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High-speed x-ray reflectometry for characterization of thin film growth at high deposition rates
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We present a high-throughput, real-time study of PTCDI-C8 thin film growth using quick x-ray reflectivity
(qXRR) with 12 ms time resolution, combined with machine learning-based analysis. In situ qXRR enables
monitoring of vacuum deposition at growth rates from 1 to 30 Å/s, accessing a previously unexplored regime
in molecular beam deposition. To efficiently analyze the resulting ∼20 000 reflectivity curves, we employ a
convolutional neural network trained on a physics-informed multilayer model. This approach robustly extracts
key structural parameters—including thickness, roughness, and crystalline versus amorphous content—from
noisy data. We quantify interface roughness as a function of both film thickness and growth rate, identifying
rapid roughening with a scaling exponent of β = 0.62 with film thickness and a secondary scaling exponent of
γ = 0.21 with growth rate. Additionally, we observe a reduction in the coherently ordered film thickness and
a rise in amorphous content at higher deposition rates. These results demonstrate that combining qXRR with
machine learning provides quantitative access to fast kinetic growth processes, offering a powerful tool for in

situ characterization and morphological control in organic thin film fabrication.
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I. INTRODUCTION

Understanding thin film growth processes is challenging
due to kinetic effects in nonequilibrium growth. While in situ

techniques with atomic spatial and high temporal resolutions
are experimentally demanding, recently developed quick x-
ray reflectometry (qXRR) methods offer a promising route,
enabling real-time observation of thin film growth dynamics
also at high speeds [1–6]. However, despite achieving impres-
sive time resolutions in the millisecond range and producing
more than 104 qXRR curves for typical growth times of sec-
onds and minutes [6], the datasets can be noisy due to the
short counting times. Here machine learning (ML) [7] offers a
powerful solution to deal with large datasets as well as noisy,
sparsely sampled, or incomplete data [8,9]. In addition to
handling noise, ML models provide near-instantaneous infer-
ence, which is critical for high-throughput and in situ analysis
scenarios. The Neural Networks (NN) can be tailored to an-
alyze data based on a complex model introduced through the
training data [9–11]. The training of an NN is computationally
expensive, so it is not particularly suited for performing a
single XRR curve analysis. In contrast, for large datasets from
in situ growth studies the initial training time is less important
and the fast analysis speed makes it a compelling choice
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when compared to traditional curve fitting algorithms such as
differential evolution [12–14].

This work deals with organic molecular layers which are
used for applications in electronics [15–18] and optics [19],
where well-defined film structures are key to the functionality
of various devices [20,21]. Organic molecular beam deposi-
tion (OMBD) is a popular method used to fabricate ultrathin
films with precise thickness control [22,23]. This technique
is valuable in applications where a precise layer formation
is crucial, such as in organic light-emitting diodes (OLEDs)
[24,25], solar cells [26], and organic field-effect transistors
(OFETs) [16,27,28]. For these devices uniform thickness,
smooth surfaces, and well-ordered molecular layers, are crit-
ical for ensuring their performance [16,27,29]. However, thin
film growth is a challenging process and film quality is af-
fected by multiple parameters such as substrate structure,
substrate temperature, and deposition rate [30,31].

A challenge in the formation of smooth and crystalline thin
films arises from stochastic growth [32], which is governed
by the random movement and adsorption of molecules on
the substrate, often leading to surface roughening. Usually, a
random-fractal model is used for the description of a rough
surface from which follows a power law scaling relation
(Family-Vicsek scaling) of σ (h) ∝ hβ where h is the average
thickness or height of the film and β is the growth exponent
[33]. For a statistical ‘hit and stick’ growth, β equals 0.5 cor-
responding with the highest limit for the random deposition
without diffusion, while the case when β > 0.5 is denoted
as a rapid roughening. Rapid roughening has been reported
for systems such as the molecule diindenoperylene [34] in
intermediate thickness ranges from 20 nm to 1 µm, but the
scaling relation is not valid for ultrathin films of few mono-
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layers [35]. Rapid roughening is often observed for molecules
with high aspect ratios, which tend to form rougher films with
large β [36], but also inorganic materials such as the transition
metal dichalcogenide MoS2 exhibits it [37]. Rapid roughening
has been investigated in a range of studies [34,37–40] and
although the precise mechanism of rapid roughening remains
unclear, it is believed to arise from spatial inhomogeneities
caused by tilt domains of anisotropic molecular building
blocks and energy barriers at monolayer step edges, which
hinder adatom movement and increase surface roughness.

In addition to surface roughness, the molecular order
within the layer is also important. Organic thin films can
grow in a layer-by-layer fashion at least initially, but besides
roughening also the growth of coherently ordered surface
parallel lattice planes can break down once a critical film
thickness is exceeded [41,42]. Beyond the coherent film
thickness, the ordering can change to amorphous, textured
polycrystalline films with high mosaicity, or a 3D powder
[43]. While often crystalline layers are desirable also amor-
phous films can be application relevant. An amorphous layer
can exhibit higher mechanical flexibility than a crystalline
layer [44]. Amorphous layers are often used in OLEDs as the
random orientation of molecules leads to more isotropic light
emission [45–47]. The growth conditions for such tailored
amorphous, polycrystalline or textured thin films are often
optimized by trial and error, however, in situ measurement can
accelerate this search. Therefore, techniques such as ellipsom-
etry [48], x-ray reflectometry (XRR) [49], electron diffraction
[50], and spectroscopy [51] are routinely employed. XRR is
a nondestructive technique that provides material density, Å-
level precision in measuring thin film thickness, and interface
roughness [52–55]. However, its limited temporal resolution,
with acquisition times in the tens of seconds [49,53,56–61]
or 10 ms in highly specialized setups [4], restricts real-time
monitoring of rapid film growth, leading most in situ OMBD
studies to focus on slower evaporation rates of 0.1 to 1 Å/s
[10,62].

In this work, we study roughness and crystallinity of
molecular films by combining quick x-ray reflectivity (qXRR)
with a machine learning-based analysis pipeline to investigate
PTCDI-C8 thin film growth at unprecedented deposition rates.
Our main results are as follows: (i) We achieved real-time,
in situ monitoring of vacuum deposition at 1–30 Å/s with
12 ms time resolution, extending XRR capabilities into a
previously inaccessible kinetic regime for molecular beam
deposition. (ii) We performed high-throughput structural anal-
ysis of ∼20 000 reflectivity curves using a convolutional
neural network trained on a physics-informed multilayer
model, enabling robust extraction of thickness, roughness, and
crystalline versus amorphous content from noisy data. (iii) We
quantified roughening dynamics, identifying rapid roughening
with a thickness scaling growth exponent β = 0.62 and a
secondary growth rate scaling exponent γ = 0.21. (iv) We
observed structural transitions from crystalline to amorphous
or misaligned fraction within the film at greater thicknesses
and higher deposition rates. These results establish a pathway
for real-time, quantitative characterization of thin film growth,
with implications for process optimization and morphological
control in devices.

II. EXPERIMENT

We evaporated the organic semiconductor molecule N,N’-
di-n-octyl-3,4,9,10-perylenetetracarboxylic diimide (PTCDI-
C8) [63–65], which we use as a model system of organic
thin film growth. The PTCDI-C8 molecules have garnered
significant attention due to their exceptional electronic prop-
erties and potential uses in organic photovoltaics, OFETs,
and OLEDs. PTCDI-C8 is an n-type organic semiconductor
[66–69], exhibiting electron mobilities in organic thin film
transistors of up to ∼1.7 cm²/Vs [66]. The molecule features
a planar core flanked by two alkyl chains, contributing to its
stability and functionality in ambient conditions.

To perform qXRR measurements we used the high-
resolution diffraction beamline P08 at PETRA III, DESY
[70], where the energy of the primary beam was set to
18 keV. We use a qXRR setup reported in Ref. [6] with a high
time resolution. In short, the setup is based on the method
developed by Seeck et al. [5], where the sample is mounted
on a wedge-shaped sample holder on the top of a motor so
that it wobbles. The sample holder features a wedge angle
(ωmax) of 2◦. Consequently, as the motor rotates, the sample
alters its inclination with respect to the beam, ranging from
0◦ to 2◦, depending on the specific holder used. The reflected
beam is recorded on a pixel detector located behind the sample
where the reflected beam makes an ellipse-like shape [Fig.
S1(b) of Supplemental Material Ref. [71]]. The qXRR attains
high time resolution by simultaneously collecting reflectivity
data across a range of incident angles, unlike conventional
XRR which scans sequentially. This parallel acquisition al-
lows rapid measurements with temporal resolution down to
the millisecond range, making it well-suited for studying dy-
namic processes in real time.

The experimental deposition chamber was equipped with
evaporators positioned above the sample to enable in situ

molecular beam deposition [63,72]. These evaporators were
loaded with PTCDI-C8 molecules in powder form, and the
growth rate was controlled via setting a constant electric
power to give the desired evaporation temperature at the
crucible and monitored through Quartz Crystal Microbal-
ance (QCM) readings. For this experiment, we modified a
hard drive motor to operate under high vacuum conditions
(2.5 × 10−6 mbar) and we mounted it into a portable vacuum
chamber for OMBD [29,72,73]. This chamber was exten-
sively modified to accommodate the motor, including a light
barrier to read the rotation speed which is necessary to trigger
the detector read-out and measure the rotation frequency.

We maintained a constant rotation speed of 40 Hz on the
motor for all experiments. We recorded two qXRR curves
per 25 milliseconds, with each single qXRR curve obtained
within 12.5 milliseconds. Given that the reflectivity spans a
very large intensity range across several orders of magnitude,
we placed a fixed set of absorbers in front of the detector
to capture the full reflectivity curve accurately within the
available dynamic range of the detector. Due to the absence
of slits between the sample and the detector, air scattering
significantly contributed to background noise despite a beam-
stop shortly after the sample. To mitigate this, we read out the
detector every millisecond, which reduced the acquisition of
background noise as compared to 12.5 ms integration times
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for a full qXRR curve. Consequently, the final qXRR curves
were reconstructed from multiple 1 ms detector images in
which short ‘signal stripes’ were visible corresponding to
small q-range sections of the complete XRR curve [Fig. S1(a)
[71]].

All experiments were conducted on silicon wafers which
had a silica layer of 45 Å thickness. Samples were cut from
the wafer using a laser cutting machine and cleaned in an ul-
trasonic bath with acetone and isopropanol. The dried silicon
wafer was mounted onto the sample holder using double-sided
carbon tape suitable for vacuum environments (Labtech). The
sample holder with the silicon substrate was then mounted
onto the motor. During setup, the sample was covered with
a light aluminum shutter that flew off once rotation started,
allowing us to establish the desired molecular deposition rate
before starting measurements. We investigated molecular de-
position rates ranging from 1 to 30 Å/s, conducting seven
experiments.

The detector data extraction pipeline was similar to the
pipeline described already in our previous work [6]. In short,
the data were analyzed using a Python script (see data avail-
ability statement) where the ellipse-like shape of the specular
beam on the detector was analyzed and fitted according to its
shape, where the shape is given by ωmax (steepness of the
sample holder). Although ωmax is constant, the mounting of
the sample can introduce a slight offset as the sample may not
be perfectly parallel to the holder. Once the elliptical shape
was fitted, the XRR curve was extracted and normalized.
This included corrections for angular speed variations and
therefore different exposure times at different angles, absorber
correction, and footprint correction. In this publication, we
made several modifications with respect to the processes in
Ref. [6] due to the reconstruction of qXRR curves from multi-
ple ‘signal stripes.’ The ‘signal stripes’ where created by 1 ms
integration time and consequently one XRR curve was made
as a stack of 12 ‘signal stripes’ (Fig. S1 [71]). First, we devel-
oped a script to detect when a reflectivity edge appeared on
the detector. Subsequently, we extracted nine subsequent and
two previous ‘stripes’ since a single XRR measurement took
12.5 ms. We mapped pixels to corresponding q values and
extracted the highest measured value for each q value. Due to
two–three pixel gaps between ‘stripes,’ our algorithm iden-
tified and removed these gaps, then extrapolated data from
neighboring q values (Fig. S1 [71]). One limitation of this
method was that the read-out capacity of the setup was limited
to 2000 images, covering only 2 seconds of thin film growth.
Additionally, communication between the data storage and
the detector required 10.5 seconds, resulting in noncontinuous
data collection from the formation of the PTCDI-C8 thin layer
(as shown in Fig. 2 and Figs. S4–S10 [71]).

III. PHYSICS-INFORMED STRUCTURAL MODEL

We utilize a physical parametrization for a complex multi-
layer structure to represent the growth dynamics of thin films
with a limited number of parameters [10]. The sample consists
of a silicon/silicon oxide substrate topped with a thin film
composed of repeating identical PTCDI-C8 monolayers, each
consisting of regions with higher scattering length densities
(SLDs) at the molecular core and lower SLD for the side

chains. The structure of the thin film is further modeled using
two sigmoid/error function [74]) envelopes. A total sigmoid
envelope cuts the SLD profile of the monolayers, defining the
total film thickness and the roughness at the top interface.
It helps in modeling the gradual transition in SLD from the
bulk of the film to the vacuum SLD, accounting for surface
roughness. A second sigmoidal envelope modulates the SLD
contrast for describing a coherently ordered, crystalline part
of the multilayer. It enables the representation of a film that
is coherently ordered up to a certain thickness, beyond which
it becomes incoherently ordered or amorphous (Fig. S2 [71])
(see also Refs. [12,75,76] therein). This scenario is often
observed when Kiessig’s and Laue’s fringes display different
periodicities.

Additionally, a ‘phase layer’ is introduced between
the substrate and the multilayer. This layer accounts
for the PTCDI-C8 side chains in contact with the substrate and
the interface structure, which might differ from the multilayer
period. The phase layer is crucial as it significantly influences
the scattering phase relationship between the substrate reflec-
tion and the Bragg reflection, affecting the shape of the curve
around the Bragg reflection due to constructive or destructive
interference [11].

The model has 17 parameters: 3 describing the substrate,
3 describing the phase layer, and 11 describing the multilayer
[10]. However, due to the high-dimensional parameter space,
predicting these parameters from noisy experimental data is
challenging [9]. To achieve better model performance, we
restricted the parameter space and implemented the complex
multilayer structure model into the refnx [12] fitting algo-
rithm, enabling the extraction of all parameters from a refnx
fit. This approach allows us to extract substrate and phase
layer parameters from a standard XRR measurement with a
low-noise background. With determined parameters for the
phase layer and substrate, we trained the neural network with
only seven parameters, significantly improving the efficiency
and performance of our neural network model. The parameter
ranges are shown in Table I.

The rest of the parameters were set as constants.
Namely, parameters for silicon, silicon oxide, and the phase
layer. The silicon parameters were SLD = 21.861 10−6 Å−2

and roughness = 1 Å. The silicon dioxide parameters were
used as SLD = 21.2632 10−6 Å−2, roughness = 1.2 Å, and
thickness = 47 Å. Finally, the phase layer parameters em-
ployed were SLD = 16.7 10−6 Å−2, roughness = 7.8 Å, and
thickness = 5.3 Å. These constant parameters were deter-
mined from the refnx fit to constrain the training parameter
space for the NN.

IV. NEURAL NETWORK

In our study, we evaluated several established neural
network architectures, including the standard Dense Neural
Network [7], 1D Convolutional Neural Network [77], ResNet
[78], DenseNet [79], and EfficientNet [80]. Among these,
the DenseNet-BC architecture provided the best and most
consistent performance with our experimental data. We used
a normalized XRR curve as input for the neural network and
opted for 1D convolutional layers. The optimal architecture
was identified by the validation performance and stability on
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TABLE I. Parameter ranges for the neural network training and refnx prediction. Values fitted with refnx and predicted with NN for a thin
film after the growth at a deposition rate of 1 Å/s (Fig. 1).

Variable Fit range Refnx fit NN prediction

Monolayer thickness [Å] [18,27] 20.84 ± 0.01 20.76
SLD low [10−6 Å−2] [2,9] 8.2 ± 0.3 6.95
Difference between SLD high and SLD low [10−6 Å−2] [4,14] 7.7 ± 0.2 11.72
Total film thickness [monolayers] [−0.5, 30] 23.9 ± 0.1 23.32
Roughness [monolayers] [0.1, 5] 0.62 ± 0.02 0.77
Coherent film thickness [monolayers] [−3, 31] 23.3 ± 0.8 23.3
Coherent layer roughness [monolayers] [0.1, 4] 2.6. ± 0.3 0.15

the experimental data set. The architecture consisted of five
dense blocks with depths of [4,4,6,6,10] 1D convolutional lay-
ers interconnected by transition layers, a growth rate k = 12
and a compression factor θ = 0.7. Additionally, it featured
a flatten layer followed by a multilayer perceptron (MLP)
[81]. To enhance performance, each dense block’s output was
flattened and then fed into a separate MLP. The MLPs outputs
were concatenated to create a tensor that was channeled to
our seven outputs (Fig. S14 [71]). We used the GELU [82]
activation function for hidden layers, the sigmoid activation
function for the output layer and the Adam [83] optimizer.

We trained the neural network using data generated with
refnx. Initially, we set the boundaries for the open param-
eters as specified in Table I. The generated data were then
augmented to reflect the same noise distribution observed in
the experimental data. We added Poisson noise, using the
maximum counting statistics derived from the measurement,
and introduced background noise to the simulated data. This
data augmentation process significantly improved the model’s
performance on the experimental data. We generated a dataset
of ≈107 XRR curves that fit on our GPU VRAM (Nvidia
GeForce RTX 2080 Ti) and trained the neural network for
10 epochs. The size of the validation data set was 106 XRR
curves. We used Python programming language and the GPU-
integrated TensorFlow [84] library for our NN architecture.

We used the prediction made by the trained neural net-
work as starting parameters for the multilayer structure
model in refnx. The Neural Network provides an imme-
diate guess for the thin film parameters that are close
to the ground truth [85–91]. Ground truth refers to the
known parameter values used to assess prediction accuracy.
These values are exact for synthetic data and approxi-
mated using growth rate–thickness trends in experimental
data.

This resulted in improved fitting quality and faster fitting
times. However, the accuracy of predictions for thin films
with just one to three monolayers was limited due to the com-
plexity of the multilayer structure model. The neural network
had difficulty predicting accurate parameters when the Bragg
peak was missing or when the sigmoid representing coherent
layer growth was defined by only one or two monolayers.
Conversely, the neural network performed better than refnx
for very thick layers, where oscillations become narrower and
harder to distinguish from noise (Fig. S3 [71]). Additionally,
the neural network’s prediction speed was significantly faster
(a few milliseconds per curve) compared to traditional fitting

methods (which usually takes more than ten seconds). How-
ever, conventional fitting methods have the advantage of not
requiring training or data generation. Given the size of our
datasets, which include thousands of XRR curves, we chose
to use the NN prediction as our primary method due to its
significant speed advantage of 5 ms per prediction compared
to ∼10–100 seconds from refnx fits and we used refnx fits
only with NN starting values for exemplary fits shown in the
manuscript.

In our data analysis, we utilized NN prediction as the
primary tool, specifically employing a DenseNet architecture.
This choice was driven by the speed of the NN predictions and
their superior performance on noisy data. Traditional methods
like refnx with a multilayer model often encounter challenges
when analyzing thicker films deposited at higher growth rates.
In such cases, it becomes difficult to distinguish actual oscilla-
tions from noise introduced by factors such as absorber edges,
gaps between stripes, and interpolation errors. As a result,
refnx may tend to fit higher values for total and coherent
roughness, which can suppress the oscillations. This issue is
not inherently due to the fitting algorithm itself but rather
stems from the limitations of the model, where certain param-
eters can correlate, leading to incorrect fits [as demonstrated
in Supplemental Material Fig. S3(a) [71]]. Such fitting issues
can be mitigated by either constraining the parameter space or
setting the initial values of the fit closer to the expected results
[Fig. S3(a) [71]] (see also Refs. [34,36,38,92] therein).

V. RESULTS

A. Standard postgrowth XRR

Figure 1(a) shows postgrowth XRR measurements using
standard diffractometer scans on a 500 Å PTCDI-C8 thin film
grown at a slow growth rate of 1 Å/s. We fit the standard,
low-background XRR data with refnx where the initial values
were defined by the NN prediction [Fig. 1(a) (red)]. We also
show the NN prediction on the same XRR curve [Fig. 1(a)
(orange)]. In Fig. 1(b) we compare the corresponding SLD
profiles for the refnx fit (red) and the NN prediction (orange).

Overall, the NN fit and refnx fit yield similar structures,
with the SLD profiles showing PTCDI-C8 layering, similar
film thickness and roughness. However, refnx finds a better
fit using a layer that is one monolayer thicker. As the NN
is trained on noisy data of qXRR, the performance on this
low-noise postgrowth XRR is not as good as the refnx fit
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FIG. 1. A comparison of the refnx fit and NN prediction on the standard 400-second long XRR measurement of a thin PTCDI-C8 film
using the same multilayer structure model. (a) refnx fit of the measurement (red) and the NN prediction (orange). (b) Corresponding SLD
profiles of the sample for the refnx fit (red) and the NN prediction (orange). The inset shows the chemical structure of PTCDI-C8 with dashed
lines indicating the size of the molecular core and the interdigitating side chains in the SLD profile.

with the NN results as starting values. This in part explains
the lower prediction quality of the NN for the oscillations
beyond the Bragg peak [Fig. 1(a)]. The fitted and predicted
parameters of the thin film layer are shown in Table I. The
parameters are mostly comparable apart from a difference
in SLD contrast where the NN predicts higher SLD. In the
Supplemental Material (Fig. S3 [71]), we provide a compre-
hensive comparison of the refnx fit without NN initial values,
the NN prediction, and the refnx fit with NN starting values
on the qXRR curve measured during thin film deposition at
2 Å/s. This comparison demonstrates that the NN prediction
is close to the true solution and can generate predictions for
a single XRR curve within a few milliseconds. The refnx fit
with NN starting values achieves closer alignment between fit
curve and experimental data but requires several minutes to
process a single XRR curve. In addition to the speed advan-
tage of NN over refnx, the NN approach performs better when
analyzing thicker films with multiple narrow oscillations. This
may be due to several factors. The NN was trained using noisy
data, where the noise and missing data profile was designed
to mimic experimental conditions, including absorber edges,
stripe gaps, background noise, and interpolation artefacts.
Therefore, the training allowed the NN to more accurately
handle the complexities of the data, providing a robust alter-
native for analyzing thicker films where traditional methods
may struggle.

B. In situ measurements

We performed experiments where we grew PTCDI-C8

thin layers with seven different growth rates to give insight
into the growth dynamics, beyond the available studies that
have so far only worked at slow deposition rates due to
limited XRR acquisition times. We varied the growth rate

from 1 to 30 Å/second throughout the experiments while
the XRR time resolution was fixed with one qXRR curve
measured in 12.5 milliseconds. Here we exemplarily show
the data predicted by the NN from the experiment with
the slowest growth rate of 1 Å/second as the data set has
the largest number of curves (Fig. 2). The experiments
at all other rates are shown in the Supplemental Mate-
rial (Figs. S3–S9 [71]). A single neural network was used
across all experiments, with substrates sourced from the
same wafer to maintain consistency. Note, that even for the
slow growth rate, the fast acquisition speed is beneficial as
the film thickness is not changing during a single measure-
ment. This compares favorably to standard XRR measurement
where the measurement time is significantly longer and the
change of the thickness during a single XRR scan must be
considered [10].

The data consists of multiple data clusters, each cluster
consisting of 37 qXRR curves with a 10.2 second delay
between clusters due to the internal detector memory and
detector readout speed at the beamline at the time of the
experiment. Figure 2 shows the most important parameters of
the model as a function of molecular exposure which corre-
sponds to growth rate times deposition time. It is equivalent
to the deposited film thickness in the case of a 100% stick-
ing coefficient. The total and coherent thickness [Fig. 2(c)]
are calculated from the relative position of the total and co-
herent sigmoid, respectively. Similarly, the total roughness
[Fig. 2(d)] is derived from the relative widths of the total
sigmoid.

The total as well as the coherent thickness [Fig. 2(c)] agree
at the beginning of the growth, while for a thicker film the
coherent thickness trails the absolute thickness with a small
gap, which indicates a thin amorphous or untextured layer
forming so that the film is no longer fully coherently ordered.
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FIG. 2. Growth of the thin PTCDI-C8 layer under the growth rate of 1 Å/second. (a) Neural network prediction polished with refnx fit of
sample curves recorded within 12 ms each during the growth. (b) Corresponding SLD profile of the sample curves indicating the formation of
the layers. (c) The evolution of the absolute (blue) and coherent (orange) thickness, mean value, and MAE variation is shown in the plot. (d)
Absolute roughness as a function of the molecular exposure where mean value and MAE variation are shown.

The total roughness as shown in Fig. 2(d), increases with a
thicker layer, which can be described by a scaling law

σ ∼ tβ , (1)

where σ is roughness, t is thickness and β is a growth expo-
nent [34,93–95].

Since the growth contains ∼2200 qXRR curves, we present
a small selection of measured and fitted qXRR curves in
Fig. 2(a). The fitting process uses the trained neural network,
with its predicted parameters serving as the initial guess for
refinement using the refnx fit. This approach greatly enhanced
the performance of the refnx fit, especially on quickly mea-
sured noisy data where fitting with a complicated model
function might otherwise fail. Alongside the fitted qXRR
curves, Fig. 2(b) displays the corresponding SLD profile of the

sample where we see the formation of individual molecular
monolayers as described by the structural model.

We analyzed all the experiments in a similar manner, ex-
tracting the seven predicted parameters and plotting them as a
function of the molecular rate (see Figs. S4–S10 [71]). Addi-
tionally, we extracted the total roughness as a function of the
total thickness, which can be fitted with the above scaling law.
However, as shown in Fig. 4, roughness increases not only
with the layer thickness but also as a function of the growth
rate. This behavior cannot be described in the Family-Viscek
scaling theory framework, so we extend it using a second,
phenomenological scaling relation as a function of growth rate
Gr with an exponent γ . The data can be fitted with a double
exponential function [93,96–98]

σ (t, Gr) ∼ tβ
· Grγ . (2)
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FIG. 3. Roughening of a thin layer as a function of the thickness
and growth rate. The red plane is a fit using the scaling relation of
Eq. (2). The fit uses NN roughness predictions of all XRR curves
within our study.

Using this function and data from experiments conducted
at different growth rates, we can model roughness as a func-
tion of both thickness and growth rate (Fig. 3). The red plane
in the log-plot shows the functional fit with Eq. (2), and
the fitted parameters are β = 0.62 and γ = 0.21. Our mea-
surement finds a value β = 0.62, indicating so-called rapid
roughening, that is faster roughening than the random deposi-
tion limit, with β =

1
2 [99]. The exact fit value for γ depends

slightly on the used data. When we used averaged roughness
instead of all predicted values, parameters were determined
as β = 0.61 and γ = 0.24. While Fig. 3 shows an overall fit
of all growth rates with the scaling description of Eq. (2),
we also fitted the roughness as a function of thickness for
each experiment independently (Fig. S11 [71]). Assuming a
constant proportionality constant of 0.77 and γ = 0.21, we
extracted the growth exponent β for each experiment, yielding
β = 0.62 ± 0.03.

C. Coherent thickness and amorphous content

We consistently observed from the experimental data that
the ordered fraction of the film diminishes with higher growth
rates (see Fig. S13 [71]). In Fig. 4(a), the coherent thickness
is plotted as a function of molecular exposure for all exper-
imental growth rates. As growth rates increase, the growth
speed of the coherent part diminishes, and the final coherently
ordered film thickness decreases. Figure 4(b) presents the
SLD profiles corresponding to qXRR curves obtained during
slow growth, where the layer is nearly entirely crystalline (see
Fig. 2). Conversely, Fig. 4(c) illustrates the SLD profiles of
films formed at higher growth rate of 12 Å/s, showing the
development of a noncoherently ordered film on top of the
coherently ordered thin film. This lack of coherently ordered
lattice planes as visible in the SLD modulation can have its
origin either in an amorphous film on top of the crystalline

bottom layer, or a high mosaicity. A high mosaicity or a loss of
preferential orientation (texture) leads to an averaged, smooth
SLD profile so that we do not observe substrate parallel lay-
ering in PTCDI-C8 films. The colored areas in Figs. 4(b) and
4(c) serve as a visualization of the coherently ordered regions
of the thin film. Interestingly, for all films, we find a tendency
of the ordered film thickness to saturate beyond a certain
thickness. This indicates that all films grow in an amorphous
or high mosaicity fashion after a certain thickness. However,
this critical thickness beyond which the coherent film thick-
ness does not grow depends strongly on the deposition rate,
with 30 Å/s having only about 50% the coherently ordered
film thickness as compared to a rate of 1 Å/s.

VI. DISCUSSION

To unravel the interplay between deposition conditions
and the structural and morphological evolution in organic
semiconductors, we investigated the growth dynamics of
PTCDI-C8 thin films using in situ qXRR combined with
machine learning. We find that the surface roughness scales
with both film thickness and growth rate as σ (t, Gr) ∼ t0.62

·

Gr0.21, and observe a transition from highly ordered crys-
talline layers to films with high mosaicity or amorphous
character between 250 and 400 Å as the growth rate increases
from 1 to 30 Å/s. These insights have direct implications for
the design of optoelectronic devices, where surface roughness
and crystallinity critically influence charge transport, exciton
diffusion, and light emission. Precise control over deposition
parameters – particularly growth rate and film thickness –
enables the targeted engineering of film morphology to op-
timize device performance. Importantly, the extracted growth
exponents provide predictive power for tuning morphological
features across different processing regimes. While organic
semiconductor layers are essential in devices such as OLEDs
and OFETs, they also function as transport or blocking layers
in hybrid systems with materials like perovskites. Understand-
ing and controlling their growth behavior is therefore crucial
for optimizing both fully organic and hybrid optoelectronic
devices.

Beyond specific material or device implications, this study
enriches the fundamental understanding of scaling approaches
in molecular film growth. By systematically exploring a
wide range of deposition rates enabled through our in situ

qXRR, we introduce a phenomenological scaling law explic-
itly connecting roughness and growth rate: as σ (Gr) ∼ Gr0.21.
While purely phenomenological, this scaling law extends the
original Family–Vicsek theory, itself reliant on ad-hoc as-
sumptions of self-affine random fractal surface geometries.
The random fractal approach only holds at intermediate length
scales, but clearly self-affine shapes stop at atomic length
scales and the fractal description is also not accurate on
macroscopic scales. Despite these inherent limitations and
their phenomenological nature, scaling laws remain instru-
mental tools for characterizing kinetic roughening phenomena
and our extension of Family–Vicsek scaling recognizes that
real systems may have rate-dependent effects.

Rapid roughening is found independent of growth rate,
in line with previous studies of other organic thin films.
Following the discussion of rapid roughening in Refs.
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FIG. 4. Thickness of the coherently ordered fraction of the thin film as a function of the molecular exposure for all experiments. (a) Shows
that the final coherently ordered film thickness is decreasing with higher growth rates. Moreover, the slope and therefore coherent growth speed
is decreasing as well. (b) Three SLD profiles corresponding to slow growth rate of 1 Å/s with coherently ordered layer (colored area) and total
thickness of the thin layer (dotted line). (c) SLD profiles for the fast growth rate of 12 Å/s reveal the amorphous layer (250 Å, dotted) on top
of the coherently ordered layer (270 Å, colored) at the end of the growth (SLD offset for visualization).

[34,36,40,92], the reason for this rapid roughening may lie in
the highly anisotropic shape of molecular PTCDI-C8 building
blocks [see inset of Fig. 1(b)] and in the grain boundaries
between grains with different azimuthal orientation. Rod-like
molecules with high aspect ratios tend to form rougher films
due to their geometry, which affects intermolecular inter-
actions and packing density [36]. Tilt domains which can
lead to grain boundaries between grains with different az-
imuthal orientation reduce the surface mobility of diffusing
molecules and significantly influence the structural develop-
ment of PTCDI-C8 films. Also, the crossing of step edge
barriers from one lattice plane to a lower one is hindered
due to the so-called Ehrlich–Schwöbel barrier [40]. Higher
barriers than for inorganics have been observed in organic thin
films and can influence the roughening of the thin layer [100].

The breakdown of coherent order at higher growth rates
can be rationalized by higher deposition rates leading to in-
creased nucleation density, leading to smaller islands and
more grain boundaries. These boundaries reduce lateral dif-
fusion, enhancing surface roughening. Molecules growing on
grain boundaries often adopt misaligned orientations, dis-
rupting crystallinity. As misaligned crystallites nucleate at
these sites, the film becomes increasingly disordered. This
defect-rich structure can propagate through subsequent lay-
ers, ultimately promoting both roughness and high mosaicity
crystalline or amorphous growth.

For films grown at higher deposition rates and thicknesses,
we observed deviations in the Bragg peak profile from pre-
dictions made by the multilayer model [Figs. S10 and S11(c)
[71]]. Specifically, the Bragg peaks appeared less pronounced
and broader than expected. Interestingly the coherent thick-

ness estimated from the intensity of the Bragg reflection
and the fit through the neural network (NN) agree very well
(Fig. S13 [71]). This damping and broadening may be due
to the presence of an additional phase or strain within the thin
film resulting in Bragg peak splitting. Moreover, the mosaicity
and amorphous regions of the thin layer can also contribute to
peak broadening, and it is consistent with the measurement
indicating smaller coherently ordered fraction of the thin film
for higher growth rates. For these reasons of strain or mul-
tiple Bragg reflections, the Debye-Scherrer length calculated
from broadened peaks does not show a consistent trend with
deposition rate. As the XRR measurement is sensitive only
to out-of-plane features, any in-plane broadening changes of
the Bragg peak are not visible in our fast real-time XRR and
rocking scans would be useful for additional information. In
conclusion, the coherently ordered layer may not be covered
by amorphous material alone, but it can be overlaid also by
crystals with varying orientations, varying strain or even an-
other polymorph.

It is important to note that both the high speed x-ray
experiments and the machine learning analysis play a cru-
cial role in analyzing noisy and complex datasets to arrive
at the above conclusions. Our neural network, trained on
a physics-informed model parametrization, accurately pre-
dicted the multilayer structures within the films. Thereby
it addresses the challenges of overparametrized models and
nonunique solutions where traditional fitting methods often
falter. The main advantage of the NN is that any correlation
between the parameters is obvious during the training of the
NN with bad convergence or when the NN is tested on a
synthetic test dataset. While differential evolution algorithms
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search for a low χ2 fit to data and often fit smooth lines as
a crude and wrong approximation of fast Kiessig oscillations,
the NN is looking for Kiessig oscillation shapes within kernel
windows. This makes it more sensitive to the oscillations,
even when some oscillations are missing due to the absorber
edge or the gaps between stitched exposured forming one
XRR curve. The NN is also informed though the training
data about several q regions of the qXRR curve with the
highest noise (absorber edges and beyond Bragg’s peak) as the
data augmentation was done to mimic real experimental data.
Simulating the influence of the absorbers, noise background
and gaps between the stripes from multiple detector exposures
helps the NN deal with these experimental imperfections.

VII. CONCLUSION

This study demonstrates the effectiveness of employing
quick x-ray reflectivity (qXRR) for in situ measurements of
the fast growth dynamics of PTCDI-C8 thin films in a high
vacuum OMBD environment. We reduce the measurement
time for a full high-resolution XRR curve to 12 milliseconds
using a typical parallel beam synchrotron beamline setup.
With the high time resolution, we overcome the constraints
of comparatively slow detector scanning XRR methods that
are less suited for studying fast dynamic processes. The in-
novative qXRR setup allowed us to monitor the evolution of
film thickness, density, and interface roughness in real time
with fully quantitative fits of the qXRR curves. This study
highlights the advantages of using a machine learning ap-
proach to handle the vast and noisy datasets typical of qXRR
measurements. The neural network’s ability to provide near
instantaneous, initial parameter guesses greatly improved the
efficiency of the fitting process with conventional refnx fits
[91,101]. This is particularly valuable in cases where conven-
tional methods struggle, such as with high background noise
or sparsely sampled data as well as big data from qXRR.

Through a combination with neural network analysis, we
determined the roughening and breakdown of coherent crys-
talline order of the material as a function of both the film
thickness and over more than one order of magnitude variation
of the growth from 1 to 30 Å/s. The large range of growth
rates enabled us to extend the established scaling relation of
roughness with thickness by a phenomenological term de-
scribing scaling with growth rate as σ (t, Gr) ∼ t0.62

· Gr0.21.
The growth exponent β of 0.62 demonstrates a rapid roughen-
ing process. Such rapid roughening is indicative of an upward
growth phenomenon, aligning with previously observed be-
haviors in similar organic semiconductor systems like DIP and
CuPc [34,38]. Lastly, our investigation into the breakdown of
coherent order offers new insights into how the growth rate
affects the structural properties of thin films. The reduction
in coherent thickness with deposition rate is accompanied by
a rise in the amorphous or high mosaicity fraction within
the film. The reduction of the coherently ordered layer at
faster deposition rates can impact the functional characteris-
tics such as charge carrier or exciton mobilities, and shows
that there is a tradeoff between growth speed and film quality
in PTCDI-C8 thin films.
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