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film production by chemical
vapour deposition and the use of AI for quality
analysis

Selene Muñoz-Vargas, ab Marcos Fernando Perez-Pucheta ab

and Karl S. Coleman *b

The reproducible production of graphene films at low cost, while minimizing inter-batch variability, is

essential for the development of affordable and reliable devices. By using a simple and reproducible

methodology along with readily available low-cost equipment, graphene films can easily become

accessible to non-graphene specialist research laboratories. This will help accelerate and encourage the

development of graphene application research. Here, we describe in detail a simple hot-walled chemical

vapour deposition (CVD) procedure to grow graphene with low-cost equipment, using non-processed

commercially available copper foil. The quality of the film on copper foil and on Si/SiO2 substrates, after

film transfer, was studied by scanning electron microscopy (SEM) and transmission electron microscopy

(TEM) to confirm the predominantly monolayer nature of graphene. The quality of graphene was

analysed by comparing against standardisation Raman metrics, full width at half maximum of the 2D

peak and the ratio of the 2D : G peaks, proposed by the UK National Physical Laboratory showing the

films produced were similar or better quality than commercially available monolayer graphene. The

random forest machine learning method was used as a predictive tool for the classification of the quality

of samples according to the batch and position on the copper substrate relative to the direction of gas

flow, revealing that the position and full width half maximum of the G and 2D peaks are the important

features in Raman for classification, supporting the idea that unintentional strain and doping are crucial

to understand the inherent variations found in the production of monolayer graphene in hot-wall CVD

setups.
Introduction

Since the work of Geim and Novoselov1 in 2004, graphene has
attracted the attention of many scientists due to its unique
properties. Graphene is a 2D material, in which the carbon
atoms are oriented in a hexagonal arrangement and one atom
thick. The production of high-quality graphene has been a topic
with particular interest. Many methods to produce it have been
proposed, which range from chemical, mechanical, and
electrochemical exfoliation to chemical vapour deposition
(CVD).2

CVD can be conducted at atmospheric pressure (APCVD) or
low pressure (LPCVD),3 with LPCVD producing continuous and
high-quality graphene lm on copper foil substrates.4 Graphene
lms are transparent, conductive, and highly exible, so are
considered excellent candidates for transparent conductive
electrodes in photovoltaic cells, functional touch-screen panel
devices and transparent antennas.5–7 Other applications include
ity, South Road, Durham DH1 3LE, UK
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2–7394
graphene-based electrochemical biosensors, liquid gate eld
effect transistors, and physiological sensors.8,9 To reliably use
graphene in these applications, defect-free and high-quality
graphene is essential. CVD can be used to grow graphene on
different metal substrates, but copper remains the most
common.10

Wafer scale production of graphene can be achieved using
commercial industry-ready cold-wall reactors where only the
substrate is heated.11 Although, the cost can be prohibitive for
non-graphene specialist research laboratories and the param-
eter space complex for growth conditions.11 In contrast, hot-wall
CVD reactors using a tube furnace are less expensive, have
precise temperature control, and can be tted with simple gas
control (such as needle valves or mass ow controllers) and
vacuum systems. Although straightforward setups have been
reported, they are only helpful for demonstration purposes.12

The pretreatment of copper substrates, through electro-
polishing and the use of chemicals such as acetic acid,
ammonium persulfate, among others,13–16 is routinely thought
to be essential but adds complexity and increases processing
time.17–20
© 2025 The Author(s). Published by the Royal Society of Chemistry
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To characterise graphene lms, confocal Raman spectros-
copy offers rapid, non-destructive analysis of CVD graphene
samples across a statistically signicant area, thanks to its
spatial resolution. However, as individual graphene domains
are joined at their boundaries to create a continuous lm, and
Raman of graphene lms is very sensitive to inhomogeneities,
taking a single point spectrum to draw conclusions for the
whole sample can be misleading.21,22 It is therefore more
meaningful to use a statistical technique, for example boot-
strapping, to establish the minimum number of data points
necessary for statistically robust conclusions.22,24 Moreover,
interpretation of Raman spectra must be carefully considered as
it is sensitive to strain,24–27 doping28,29 and chemical function-
alisation.30,31 The main features extracted from the graphene
spectrum are typically the 2D, G, and D band intensities (I),
positions (u), full width at half maximum (G) and ratios (I2D/IG
and ID/IG).

The UK National Physical Laboratory (NPL), an international
leader in graphene standardisation, has proposed G2D #

35 cm−1 and I2D/IG $ 2 as parameters for identifying monolayer
graphene,23,32 however these two metrics are sensitive to
external factors.23 I2D/IG is decreased by doping level28 and
defects,33 while G2D increases with the presence of adlayers and
sub-spot size strain variations from the substrate.34,35 Therefore,
nanometre strain, unintentional doping from the Si/SiO2

substrate,36,37 residual PMMA38 and FeCl3,39 used for graphene
lm transfer, and annealing could all be a source of sample
variation. By considering additional metrics such as uG and u2D

we can get additional information about the strain and doping
state in the sample.40 As a result, monolayer graphene with
varying levels of strain and doping can be characterised.

As a case study, we synthesized large area monolayer gra-
phene in a hot wall LPCVD setup using as provided untreated
copper foil to simplify the graphene growth process. The
predominantly monolayer nature of graphene was conrmed by
transmission electron microscopy (TEM), scanning electron
microscopy (SEM), atomic force microscopy (AFM) and Raman
spectroscopy, conrming that the synthesised graphene meets
these two criteria (G2D# 35 cm−1 and I2D/IG$ 2), set out by NPL,
just as commercially available monolayer graphene samples.

Given that the reactive species are in a non-equilibrium
steady state along the hot tube, the gas composition will
vary,41 using machine learning we anticipate these subtle vari-
ations can be detected using Raman mapping of graphene
collected along the gas ow direction. Machine learning has
proven to be a powerful tool in materials science, with recent
work demonstrating its utility in optimizing graphene fabrica-
tion processes. For instance, Beckham et al.42 used machine
learning to guide the synthesis of ash graphene by exploring
the effects of process parameters on crystallinity, and Jain
et al.43 employed Bayesian optimization in laser induced gra-
phene patterning. However, a signicant gap remains in
applying these techniques to quality control and post-synthesis
analysis for scalable and continuous production methods.
Supervised methods such as random forests (RF) outperform
unsupervised methods, demonstrating higher accuracy,
robustness, and computational efficiency, while also providing
© 2025 The Author(s). Published by the Royal Society of Chemistry
implicit feature importance estimations.44,45 For example, RF
has demonstrated to be particularly useful in the 2D materials
eld for predicting magnetic ordering,46 discriminating
between monolayer and multilayer regions in MoS2 by optical
microscopy44 and estimation of the twist angle in bilayer gra-
phene.47 In this work, we have utilized random forests for the
classication of graphene samples from different batches and
positions on the copper surface substrate. Our approach
specically highlights the potential of using machine learning
techniques and Raman spectroscopy for quality control in
monolayer graphene production, enabling the differentiation
between batches and substrate position relative to the gas ow
by nding generalizable predictive patterns based on Raman
mapping. This is a new direction that moves beyond process
optimization to product verication, addressing a critical need
for industrial applications.

Results and discussion

Fig. 1a shows the schematic setup for graphene growth, where
a simple ow meter is used to control the argon gas ow and
two mass ow controllers to feed hydrogen and methane gases.
To grow graphene, a piece of as supplied untreated copper (6.5
× 4.0 cm2) foil was rolled against the quartz tube wall (Fig. 1b
and c) and placed in the centre of the quartz tube and within the
uniform temperature zone of the furnace. The temperature
prole from the centre of the tube was determined in an argon
ow to ensure any temperature gradients were minimized (see
Fig. S1). Once the gas lines (argon, hydrogen andmethane) were
purged and the system pressure lowered to 43 m torr, the
temperature was increased under 10 sccm hydrogen gas ow in
two steps: from room temperature to 900 °C over 20 minutes
and from 900 °C to 1000 °C at a rate of 10 °C min−1, followed by
an annealing step at 1000 °C for 30 min. Then, 7 sccm methane
was introduced, and the hydrogen ow was increased to 15
sccm. These conditions were maintained for 10 min to allow
graphene to grow. Upon completion, the chamber was rapidly
cooled down by opening the furnace whilst maintaining the
methane and hydrogen gas ows until the temperature reached
140 °C, at which point they were stopped, while maintaining the
continuous ow of argon. The cooling rate is shown in Fig. 1d,
which shows cooling rate of c.38 °C min−1 between 1000–300 °
C, and 13 °C min−1 between 300–140 °C. Fig. 1d illustrates this
procedure, and full details are given in the Methods Section. To
conduct the Raman analysis, ve distinct areas were selected
from various substrate positions in each batch of graphene.
These areas were then transferred onto silicon/silicon oxide (Si/
SiO2) substrates, as depicted in Fig. 1e.

Fig. 2a shows the optical image of as grown graphene on
copper exposed to air and the absence of any copper oxide areas.
Fig. 2b shows an SEM image of the ‘as-grown’ graphene on
copper foil where the copper grain boundary and wrinkles can
be readily observed due to the difference in the thermal
expansion coefficients between graphene and copper.48 Gra-
phene adlayers can also be observed. The average copper grain
size is 167.5± 15.9 mm2, while the average graphene grain size is
3.4 ± 0.3 mm2 (see Fig. S2 and S3).
Nanoscale Adv., 2025, 7, 7382–7394 | 7383
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Fig. 1 (a) Schematic diagram for graphene synthesis by LPCVD. (b) Photograph of setup, yellow circle shows copper foil placed at the centre of
the furnace. (c) Image of the graphene foil wrapped against tube wall. The yellow arrow indicates the flow direction. (d) Time dependence of
experimental parameters. (e) Large area graphene synthesised (6.5× 4.0 cm2) on copper foil showing where the samples were taken. The yellow
arrow indicates the flow direction of the reactive gas in the growth process.
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The graphene was transferred onto a Si/SiO2, using the
established PMMA transfer method,4 for further character-
isation. In brief, graphene on copper was coated with a thin
layer of polymethyl methacrylate (PMMA) as protective layer and
the copper was dissolved in a 1 M FeCl3 solution. The lm was
washed in deionised water and transferred onto the Si/SiO2.
Finally, the PMMA layer was dissolved in acetone, leaving the
graphene on Si/SiO2. A full description of the transfer process
can be found in the Methods Section. Fig. 2c shows graphene
transferred on Si/SiO2 where a continuous lm, with some
adlayers and polymer residues, can be observed. Fig. 3a–c shows
a set of TEM image at different magnications of the graphene
free-standing lms on a holey carbonmatrix with some polymer
7384 | Nanoscale Adv., 2025, 7, 7382–7394
residues. Fig. 3d shows the corresponding selected area electron
diffraction (SAED) pattern. The inset gure illustrates the
intensity prole through the dashed line, showing higher
intensities of the inner reections (0�110 and �1010) than those of
outer reections (1�210 and �2110), which is consistent with, and
conrming, monolayer graphene.49

Monolayer graphene shows a characteristic Raman spectrum
in which three peaks can be identied and used for quality
assessment. The D peak at ∼1350 cm−1 is caused by the
breathing mode of the six-atoms ring and is activated by defects
such as grain boundaries, imperfect stitching and sp3 hybrid-
ization.50,51 The G peak at ∼1580 cm−1 corresponds to the in-
plane bond-stretching motion of pairs of sp2 carbon and does
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 (a) Optical image of as grown graphene on copper foil. (b) SEM image of graphene as grown on copper showing the wrinkles resulting
from the cooling step and the difference in thermal expansion coefficients from copper and graphene. (c) SEM image of graphene transferred on
Si/SiO2 illustrating some polymer residues, adlayers and wrinkles.

Fig. 3 (a)–(c) Lowmagnification TEM images of monolayer graphene on holey carbon TEM grid showing tears and a hole in the continuous film.
(d) SAED pattern from red circled area in c, inset shows the profile along the rectangle, demonstrating monolayer graphene.

© 2025 The Author(s). Published by the Royal Society of Chemistry Nanoscale Adv., 2025, 7, 7382–7394 | 7385
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Fig. 4 Raman point spectra from this work of (a) defect-free graphene
and (b) minimally defective graphene using a 532 nm laser excitation
wavelength showing the main peaks of graphene: D, G and 2D.
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not require the presence of a six-folded ring.52 The peak at
∼2700 cm−1 is caused by a second-order overtone of the D band.
Since the 2D band for graphene can be tted to a single Lor-
entzian peak, it can be used as a distinctive ngerprint to
distinguish between single and multilayer graphene.53 Fig. 4a
shows a typical monolayer graphene Raman point spectrum
exhibiting the characteristic bands for graphene: G
(∼1583 cm−1) and 2D (∼2678 cm−1) bands, with no apparent D
peak. Fig. 4b shows the case for minimally defective graphene,
exhibiting a small D band (∼1340 cm−1).

As suggested from the NPL guidelines, G2D# 35 cm−1, where
G is fullwidth at half maximum of the peak, is typical for
Fig. 5 The mean relative difference between the mean from each sub-m
(b) I2D/IG ratio, as a function of sub-map size.

7386 | Nanoscale Adv., 2025, 7, 7382–7394
monolayer graphene on Si/SiO2, based on experimental obser-
vations.4,29,54,55 However, it is worth noting that a turbostratic
stacking of graphene layers can also be represented by a single
Lorentzian peak, with G2D # 35 cm−1, similar to that of single
layer graphene.56 Similarly, the I2D/IG > 2.0 ratio, where I is
intensity, is characteristic of single-layer graphene and an
indicator of low level of doping.57 In this study, TEM results,
however, suggest a predominantly monolayer graphene struc-
ture; therefore, these two metrics are suitable for identifying
monolayer graphene via Raman spectroscopy.

Five specic graphene growth areas on the copper substrate,
labelled A, B, C, D, and CC (centre), as illustrated in Fig. 1e, were
examined. This enables variations caused by changes along the
gas ow direction to be determined. Given that the average
grain size is approximately 3.4 mm2, the objective was to deter-
mine the minimum sampling area required to obtain statisti-
cally meaningful results from the entire sample. Consequently,
we acquired data from a large map consisting of 1024 spectra
(32 mm × 32 mm in 1 mm steps), so on average around 301
graphene grains were sampled. Here, the methodology
described by Turner et al.23 was used, where the G2D and the I2D/
IG ratio are the parameters of interest. For calculations, D, G,
and 2D peaks were tted in OriginPro 202458 using a Lorentzian
function with the t bounds suggested by Turner et al.23 Cosmic
rays on the CCD detector were manually removed and spectra
were normalized to 1 with respect to the intensity of the 2D
peak.

The large map was divided into smaller sub-maps ranging
from 1× 1 to 32× 32 mm2 with 1 mm increments. Each sub-map
was randomly positioned, and a square of the specied size was
traced from that point. One hundred sub-maps of each size were
created throughout the large area map, and the average values
of G2D and I2D/IG ratio were calculated. The difference between
ap and the mean from the large area map (32 × 32 mm2) for (a) G2D and

© 2025 The Author(s). Published by the Royal Society of Chemistry
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the average values of each sub-map and the large area map was
then calculated for each sub-map size (Fig. 5a and b).

The mean of the 1024 spectra analysed was 26.2 ± 1.7 cm−1

for G2D and 2.4 ± 0.7 for the I2D/IG ratio. It was observed that for
maps 13 × 13 mm2, the relative difference with respect to the
large map (32 mm × 32 mm in 1 mm steps) is 0.9%, which is an
acceptable error given the fewer spectra collected. Statistical
analysis was conducted on a 13 × 13 mm2 map recorded for
each position A, B, C, D, and CC (Fig. 1e) in 5 independent and
separate batches. The G and 2D peaks are observed for all
recorded spectra, and only a minimal number of spectra
showed the presence of a small D peak, suggesting a graphene
lm with very few defects.
Fig. 6 Raman mapping of G2D for each 5 positions (A, B, C, D and centre
commercially available samples of monolayer graphene. For every map
graphed using the same scale colour bar.

© 2025 The Author(s). Published by the Royal Society of Chemistry
By measuring the mean and standard deviation from the
background, mbackground and sbackground respectively, in all
normalized spectra in the region 1800–2200 cm−1 (where no
graphene peaks are found), it is observed that in all batches the
D band has only a minimal intensity, and of the same order of
magnitude as the background signal (m + s)background (see Table
S1). Moreover, D intensities from the average spectra are
comparable with those of commercial brands, suggesting that
graphene lms have a low defect density. For comparison,
Fig. S4–S9 show all Raman spectra collected for each sample
from each batch and two separate commercial brands.

Fig. 6 shows the Raman maps for the spatial distribution of
G2D for each position and batch. According to the G2D, most of
the scanned areas can be considered monolayer graphene. The
CC, see Fig. 1e) from each batch. The last two maps correspond to two
an area of 13 × 13 mm2 with 1 mm step was sampled and all maps were

Nanoscale Adv., 2025, 7, 7382–7394 | 7387
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Fig. 7 Ramanmapping of I2D/IG for each 5 positions (A, B, C, D and centre CC, see Fig. 1e) from each batch. The last twomaps correspond to two
commercially available samples of monolayer graphene. For every map an area of 13 × 13 mm2 with 1 mm step was sampled and all maps were
graphed using the same scale colour bar.
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largest G2D obtained is 45.5 cm−1, present in only a small
number of areas in two samples (CC position batches 2 and 3),
while the lowest value is 21.8 cm−1. The varied values observed
may be attributed to the p-doping effects caused by ferric
chloride used during the copper etching process and residual
PMMA present aer lm transfer.38,39 Interestingly, all samples
from all batches show higher I2D/IG ratios than the commercial
product (see Fig. 7); the 2D peak intensity is almost twice the
intensity of the G peak, with the highest ratio of 6.4 and the
lowest 0.62.

The data presented in Fig. 6 and 7 have been summarised in
box plots in Fig. 8a–d. By establishing a threshold of 35 cm−1 for
the G2D peak, it can be observed that, with the exception of
sample CC250622 from batch 2, the average G2D value of all the
7388 | Nanoscale Adv., 2025, 7, 7382–7394
samples falls below this threshold. The mean value of 36 cm−1

for the sample CC250622 slightly exceeds the predetermined
threshold. Moreover, comparative analysis of the samples
against two separate commercially available monolayer gra-
phene samples, under the same mapping conditions, revealed
that although G2D was less than 35 cm−1, the I2D/IG ratio was less
than 2, which indicates that graphene lms in this work are of
higher quality and support the conclusion that the synthesized
graphene was primarily monolayer.

Interestingly, although the analysis of the I2D/IG ratio and
G2D reveals the high quality of the synthesized graphene, Fig. 8
shows possible parameter uctuations, indicating the likeli-
hood of variations within a batch (intra-batch) and among
different batches (inter-batch). To analyse this further, machine
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 8 Box plots showing the data variations for each position (A, B, C, C and centre CC) from each batch and for the two commercially available
brands, (a) G2D, (b) I2D/IG peak ratio, (c) uG and (d) u2D. Blue shaded regions in (a) and (b) illustrates the thresholds for which G2D < 35 cm−1 and I2D/
IG > 2 associated with monolayer graphene according to the National Physical Laboratory (UK).23
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learning (ML) tools were used to help identify the most statis-
tically informative Raman features for data classication. To
predict sample batch assignment and rank the importance of
predictor variables, a random forest algorithm was employed.44

The algorithm was coded in Python by using the open-source
Pandas and Scikit-learn modules.59 To train the model 7 char-
acteristics from the Raman ttings were used: uG, u2D, GG, G2D,
IG, I2D, and I2D/IG ratio (where u is the peak position, G fullwidth
at half height and I intensity). Overall 4225 data points were
used, with 70% allocated for model training and 30% for eval-
uation, using the batch number or sample position as the
output variable.

The model was able to correctly classify the batch number
with an accuracy of 83% and F1-score of 83%, which indicates
inter-batch variation. This high level of performance is partic-
ularly signicant as it demonstrates that the subtle uctuations
© 2025 The Author(s). Published by the Royal Society of Chemistry
in Raman spectra are not random but contain distinct, quan-
tiable information that can be used as a “ngerprint” for each
batch. The confusion matrix in Fig. 9a further validates this
nding, showing a minimum accuracy of 76% and conrming
the model's robustness across all batches. By utilizing the
model to identify the key parameters responsible for these
variations, we can further analyse them, which allows the
parameters to be linked to their respective underlying physical
inuences.

From the feature importance, Fig. 9b, is clear that uG, u2D,
GG, G2D are the main features to consider for data classication,
suggesting that strain and unintentional doping are essential to
understand the sources of variation between batches. This
could be expected as it has been widely demonstrated that shis
in G and 2D peak positions are correlated to strain and doping
effects.25,40 Pristine graphene sheets can display a random
Nanoscale Adv., 2025, 7, 7382–7394 | 7389
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Fig. 9 Permutation feature importance and normalised confusion matrix for batch (a and b) and in–out-centre (c and d) prediction. The higher
the diagonal values in the confusion matrix the better, with the incorrect predictions out of the diagonal. The sum of each row equals one. A
perfect score would have a 1 across the diagonal. The remaining cells contain inaccurate predictions.
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distribution of compressive and tensile strains ranging between
−0.2% and 0.4%.40 The difference in thermal expansion coef-
cients between graphene and copper is likely to subject the
whole sample to this level of strain during the rapid cooling step
as part of graphene lm production, which in turn could be
used by the model as a ngerprint to distinguish between
Fig. 10 CVD set up; 1 and 2 hydrogen and methane mass flow controll

7390 | Nanoscale Adv., 2025, 7, 7382–7394
batches.48,60 Experimental and theoretical calculations of the
Gruneisen parameter report shis of the G and 2D bands with
respect to the strain applied (% 3) as DuG/D3 = −57.8 cm−1/%
and Du2D/D3 = −140 cm−1/%, so under biaxial

strain
Du2D

DuG
� 2:2.25,26 Similar ndings have been observed for
ers, respectively, 3 rotameter for argon, and 4 the vent valve.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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the G, showing a DG2D/DGG ratio of approximately ∼2.2.34

Hence, even small strains of approximately ±0.1% can lead to
a broad range of uG, u2D and G2D values. These variations can be
seen in graphene lms produced both in this work and in the
commercial samples. Unintentional p-doping from the Si/SiO2

substrate, residual ferric chloride, or polymer residue from the
transfer process could also play a part.36,37,39,54 It has been
previously shown that the average shi produced by p-doping

is
Du2D

DuG
� 0:7.40 The I2D/IG ratio should similarly be inuenced

by doping, but interestingly it was not identied as a key feature
by the random forest algorithm, indicating that the strain is
likely the primary factor contributing to the shi in uG and u2D.

As for the data classication by position respect to the ow
inlet, the model was able to classify the position of the sample
with a training set accuracy of 73%, and F1 score of 73% and
a minimal accuracy of 59% to predict centre position in the
batch (see Fig. 9c). The signicantly reduced accuracy of the
model suggests lower intra-batch variation. Again, the most
useful Raman features to distinguish between front (IN), centre
(CC) and back (OUT) positions respect to ow direction were
u2D, G2D, and uG, Fig. 9d. Reduced accuracy suggests the
model's difficulty in determining sample position relative to
ow direction, indicating an acceptable batch homogeneity.
Conclusion

A simple and readily accessible low-cost LPCVD setup that uses
off-the-shelf copper foil, with no pretreatment, has been shown
to produce consistently high-quality large area graphene lms
(6.5 × 4 cm2) that are comparable, or better, than commercially
available material. SEM observations show a continuous gra-
phene lm with very few adlayers and wrinkles. Moreover, AFM
measurements and TEM observations conrmed the predomi-
nantly monolayer nature of the lms synthesized. Raman
mapping was used to obtain statistically meaningful estimates
of the mean of two key parameters G2D and I2D/IG to characterise
the quality of monolayer graphene. It was found that in most of
the samples, G2D < 35 cm−1, and the I2D/IG ratio was larger than
that of commercial material, suggesting a predominantly
monolayer nature of the graphene lms with lower doping or
defect levels. Remarkably, although minimal variations
between batches was observed, machine learning using the
Random Forest algorithm could be used to determine the main
features for batch classication and position of the copper
growth substrate with respect to the gas ow. Interestingly,
these features were the peak positions and full width at half
maximum of the G and 2D peaks and not the I2D/IG ratio, as one
might expect given the vast amount of literature, as they are
related primarily to residual strain which is present due to
differing thermal expansion coefficients of graphene and the
copper substrate. Although here we highlight the inherent
variability anticipated in hot wall systems, we anticipate that
this methodology could be readily applicable to the spatial
characterization of graphene lms from cold wall systems.
Ultimately, this would enable a full comparative analysis of
inter-batch differences and spatial homogeneity of CVD
© 2025 The Author(s). Published by the Royal Society of Chemistry
graphene lms, which would be highly relevant for future
quality control in either a laboratory or commercial setting.
Methods
Graphene growth process

Graphene was grown using a homemade set up which consists
of a mixer gas chamber with two mass ow controllers for CH4

and H2 (Brooks 5850 TR) and one rotameter for Ar (Brooks 1355/
D2C2D1C00000), a commercial furnace (Carbolite, EST12450B-
230SN), pressure gauge (KJL275806), needle valve, cold trap,
and a pump (TRIVAC D 2,5 E). A 32 mm diameter and 1 m-long
quartz tube was used as the reaction chamber (with a 100 mm
uniform heating zone), (Fig. 10).

Copper foil (Alfa Aesar 46986.RF, 25 mm thickness, 99%
purity) was cut to desired size (6.5 cm × 4.0 cm), rinsed with
acetone followed by isopropyl alcohol rinse and dried with
nitrogen gas. The substrate was then wrapped up in the quartz
tube at the middle of the furnace, the lines were purged with 27
lpm: 15 sccm: 15 sccm Ar:CH4:H2 for 10 min and another 5 min
just under Ar ow. At this point the vent valve was closed and
the argon ow was stopped and the pump was turn on, the
system was then pumped until 43 mTorr was reached. Then 10
sccm of hydrogen was introduced before beginning the heating
cycle, the rst heating ramp was 43.9 °C min−1 until 900 °C was
reached and reduced to 10 °C min−1 until 1000 °C was reached.
The substrate was annealed for 30 min, aer which the
hydrogen ow was increased to 15 sccm and 7 sccm methane
was introduced into the chamber to start the graphene growth
process. Aer 10 min, enough for full graphene coverage on the
copper substrate, heating was stopped and the furnace was
opened when the temperature reached 900 °C, when the
temperature reached 140 °C, argon was introduced at 27 lpm
and the hydrogen and methane feeds were stopped. Argon ow
was maintained for 5 min aer which the pump was turned off
and the vent valve was opened. Finally, the quartz tube was
opened to remove the graphene on copper foil. The fresh gra-
phene was placed in a Petri dish and sealed with paralm for
future use.
Graphene transfer process

Fresh graphene was transferred on to glass and silicon/silicon
oxide (Si/SiO2) using a wet transfer method.61 A 1 cm2

graphene/copper foil (Gr/Cu) was cut and attached to thermal
release tape, spin-coated with 50 ml of PMMA (8% w/w in ani-
sole, Mw ∼120 000) at 2000 rpm for 1 min, cured at 115 °C for
30 s and the thermal release tape was released. The Gr/Cu was
placed for 2 min in a oxidizing solution (2 : 2 : 21 v/v HCl (37%) :
H2O2(30% w v−1) : H2O), placed in deionized water (DI) bath for
13 min, placed in 1 M FeCl3 for 15 min at 55 °C, followed by
washing in 3 DI water baths, 10 min for each one. The graphene
lm was then carefully removed by transferring on to a glass or
Si/SiO2 substrate (Gr/S). The Gr/S was placed on hot plate at 40 °
C for 30 min, then placed in a drying oven at 130 °C for 30 min
with ∼45° inclination. Finally, it was placed in an acetone bath
Nanoscale Adv., 2025, 7, 7382–7394 | 7391
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at 55 °C for 2 h, rinsed in acetone, rinsed with isopropanol, and
dried under nitrogen (N2).
Characterization methods

SEM images to analyse the surface morphology of graphene on
copper, and aer the transfer process on Si/SiO2 substrate, were
recorded using Zeiss Sigma 360 VP microscope at 5.0 kV. TEM
characterization was carried out using JEOL 2100F FEG micro-
scope at 200 kV, the samples were prepared using the polymer
free method62 to transfer graphene from copper on to holey
carbon TEM grids.

Raman maps were collected using a Horiba LabRam Evolu-
tion confocal Raman microscope with 50× long-working-
distance and a 532 nm diode laser operating at ∼1.1 mW. The
instrument was calibrated using the Si line at 520.7 cm−1. Five
samples (one at each corner and one at the centre) were taken
from each analysed batch and Raman maps were taken over
a 13 mm × 13 mm area with 169 point spectra. All the ttings
were done using Lorentzian tting in Origin Pro 2024 soware.

For machine learning training, an Excel le was imported,
with each feature (uG, IG, GG, u2D, I2D, G2D, I2D/IG) and output
label separated columns. For batch prediction, output labels
were 1, 2, 3, 4, 5 and for sample position respect to the gas ow
were IN, OUT and CC (centre). A total of 4225 Raman spectra
were used to implement this algorithm. For the random forest
classier 100 decision trees were chosen and bootstrap
sampling is used to generate randomly new data sets, for each
tree, extracted from the original data set. Bootstrap sampling
ensures the resulting training sets are independent and
preserve the original data distribution. The original data (4225
points) set was randomly split across all spectra, ensuring all
positions or batches contributed equally. The model was
trained on 70% of the data, with the remaining 30% used for
validation. Accuracy and the F1 score served as our performance
metrics. The top permutation feature importance was consid-
ered as the indicator of which Raman features are most useful
to the model for distinguishing between batches or sample
position in the batch. The confusion matrix was calculated from
the validation data set.
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