Fig. 1(a), and was raster-scanned within the focal plane of the THz beam to create
spatial maps, with a resolution of 300 µm at 1 THz [19]. In these scans, areas without graphene
serve as a reference during parameter extraction, as shown in the example scan in Fig. 1(b).

The advantage of such a system over traditional techniques, such as optical or electron beam
lithography, which involve contact with polymer resists, etching, and metal deposition, or
measurements with fixed or movable probes, which require direct physical contact [6], lies in its
ability to operate without contact. THz TDS does not alter the sample, allowing it to be used for
its intended purpose following characterization. Figure 1(c) and (d) present typical values for the
DC conductivity, σDC, and the carrier scattering lifetime, τ, of thin graphene layers extracted
from THz TDS data using an iterative root finding method. Such extractions typically involve the
Newton-Raphson or Nelder-Mead method, which is regarded as the gold standard for THz-TDS
analysis [30–33]. Here, we have used MATLAB’s nonlinear least-squares solver.

Extracting the complex conductivity of thin films from THz-TDS data involves mapping a
theoretical transfer function to an experimentally acquired transfer function [13,34,35]. Our
focus is on transmission measurements, with samples that satisfy the thin-film limit (d<< λ

2πn ),
and where the conducting layer dominates the optical properties of the sample due to the strong
interaction of free carriers with the incident THz field [6]. The experimental transfer function is
obtained by measuring the electric field of the THz time-domain pulses transmitting through the
aforementioned graphene coated (sample) and bare silicon (reference) regions. After several
pre-processing steps outlined in Fig. 2, including time-domain windowing to remove echos,
performing a Fast Fourier transform (FFT), and phase reconstruction, the complex, frequency
dependent experimental transfer function is calculated,

T̃Exp(ω) =
ẼSam(ω)

ẼRef(ω)
, (1)

where ẼSam(ω) and ẼRef(ω) correspond to the frequency-domain electric field of the sample
and reference scans, respectively. By referencing in this way the spectra amplitude becomes
normalised. A theoretical transfer function is then mapped to T̃Exp, derived from the corresponding
theoretical descriptions of reference and sample electric fields. For the conductive layer, we
introduce the transmission coefficient,

t̃air,film,sub(ω) =
2

1 + nsub + Z0σ̃(ω)
, (2)

which represents the propagation of the THz pulse from air, through the conductive film and
into the substrate. Consequently, t̃air,film,sub depends on the refractive index of the substrate (nsub),
the impedance of free space (Z0 =

√︂
µ0
ϵ0
= 377 Ω), and the complex conductivity (σ̃(ω)). The

combination of the transmission coefficient, given by Eq. (2), and the Fresnel coefficients (not
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Fig. 1. Experimental data used for this work, acquired from an imaging system based on a
commercial spectrometer (a), which produces the power map (b). Each pixel in the map has
a full time-domain pulse, and areas are selected for reference (bare substrate) and sample
(graphene coated), identified by the relative attenuation. Performing the parameter extraction
and Drude model fitting for each pixel results in a range of values for DC conductivity (c)
and scattering time (d). The values highlighted in dark blue correspond to the spectra values
of DC conductivity and scattering time that have been removed for the out-of-distribution
(OOD) performance characterization.
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shown) for both the sample and reference, yield the theoretical transfer function for the direct
pass of the THz pulse (Tinkham formula [36]),

T̃ (0)
Theo(ω) =

1 + nsub
1 + nsub + Z0σ̃(ω)

. (3)

Fig. 2. Flowchart describing (a) the machine learning workflow for the hybrid training
approach and (b) the parameter extraction steps for THz-TDS measurements. Synthetic data
is generated by simulating THz pulses through 2D materials with a range of σDC and τ
values. An experimental dataset is produced by extracting parameters from experimental
data using a fitting method. An ANN is then trained on a mixture of both datasets resulting
in a hybrid trained network. Taking only the left or right path for dataset generation results in
a synthetic network and an experimental network respectively. A subset of experimental data
is withheld from the training step and used for the out-of-distribution (OOD) performance
characterization. The parameter extraction process (b) has various steps that can result in
errors such as time-domain windowing and phase retrieval.

Several models can be used to fit σ̃; for this report, we focus on the most commonly used, the
Drude model, given by

σ̃(ω) =
σDC

1 − iωτ
, (4)

where σDC represents the sheet DC conductivity, and τ is the carrier scattering time, from
which other parameters, including the carrier density and drift velocity, can be inferred. To find
a solution for σDC and τ, an iterative root-finding or minimization algorithm is employed to
directly fit to the Drude model. Despite its widespread use, this method can converge to local or
non-global solutions. Another issue is the computation time which can become a significant
issue for industrial scalability. Other models, including the Drude-Smith formulations, exist for
samples that do not follow Drude-like behaviour [15]. In these situations, it is up to the user
to select a more appropriate model for their target material. It is for these reasons we look to
artificial neural networks (ANNs) as a possible solution.
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3. Generating synthetic training sets

There has been a recent upsurge in the use of ANNs to analyse THz-TDS data in an attempt to
reduce the amount of processing steps and user input during parameter extractions. This includes
the refractive index measurements of slab samples from synthetic data [22], leaf wetness for
predicting plant disease [37], and the conductivity of nanowires using experimental data [38]. In
each case, significant gains have been made in both accuracy and speed of the extraction process,
yet the training data has come from a singular source, i.e purely experimental or synthetic data.
In this section we demonstrate the capability of synthetically trained data to perform comparably
to traditional iterative root finding methods, before further improvements are gained in the next
section by including experimentally obtained data into the training sets. All work in this report
has been carried out on a Dell Optiplex 7090 with an Intel i7-10700 processor, 24 GB of RAM
and a NVIDIA GeForce GTX 1660 GPU.

To solve conductivity problems with machine learning algorithms, we aim to address the
theoretical transfer function given in Eq. (3) by generating synthetic data. We follow a similar
method established in [22], where a characteristic terahertz time-domain pulse is modelled and
propagated through a reference material, in this case, silicon, modelled using Fresnel transmission
coefficients, tx,y. The synthetically generated electric field of the transmitted reference signal is
given by

Ẽ(0)
SynRef(ω) = Ẽ0(ω) · tair,sub(ω) · P(ω) · tsub,air(ω). (5)

Similarly, a second time-domain pulse is modelled and propagated through a sample using the
Fresnel coefficients and transmission relation from Eq. (2). To model the sample propagation we
generate random values for σDC and τ within a specified range: σDC ranges from 0.3 to 10 mS
and τ ranges from 1 to 100 fs. These ranges encompass typical values for thin graphene samples
(see Fig. 1(c,d)). These values are fed into the Drude model, see Eq. (4), to give the complex
conductivity σ̃(ω) used in t̃air,film,sub. The synthetically generated electric field of the transmitted
sample signal is given by

Ẽ(0)
SynSam(ω) = Ẽ0(ω) · t̃air,film,sub(ω) · P(ω) · tsub,air(ω). (6)

P here is the propagation through the layer and depends upon the substrate refractive index,
nsub and thickness, d. Silicon is an ideal substrate for the THz-TDS (0.1 - 3 THz) as it has low
absorption and a non-dispersive refractive index [39].

P(ω) = e−idnsub
ω
c (7)

The division of Ẽ(0)
SynSam with Ẽ(0)

SynRef will yield the synthetically generated transfer function,
effectively reversing the previously described parameter extraction. This also keeps the normal-
ization consistent between experimental and synthetically generated datasets. The synthetically
generated spectra accompanied by the values of σDC and τ serve as our training set and target
values for our ANN.

3.1. Training with large synthetic datasets

For our ANNs each frequency point has two neurons corresponding to values of amplitude and
phase. The target output comprises values for σDC and τ. To reduce computation and training
overhead, the frequency data is down-sampled into 32 points, providing the network with 64 input
values. We artificially added 60 dB of random noise (in the frequency domain) to the training
sets which consisted of 200,000 synthetically generated spectra. The network architecture had
nine hidden layers, with four layers of 33 and five layers of 11 fully connected neurons. We
used a supervised training method from MATLABs deep learning toolbox to predict a known
output array, using the Levenberg-Marquardt algorithm. The activation function is a sigmoid in
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the hidden layers and a linear function in the output layer. A frequency range of 0.3 to 2 THz
was selected corresponding to the highest SNR for the spectrometer. It is worth noting that the
material parameter and frequency ranges can be readily extended to include other conductive
samples and higher bandwidth spectrometers.

Figure 3 presents a comparison between a conventional Drude fit and our synthetically trained
network. We used MATLAB’s nonlinear least squares solver to fit the Drude model to the
complex conductivity data. This method requires truncating the frequency axis to a range of 0.3
to 1.5 THz in order to obtain reasonable values, ensuring that the data has a sufficiently high
signal-to-noise ratio (SNR). THz-TDS spectra have the lowest SNR at high and low frequencies
with the best SNR usually around 1 THz, although this strongly depends on the spectrometer
used. In regions of low SNR iterative methods have a tendency not to converge to a solution
[22]. The need to restrict the frequency range highlights an advantage of the network approach,
as it does not require data truncation for stable parameter extraction even in regions of lower
SNR. The objective function for the solver is complex and represents the difference between
the complex conductivity derived from the experimentally obtained transfer function (Eq. (3),
rearranged for σDC), and that predicted by the Drude model in Eq. (4), which is only modified to
ensure that both σDC and τ are real numbers. For the experimentally obtained data, the iterative
Drude method returned values of σDC = 2.56 mS and τ = 61.71 fs. In comparison, our network
produced values of σDC = 2.49 mS and τ = 56.3 fs. This demonstrates that our synthetic network
performs comparably to traditional fitting methods and performs better when taken over the full
frequency range. This network was able to predict the values of σDC and τ to an overall error of
6.3% when compared to the traditional Drude extraction for 100 unseen experimental spectra.
The iterative method also took longer to fit the spectra, 0.042 ± 0.005 s compared to the network
execution time of 0.022 ± 0.006 s.

Fig. 3. Real and imaginary parts of the complex conductivity for experimental data (blue
line), Drude fit (red line) and network fit (black line). The Drude fit was calculated using the
data range 0.3–1.5 THz. The net fit was calculated using the data range 0.3–2 THz. The grey
box represents the range of usable data to which a Drude fit can be made. Data outside the
grey box is excluded from all analysis.

4. Network enhancement using hybrid training sets

To further improve the accuracy and generalisability of our networks, in this section we present
three new networks which underpin the benefits of mixing experimentally obtained data with
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synthetic data in the network training sets. The first network has been trained using exclusively
synthetic data, the second exclusively experimental data, and the third a 50:50 mix of experimental
and synthetic data which will now be referred to as the hybrid trained network. To give a fair
comparison and focus on the effect of combining synthetic and experimental data, the networks
presented in this section have all been trained using the same algorithm, the same network
architecture of [32 x 6 x 6] fully connected hidden layers, and using a frequency range of 0.3 - 1.5
THz. These changes were made to compensate for the limited availability of experimental data.
We have reduced the amount of synthetic data used to train the network to 1600 datasets, which
resulted in the change in network architecture to that described previously. The frequency range
was changed so that the Drude fitting method used was able to produce accurate target values
for σDC and τ which the experimental network will use to train. The exclusively experimental
network has been trained with 800 datasets while the hybrid trained network has 800 datasets of
each for a total of 1600. Each synthetic training set has been augmented with artificial noise as
described previously [24]. Otherwise the method remains the same as described in section 3.1.

Prior to training a range of experimental data corresponding to values of σDC in the range 2.2 -
2.25 mS was removed from all experimental training sets. This ensures that each network has not
seen experimental data within this range and provides us with a fair test set to compare network
performance. These spectra correspond to the values highlighted in Fig. 1(c) and (d). This
method is referred to as out-of-distribution (OOD) data generalization and is a method of testing
that ensures that each network is evaluated on data that lies outside the parameters of the training
sets [40,41]. This means the features, patterns, or statistical properties of the OOD data differ
from the training data allowing us to assess the robustness and generalisability of each network
to unseen scenarios that have not been encountered during training. The synthetic training sets
will have seen σDC values within this range; however, lack experience of real-world dynamics.
This ensures that we can still assess the generalisability and performance of the network using
this method. The same method was used to remove a range of τ values with similar results and
are therefore not presented here.

Since the ANNs used in this report are trained with different combinations of synthetic and
experimental data, we found that MATLAB’s built-in network validation (which uses mean
squared error (MSE)) can be misleading when assessing network accuracy. This method involves
setting aside 15% of the original dataset, ensuring that the network never encounters this data
during training. After training, the network’s performance is then evaluated using this unseen
data. Using this MSE metric, the results for each network were as follows: synthetic network:
1.79×10−5; experimental network: 1.28×10−4; hybrid trained network: 1.24×10−4. Based solely
on these performance metrics, one might expect the purely synthetic network to significantly
outperform both the experimental and hybrid trained networks. However, this validation method
assesses only the data type used in training each network. In other words, the synthetic network’s
validation metric reflects its ability to extract information from unseen synthetic data, which does
not provide a fair or meaningful comparison across all networks. To ensure a more robust and
objective evaluation, we have validated each network’s performance on an unseen experimental
OOD dataset.

An additional 1000 synthetically generated spectra was created to provide a second test set
for our networks. These synthetically generated spectra covered the full data range. We have
plotted the network values against the target values obtained via traditional fitting methods for
both the experimental OOD range (blue circles) and external synthetic test set (red circles). For a
successful network we expect data points close to the black line which represents a perfect match
between the network and target values. All graphs for σDC and τ have been plotted with the same
axes for comparison.
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4.1. Network training set: synthetic

The use of synthetic data to train networks to model real-world data is both highly convenient
and effective. It enables the rapid and straightforward generation of large datasets, which would
otherwise require considerable time and effort to produce experimentally [42]. Synthetically
trained networks are by default more general than their experimental counterparts as a synthetically
trained network should be able to extract parameters regardless of the spectrometer used. This
issue is especially applicable to THz study, where variations in fitting algorithms and experimental
setups has led to non-standardised practices and variations in extracted material parameters
for even simple samples between different spectrometers [16,22]. Synthetic data can also be
generated for arbitrary values of σDC and τ, allowing us to supplement our training sets, whether
because of a lack of experimental data or to extract from new samples.

The results for the synthetic network are presented in Fig. 4(a) (I-III). This network uses a
training set comprised of 1600 synthetic spectra covering the full data range as shown in Fig. 4(a)
(I). The network has then been tested using the external synthetic test set for which it was able to
predict values of σDC and τ to an error of 1.4%, see red circles in Fig. 4(a) (II, III). We would
expect this network to perform well against the external synthetic test set as both sets have been
generated with the same method. For the OOD experimental test set the network is able to obtain
values for σDC and τ with a 10.01% error of the Drude fit (blue circles). It is unsurprising that
the network performs worse than the large dataset synthetic network described in section 3.1, as
the amount of data available generally tracks with network performance. There is also a tendency
to underestimate σDC, which is most likely caused by underfitting due to a lack of available data
[43]. Despite these issues the network provides us with a good benchmark of performance with
which to compare the subsequent networks. Despite the benefits of using synthetic networks,
fundamentally the accuracy is still limited by the effectiveness of the model used for training, in
this case the Drude model. As mentioned, our networks include artificial noise and errors to try
to capture real-world dynamics within the training sets, like jitter or phase offsetting. However,
capturing all dynamics of a system is difficult artificially, which is why experimentally acquired
data is normally the first consideration. Another possible solution is to train networks using
different models for conductivity, i.e the Drude-Smith model. This would allow us to include
new dynamics and behaviours within our training sets, improving the applicability.

4.2. Network training set: experimental

Training on real-world data is advantageous for the obvious reason that all system dynamics are
incorporated into the training sets. Given an arbitrarily large dataset, it would be possible to
create an arbitrarily accurate network. However, obtaining real-world datasets is time-consuming
and not always feasible. Furthermore, the THz-TDS-specific issue of variability in experimental
results obtained from different spectrometers necessitates data from a range of sources to
prevent the network from overfitting or learning specific features or faults of a particular setup
or parameter extraction method. This further increases the complexity and time required to
acquire sufficiently large datasets. Although the time required to characterise wafer samples is
continuously improving, for example, over the past decade the extraction of 12 inch wafers using
THz-TDS has decreased from hours to minutes, gathering datasets of suitable size would still be
a significant undertaking [15].

The results presented in Fig. 4(b) (I-III) are for the network trained using exclusively
experimental data. The data used came from the same source. The grey highlighted region in
Fig. 4(b) (I) represents the range of σDC data removed for OOD testing. The network will never
see data within this region during training. This network fails to predict values of σDC and τ for
the external synthetic test set, hence few red circles exist near to the perfect match line (black
line) in Fig. 4(b) (II-III). However, there is a noticeable improvement in accuracy over the purely
synthetic network for the OOD experimental test set, despite having only half the number of
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Fig. 4. Results for the three networks: (a) Trained with 1600 synthetic training sets,
(b) trained with 800 experimental training sets, and (c) trained with a 50:50 mix of 800
synthetic and 800 experimental training sets. (I) Visualization of the data used to train each
network. Synthetic training data is indicated by red dots, and experimental data by blue dots.
The grey region represents the out-of-distribution (OOD) region, where experimental data
has been removed to create an external test set unseen by any network during training. (II)
Network σDC predictions compared to synthetic target values and Drude fit values for the
external synthetic test set (red circles) and the experimental OOD test set (blue circles). The
black line represents a perfect match between target and network predictions. (III) Network
τ predictions compared to synthetic target values and Drude fit values for the external
synthetic test set (red circles) and the experimental OOD test set (blue circles). The black
line represents a perfect match between target and network predictions. All three networks
can predict σDC and τ from the OOD test set; however, the best performance is achieved
with a mixed training set, as shown by data points close to the perfect match line (black line).
For the synthetic test set, similar performance is observed with synthetic or mixed networks,
while the exclusively experimental network fails to return reasonable values.
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datasets. The network is able to predict values of σDC and τ to an error of 4.77% of the quoted
value for the OOD experimental test set. We would expect some improvement over the synthetic
network as it has seen data from this exact spectrometer above and below the removed values
of σDC. The data will also contain more of the real-world dynamics compared to the synthetic
training sets. Further improvements to the network would require larger datasets. Augmentation
of the experimental data in manner similar to that used with the synthetic network e.g: artificially
including noise, can be used to increase the sample size, however this does not solve the problem
of overfitting to one particular system.

4.3. Network training set: hybrid

For these reasons, we look to include a combination of experimental and synthetic spectra in our
training sets. The hybrid trained network presented in Fig. 4(c) (I-III) uses 800 synthetic spectra,
which cover the full range of σDC and τ values and 800 experimentally obtained training sets
which, as previously, have had values of σDC removed. This is represented in Fig. 4(c) (I) with
the grey highlighted box showing the OOD experimental region, however unlike for the purely
experimental network, synthetic training spectra do lie within this region. This network is able to
predict values of σDC and τ for the external synthetic test set to an error of 2.11% compared to
the target values. This is comparable to the synthetic networks trained previously. For the OOD
experimental test set the network was able to predict values with an error of 1.70% compared to
the Drude fit. This is a significant improvement over the previous two methods. Furthermore,
this is achieved using the same amount of experimental training sets.

To provide an estimate of the amount of experimental data required to achieve an extraction
accuracy of 1.7% (the best achieved by our hybrid trained network), we trained purely experimen-
tally networks with progressively fewer data sets and recorded the corresponding accuracy. By
fitting this data with a power-law function, we estimate that at least 10,000 experimental datasets
would be needed to match the accuracy of our hybrid trained network. This is approaching an
order of magnitude higher than the number of datasets required for the hybrid training approach.
We also examined how altering the ratios of experimental and synthetic data influenced extraction.
Even small additions (≈ 20 %) of synthetic data to experimental training sets significantly
enhanced performance.

We show that the inclusion of synthetic data within the network training set can not only
supplement for less widely available experimental data, but also improve network performance
against real-world OOD data. For the case presented here, we are able to reduce the error from
given target values by a third when compared to a network trained exclusively with experimental
data. Through no increase in experimental data we are able to better capture real-world dynamics
of 2D systems whilst also maintaining the generalisability of synthetically trained networks. We
anticipate enhanced performance by investigating further the ratio of experimental to synthetic
data, optimising network methods, developing strategies to incorporate data from a range of
sources, and increasing dataset size. Further improvements will be achieved in our synthetic
training sets through multiple conductivity models and the inclusion of physics-informed loss
functions [44].

5. Conclusion

In this work, we have presented a method for generating large-scale datasets for conductive 2D
materials based on the Tinkham relations. We demonstrated that an artificial neural network,
trained using a large dataset of exclusively synthetic spectra, performed comparably to traditional
fitting methods when extracting graphene parameters from real-world THz-TDS data, and even
outperformed them when used over the full spectrometer bandwidth. We then investigated
how the network’s performance could be further improved by using a combination of synthetic
and experimental training sets, demonstrating marked improvements in accuracy over networks
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trained on a singular source. This method allows us to reduce the demand for experimental
data by supplementing training sets with synthetic data. Additionally, network performance is
enhanced by combining the generality provided by synthetic training sets with the robustness to
the dynamics of real-world systems achieved through training on experimental data, all while
maintaining fast extraction times. The focus of our work is to expand our training sets to
incorporate different conductive systems by increasing the size and diversity of our experimental
datasets, including data from other sources and materials. Additionally, we plan to integrate
other models, such as the Drude-Smith model, into our synthetic training sets to further improve
the generality and applicability of our networks, preparing them for use in industrial-scale testing.
This integration could either complement traditional fitting algorithms or serve as a complete
replacement for them.
Disclosures. The authors declare no conflicts of interest.
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