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The Value of Device Characterization for the Optimization of
Organic Solar Cells

Leonard Christen,* Barbara Urbano, Anne Krause, Paula Hartnagel,
and Thomas Kirchartz*

In addition to achieving record efficiencies of ≈20%, organic photovoltaics
(OPV) has to overcome several additional challenges. These include
researching environmentally friendly solvents, improving stability, yield, and
scaling up to industrial standards in terms of cell size and mass production.
However, identifying the optimal candidates from the countless material
combinations and determining the exact process parameters is like looking
for a needle in a haystack. Process optimization usually comprises phases
such as device fabrication, measurement, and evaluation, concluding with the
experimental design of the next round of device making. Given the extent of
the process parameter space, this optimization process can be extremely
time-consuming. However, as optimization algorithms mainly based on
mathematical models become more prevalent in automated laboratories, the
question arises of how to include physics domain knowledge based on device
characterization of the samples into the algorithmic optimization process. To
address this question, a benchmark function is created using experimental
solar cell data originating from hundreds of organic solar cells prepared with
different processing conditions. This benchmark function is used to test and
compare different optimization approaches to quantify under which
conditions physical domain knowledge can improve the speed of process
optimization in an experimental laboratory.

1. Introduction

Owing to modernmachine-learning algorithms and increasingly
automated laboratories, the optimization of processes to fabricate
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materials and devices with a well-defined
functionality has experienced consider-
able acceleration in recent years.[1–6]

Standard approaches in the field of pro-
cess optimization based on machine
learning typically rely on mathematical
models that attempt to establish a di-
rect correlation between the process pa-
rameters and figures of merit, which, in
the case of solar cells, could be photo-
voltaic efficiencies potentially combined
with metrics of cost and stability.[7,8] The
question arises as to whether character-
ization methods that aim to establish a
better quantitative understanding of the
link between the material and device pa-
rameters can provide additional bene-
fits for process optimization. The cur-
rent reality in many laboratories work-
ing on solution-processable photovoltaics
or optoelectronics is based on a few sim-
ple measurements used for process opti-
mization combined with more sophisti-
cated a posteriori experiments to explain
the benefits and features of the optimized
process. The question of how far further
knowledge about material parameters

is fundamentally useful to accelerate process optimization or
only useful to satisfy human curiosity becomes exceedingly im-
portant the more the process of technology optimization be-
comes algorithmic, i.e., following the mathematical logic of an
optimization algorithm – however complicated it may be.
To address this question, we have implemented a virtual labo-

ratory using a large amount of current-voltage (JV) curves of or-
ganic solar cells prepared with different processing conditions.
This virtual laboratory serves as a benchmark function to model
the entire optimization process that is, from the cell manufactur-
ing process to characterization and evaluation. This benchmark
function can then be used to compare different optimization ap-
proaches that contain different degrees of knowledge and under-
standing of material properties and solar cell device physics. This
could not easily be done with reasonable statistics by comparing
optimization processes in the laboratory but requires the detour
via the virtual laboratory. By comparing different optimization
approaches using our experimentally backed benchmark func-
tion, we want to answer the implicit question posed by the ti-
tle. We want to understand how valuable device characterization
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Figure 1. Standard experimental process optimization loop. The loop starts with the selection of process parameters. The solar cell is manufactured in
the laboratory (or factory) and then characterized. How the device information is to be used determines which characterization methods are necessary. A
pure black-box optimization only requires themeasurement of the figure of merit used for optimization, such as solar cell efficiency. Modern optimization
algorithms then use this information efficiently to suggest new process parameters. Creating a solid understanding usually requires measurements
beyond those principal figures of merit and access to material parameters such as charge-carrier mobilities or recombination coefficients. In contrast to
black-box optimization, the newly generated knowledge extends the experience and intuition of the researcher, based on which new process parameters
can be selected. Regardless of the optimization approach, the next step is to gain knowledge from the measured data to plan a repetition of the entire
cycle.

is for the purpose of optimizing a given process for maximum
efficiency.
In recent years, tremendous progress has been made in

the field of organic photovoltaics (OPV), especially after non-
fullerene acceptors have entered the scene. Thus, record efficien-
cies of ≈20% at one sun intensity and > 30% for indoor lighting
conditions have been reported.[9–17] In addition to high efficien-
cies also high device stability and the possibility of upscaling pro-
cesses to larger areas using high-yield roll-to-roll processes in air
with non-halogenated solvents are important requirements for
industrialization.[18–23]

Thus, more research is needed to make OPV competitive
with conventional silicon-based solar applications. An immense
number of different material combinations with various process-
ing approaches is conceivable.[24–26] Therefore, the ability to ef-
ficiently investigate the resulting high-dimensional parameter
space to find the optimal parameter combination is a fundamen-
tal requirement. In certain situations, constrained optimization
might be required; for instance, if the condition of high-yield fab-
rication (low percentage of non-working devices) in a non-clean
room environment implies that the active layer thickness should

not be lower than a certain threshold thickness. In these situa-
tions, efficiencies need to be optimized, subject to an additional
condition related to the active layer thickness.[27–29]

Figure 1 shows a schematic representation of a general pro-
cess optimization loop in the field of photovoltaics that can
be easily generalized to other functional devices. The starting
point is a set of process parameters with which the first set
of solar cells is fabricated. The cells are then characterized,
to better understand the efficiency-limiting material and inter-
face properties. The resulting knowledge is subsequently used
to decide with which process conditions the cycle should be
repeated.
The classic approach would be to use various characterization

methods to understand the fundamental physical relationships
between process, device, and material parameters, as well as the
actual figure of merit (efficiency, stability, etc…). Scientists gain
increasing experience over time and may even develop some in-
tuition based on which process optimization is performed, for ex-
ample, some relationships could be transferred to other material
systems. In increasingly complex and high-dimensional parame-
ter spaces, with sometimes strongly (non-linearly) correlating or
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Figure 2. Black-box (black circle) and model-based optimization processes (green circle) are compared in this study. Instead of investigating the corre-
lations between process parameters such as chemical concentrations, spin speed, or annealing conditions and the figure of merit, here the efficiency 𝜂,
we search for the correlations between process parameters and device as well as material parameters such as charge-carrier mobility and lifetimes or
the active layer thickness to calculate the efficiency from these parameters. The use of additional information about the physical background, such as
interference within the layer system, can speed up the optimization process.

even unknown influences, increasingly complex models are re-
quired, and human intuition will reach its limit.
As already mentioned, modern process optimization methods

such as Bayesian optimization rely on mathematical-statistical
approaches, whereas physical relationships often play no, or
only a subordinate role in process optimization.[30–32] An advan-
tage of these methods is the manageability of large datasets in
multidimensional parameter spaces as well as the option to cre-
ate self-driven laboratories or a fully automated workflow.[33–36]

However, the algorithm used only “learns” the correlation be-
tween input variables (process parameters) and output variables
(figures of merit) during the repetitive cycles. The optimiza-
tion algorithm does not “know” or is trained with the basics
of optics or physics of semiconducting devices that a human
expert would be aware of. So far, a couple of promising ap-
proaches for improving Bayesian optimization with the help
of expert knowledge have been published in slightly different
contexts.[37–39] The term “gray-box” is also used in this context
and originates from the idea of combining a black-box with a so-
called white-box, which is entirely based on physical models.[40]

The extent to which expert knowledge is used can vary. From
prior-guided optimization to the use of complex (physical) mod-
els. The latter is also known as composite objective Bayesian
optimization.[41,42]

In this paper, we show for the test case of OPV that the inclu-
sion of additional measurement data can potentially accelerate
existing process optimization methods. We will see that the de-
gree of acceleration of process optimization by physics domain
knowledge depends dramatically on the complexity of the opti-
mization problem.
The basic idea of our comparison between different optimiza-

tion approaches is illustrated in Figure 2. Instead of looking for
correlations between process parameters and efficiency, we find
correlations between process parameters and device- and mate-
rial parameters to calculate the efficiency from these parameters.
In this way, it is possible to combine the advantages of expert-
based optimization and machine learning-based optimization,
i.e., a combination of a specialist’s domain knowledge, as well
as the ability to handle large multidimensional data.

2. A Virtual Laboratory as Benchmark Function

Optimization approaches are often tested using different mul-
tidimensional, analytical benchmark functions.[43–45] In general,
benchmark functions have the great advantage that they are
well known. Therefore, different optimization algorithms can not
only be compared relatively with each other but also be evalu-
ated in absolute terms. Additionally, a benchmark function can
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Figure 3. Molecular structures and layer stack of the fabricated solar cells: a) PBDB-TF-T1 (donor), b) BTP-4F-12 (acceptor-1), and c) PC71BM
(acceptor-2). d) The layer stack for the solar cells is glass / ITO / PEDOT:PSS / active layer / PFN-Br / Ag with energy levels for the active layer.46,47.

usually be sampled extremely quickly, which enables extensive
statistical analysis.
However, these benchmark functions could not be used to

solve the problem at hand. First, with analytical benchmark func-
tions, we could not ensure to have a similar complexity to a real-
life optimization problem in OPV. Second, we could not perform
model-based optimization on an analytical benchmark function
that is incompatible with the physical model in question. Thus,
the only feasible approach is to create enough experimental data
to create a sufficiently good benchmark function that captures the
physics and chemistry of the specific problem of organic solar cell
optimization.
This benchmark function cannot to be used to optimize a spe-

cific solar cell process. Instead, the solar cell process must be al-
ready optimized at this stage and all data on the path towards op-
timization are now included to build up the benchmark function.
This function is then used to investigate (in the form of mathe-
matical thought experiments) what the best approach would be
to optimize the efficiency versus process parameter landscape
that is defined by (essentially) a multidimensional interpolation
of the experimental data. In contrast to the standard analytical
benchmark functions, which are deliberately generic, the find-
ings based on this virtual laboratory are transferable to typical
optimization problems in the field of OPV.
The starting points for our virtual laboratory are a few hun-

dred solar cells manufactured using different process parame-
ters, as well as measured JV curves and active layer thicknesses
measured non-destructively using capacitance measurements at
reverse bias. The layer stack is glass / ITO / PEDOT:PSS / active
layer / PFN-Br / Ag, where the active layer is a ternary mixture

of PBDB-TF-T1:BTP-4F-12:PC71BM. Figure 3a–c shows the used
molecules and
Figure 3d shows the layer stack for the solar cell with the en-

ergy levels for the active layer from literature measured via cyclic
voltammetry.[46,47] The 6 process parameters are the ratio of donor
to acceptor material (cPBDB-TF-T1/cAcc), the proportion of both ac-
ceptors (cBTP-4F-12/cAcc), the amount of 1,8-diiodooctane (cDIO), the
spin speed during the coating of the active layer (𝜔spin), as well as
bakeout temperature (Tann) and time (tann). More detailed infor-
mation is provided in the Supporting Information. One vector of
process parameters is called 𝚯pro.
To keep the device model simple for this test case, only a few

related device and material parameters were estimated: the elec-
tron and hole mobility µ, the recombination coefficient for direct
electron-hole recombination k, the active layer thickness d, and
the efficiency 𝜂eh = Geh/Gopt of generating separated electron-
hole pairs from excitons at a given optical generation rate Gopt.
We assume a small influence of the process parameters on the
refractive index n and the extinction coefficient k.[48] Thematerial
parameter 𝜂eh can compensate for any inaccuracies in the optical
model. For more information regarding the optical data, we refer
to the Supporting Information. One set of material parameters is
called 𝚯mat.
To estimate thematerial parameters frommeasured JV curves,

we proceeded as follows: First, we used a simulation tool called
Advanced Semiconductor Analysis (ASA), which can solve the
Poisson equation as well as the continuity equations to simu-
late JV curves for different material parameters.[49] ASA thereby
solves the forward problem of simulating JV curves given a set of
known or assumed material parameters. The result is a database
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Figure 4. Comparison of the measured data and the virtual laboratory. a) The efficiencies as a function of the active layer thickness. For all measured
cells shown in red the efficiency is directly calculated from the JV curves. The data sampled from the virtual laboratory is shown in gray and the star
indicates the global optimum for the entire parameter space. b) The efficiency 𝜂eh = Geh/Gopt of generating separated electron-hole pairs from excitons
at a given optical generation rate Gopt as a function of the active layer thickness. c) The electron and hole mobility µ as a function of the active layer
thickness. d) The recombination coefficient for direct electron-hole recombination k as a function of the active layer thickness. The material parameters
shown in b) to d) are estimated from JV curves as described, and the thickness is measured directly. The values for the material parameters determined
in this way are then used to train an SVR approximation function for each parameter in 𝚯mat. All graphs are plotted as a function of the active layer
thickness, although d is part of𝚯mat as well. It can be understood as a projection of all six process parameters onto one material parameter. All modeled
data points are sampled in a way to represent the entire parameter space.

with a couple of thousand sets of material parameters and as-
sociated JV curves. With this database, we trained a convolu-
tional neural network to calculate a JV curve from a given 𝚯mat

much faster.[50,51] Comparable approaches are reported by Brandt
et al. and Hußner et al.[52,53] Then, using the neural network, we
solve the inverse problem, namely, to find the most likely mate-
rial parameters given a certain JV curve (or set of JV curves). By
searching for the best-fitting simulated JV curve, we estimate the
material parameters 𝚯mat from a measured JV curve fabricated
using a specific set of process parameters, 𝚯pro. Further details
regarding ASA and the neural network are provided in the Sup-
porting Information.
Based on the link we have now established between 𝚯pro and

𝚯mat, we used support vector regression (SVR) from the Python
package scikit-learn to train different models, describing the cor-
relation between the two vectors𝚯mat(𝚯pro) for the entire param-
eter space. The SVR is used as a multidimensional function ap-
proximator. In this case, it approximates the material-parameter
functions, namely d(𝚯pro), 𝜂eh(𝚯pro), µ(𝚯pro) and k(𝚯pro), each as
a function of the 6-D process parameter space. Further informa-
tion can be found in the Supporting Information.
Figure 4 shows results for the measured data as well as the

resulting model prediction plotted as a function of the active
layer thickness. The efficiencies calculated from themeasured JV
curves 𝜂meas(𝚯pro) as well as the final model 𝜂(𝚯mat(𝚯pro)) both
as a function of the thickness of the active layer are shown in
Figure 4a. It should be noted that for measured data, the active

layer thickness is also measured data, while for estimated data,
the thickness itself is part of the estimated 𝚯mat and therefore a
function of 𝚯pro. Since the 6-D vector, 𝚯pro is difficult to visual-
ize and for the sake of comparability in terms of measured and
modeled data, we have decided to display the other material pa-
rameters also as a function of the layer thickness.
As described above, for every material/device parameter (d,

𝜂eh, µ, and k) the measured data now serves as training data
to find a surrogate model based on an SVR to link process pa-
rameter combinations to every one of the four chosen mate-
rial/device parameters: The plots 𝜂eh(𝚯pro), µ(𝚯pro) and k(𝚯pro)
are shown in Figure 4b–d. The gray data points in Figure 4
are discrete points that are sampled from the continuous func-
tion approximation created by the SVR. The discrete points are
sampled from the SVR model using a combination of a genetic
optimization algorithm and Latin hypercube sampling. This is
done in a way that most of the parameter space is represented.
As most of the parameter space consists of thin layers, the pa-
rameter space for low spin speed was explicitly sampled addi-
tionally. For further information as well as comparable figures
for JSC, VOC, and the fill factor FF, we refer to the Supporting
Information.
To emphasize the advantages of a benchmark function, we

note that the virtual laboratory was sampled several thousand
times to create Figure 4 alone. Keeping in mind, that using the
presented model to link a specific 𝚯pro to 𝚯mat, namely sam-
pling from the virtual laboratory, can be understood as (virtually)
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Figure 5. The efficiency as a function of𝚯pro as a projection on the active layer thickness d for artificially decreased and increased charge-carriermobilities.
The gray areas are evaluated by a combination of a genetic optimization algorithm and Latin hypercube sampling. As most of the parameter space
consists of thin layers, the parameter space for low spin speed was explicitly sampled additionally. The red line shows an example of the change in
the same trajectory through the different parameter spaces with different charge-carrier mobilities. The artificial adaptation of the benchmark function
is for theoretical issues, such as the development of future materials with higher charge-carrier mobility by increasing 𝜇. It becomes clear that for
higher charge-carrier mobilities a second optimum appears at higher layer thicknesses, which with higher µ also exceeds the first optimum at thin layer
thicknesses.

fabricating a solar cell under well-defined process parameters, it
would therefore be necessary to fabricate several thousand sam-
ples just for the figure shown.
The simulation of the JV curve corresponding to the resulting

𝚯mat by solving Poisson- and continuity equations is then analo-
gously comparable to a (virtual) JV curve measurement. The last
step, the evaluation of the (virtual) measurement to calculate the
efficiency (or as well as VOC, JSC, and fill factor) from the (virtually
measured) JV curve, is no different from thework in a non-virtual
laboratory.
With this virtual laboratory, the entire optimization process

from Figure 2 can now be benchmarked: As in a real laboratory,
the selected process parameters determine the properties of the
solar cell, which are defined by the device and material param-
eters. However, instead of investing hours to fabricate, charac-
terize, and evaluate a real solar cell, the loop shown in Figure 1
can be done in a few minutes when using the virtual laboratory.
As already mentioned, the virtual laboratory is only intended to
serve as an improved benchmark function. Thus, the key require-
ment for the quality and number of experimental data points is
not as high as to have predictive power over the whole parameter
space of this one blend but only to have enough data to create
this benchmark function with a realistic level of complexity that
is representative for a typical organic solar cell optimization sce-
nario daily experienced by many labs around the world. Further
insights into the virtual laboratory such as 2D sectional planes
through the hypersurface, which are more tangible for humans,
can be found in the Supporting Information.

Another advantage of this virtual laboratory is the fact that
we can change the entire parameter space in a well-defined way.
For answering the question of how useful device characteriza-
tion is, it is very important how complex the parameter space is.
The more the parameter space resembles just one multidimen-
sional global optimum with few additional features, the easier
it is for any algorithm to find the optimum. The more complex
and feature-rich the parameter space is, themore physics-domain
knowledge might help. One way of testing this hypothesis is to
increase the mobility within our virtual laboratory until the sec-
ond interference maximum becomes the global efficiency opti-
mum to test how that affects the balance between black-box and
model-based optimization.
How the parameter space changes as a function ofmobility can

be seen exemplarily in Figure 5, which shows the efficiencies of
the multidimensional space projected for simplicity onto 1D, in
this case, the thickness. The reference mobility µref is the mobil-
ity, which results from the analysis of the experimental data. The
prefactor for µ varies from 0.3 up to 100.

3. Process Optimization

In principle, various optimization strategies can be considered
for the model-based optimization approach. The decisive factor
is that the optimization algorithm is based on approximating the
true function with a surrogate model, which can then benefit
from domain knowledge. Bayesian optimization is becoming in-
creasingly popular inmaterials science as well as in OPV.[6,34,54,55]
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The main reason Bayesian optimization fits well for the work
in an actual laboratory is that this algorithm is designed to find
the global optimum of (high dimensional) processes that are ex-
pensive to evaluate and that it offers useful solutions for noisy
parameter spaces.[32] Therefore, we used this optimization strat-
egy as a test case to compare black-box and model-based process
optimization.
We start the process optimization with 18 (virtually) fabricated

solar cells selected via a Latin hypercube sampling in an initial
first round. To ensure a reliable optimization and to prevent the
starting condition from influencing the comparability of the ap-
proaches mentioned above, the entire optimization procedure
was repeated with different starting conditionsmultiple times.[56]

Therefore, a total of 50 different starting conditions were defined,
which then remained the same for all optimization runs. For
more details regarding the optimization algorithm (and also on
the stability of the used algorithm), we refer to the Supporting
Information.
For each further optimization iteration, two proposals are

given. One proposal is for exploration, and one is for exploitation.
In detail, we train a Gaussian process regressor (GPR) also using
the Python package scikit-learn to model a regression function
with an associated standard deviation. The proposal selection of
the new data points is then based on the most likely estimated
value (exploitation) as well as the uncertainty (exploration).
From this point on, a distinction must be made between the

different optimization approaches. In detail, the following opti-
mization approaches are compared to answer the initial question
of the extent to which measurements that go beyond determin-
ing efficiency only can improve the optimization process, as well
as to search for process optimization improvements in finding
high active layer thickness solar cells:

• 𝜂BB(𝚯pro): The regression function predicting the efficiency
from process parameters is based on the calculated correla-
tion exactly between these two types of data, the figure of merit
𝜂 and the process parameters 𝚯pro. This approach does not
“know” or “learn” anything about the underlying physics and
is a black-box optimization.

• 𝜂BB(𝚯pro), and dfit(𝚯pro): As in the first approach the fit function
is directly based on the process parameters. To also include
extended restriction options for the active layer thickness, a
separate GPR is trained to describe the correlation between
the thickness d and 𝚯pro.

• 𝜂model(𝚯mat): Different from the pure black-box approach, the
regression function here is not directly based on the process
parameters. Instead, the material parameters in 𝚯mat, namely
µ, k, d, and 𝜂eh are correlated with 𝚯pro. Instead of one GPR
model, the result is four GPR models, one for each material
parameter. The resulting efficiency (expected value and uncer-
tainty) then is calculated, by solving Poisson and continuity
equations as described above.

• 𝜂model(𝚯mat) with dtrue(𝚯pro): This approach is similar to
𝜂model(𝚯pro), but the active layer thickness is not estimated
from a GPR model but is always assumed to be known. In
terms of solar cell fabrication, this can best be understood as a
fully controllable active layer thickness during the fabrication
process, maybe by in situ measurements and corresponding

process adjustments, i.e., during slot die coating or roll-to-roll
procedures in industrial solar cell fabrication[57].

To add restrictions, such as a minimum layer thickness, differ-
ent procedures are chosen for the different approaches. Because
the layer thickness is not explicitly considered in the black-box ap-
proach 𝜂BB(𝚯pro), a limitation is possible by directly adjusting the
training data accordingly. To achieve a layer thickness constraint,
the efficiency of cells with a layer thickness less than the mini-
mum layer thickness is set to zero in this test case. In all other
approaches, the fit function of the layer thickness can be modi-
fied according to the constraint. The training data is not changed
here. Instead, the predicted efficiency is set to zero where the fit
function of the layer thickness is smaller than theminimum layer
thickness.
A major advantage of using a known benchmark function is

the ability to compare the results in absolute termswith the global
optimum. As mentioned above, for the comparison of the differ-
ent approaches, for each optimization procedure a fixed number
of iterations was selected after a random selection of identical
starting points. Since the true optimum is usually unknown in
the case of process optimization in an actual laboratory, it should
be noted that the model-based approach using a Bayesian opti-
mization strategy is compatible with different termination crite-
ria commonly used in Bayesian optimization. In addition to di-
rectly limiting the number of iterations, it is also conceivable to
define a termination routine based on a detectable plateau for-
mation during process optimization, or in other words, to detect
if the algorithm is converging. It should also be noted that an
inherent advantage of model-based optimization is that the pre-
dicted figure of merit, e.g. the efficiency, must always be within
physically reasonable limits. It is therefore less likely that the ben-
efits of an exploratory measurement will be overestimated. For
more details regarding the convergence of the used optimization
algorithm, we refer to the Supporting Information. Using a dif-
ferent acquisition function based on the expected improvement,
the probability of improvement, or the knowledge gradient is par-
ticularly effective, to improve the optimization algorithm.

4. Results

In this section, we present different findings obtained from the
virtual laboratory as an improved benchmark function. We only
show a small representative selection of all results. Figure 6 illus-
trates the results of a randomly selected optimization run for two
different parameter spaces. The first parameter space has only
one global optimum; for the second parameter space, a second
optimum appears at a layer thickness of 328 nm and becomes
the global optimum. Figure 6a,b show that for µ = µref there is no
significant difference between the pure black-box and the model-
based optimization approaches. However, for an inflated charge-
carrier mobility, as shown in Figure 6c,d only the model-based
optimization approach manages to find the global optimum at
the high thickness within the limited number of iterations.
As already mentioned above, the results of a single optimiza-

tion run can depend on the initial database, i.e., we performed a
total of 50 runs per approach and parameter space and statisti-
cally analyzed the results. To do this, we selected the highest ef-
ficiency and determined the average, minimum, and maximum

Adv. Energy Mater. 2025, 15, 2500247 2500247 (7 of 13) © 2025 The Author(s). Advanced Energy Materials published by Wiley-VCH GmbH
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Figure 6. The two different optimization approaches for two parameter spaces, µ = µref, and µ = 100µref, with no active layer thickness restriction.
a) Efficiency as a function of the number of (virtually) fabricated solar cells. The dashed lines separate the initial Latin hypercube sampling (18 cells
illustrated in orange) and the consecutive optimization rounds (illustrated in black for the black-box approach, and in blue for themodel-based approach).
The slight increase in the measurement points in the upper area of the figure is due to exploitation, the strongly distributed area at low efficiencies is due
to exploration. b) The efficiency as a function of the layer thickness for the same optimization run is shown. The gray data points are sampled from the
true parameter space to allow a better comparison. c,d) Analogue figures for the second parameter space with µ = 100µref. While there is no significant
difference for lower charge-carrier mobilities, for µ = 100µref, it becomes clear that, in contrast to the black-box approach, the model-based approach
finds the second optimum at higher layer thicknesses.

values as well as the distribution of the values for each round
for all optimization approaches and parameter spaces. For a
more in-depth understanding, we have performed the same with
the layer thicknesses associated with the selected efficiencies.
Figure 7 shows some of these results. For each optimization ap-
proach and charge-carrier mobility variation, there are 4 figures
associated. One displays the mean efficiencies as a function
of the optimization round, including the minimum-maximum
interval, while the other shows the corresponding median layer
thicknesses also with the minimum-maximum range. Adjacent
to each, there is a histogram of both quantities, where the dif-
ferent distributions per round are cumulatively added. Thus,
the histogram can be understood as the integrated distribution
of the data within the minimum-maximum ranges. Figure 7a,
for example, shows a continuous improvement in the efficiency
for each round of pure black-box optimization and how the ac-
tive layer thickness changes with each round of optimization for
µ = µref.
A comparison of Figure 7a–f shows that the additional fitting

of the material parameters offers a significant advantage over the
pure black-box optimization 𝜂BB(𝚯pro) when a second optimum
appears at higher thicknesses. An initial explanation for this im-
provement is due to the additional information about the layer
thickness, it seems to cause the non-pure black-box approach to

search significantly faster in the area around the correct layer
thickness.
This observation can be seen evenmore clearly in Figure 8a–d.

The more information is used during the different process opti-
mization approaches, the better the results delivered by the cor-
responding approach. Figure 8 shows that the variation in layer
thickness decreases with increasing information content dur-
ing the process optimization. While the black-box approach only
learns the direct correlation between 𝜂 and𝚯pro, the model-based
approaches can eventually predict the required target layer thick-
ness. This “understanding” of the influence of the layer thick-
ness on the efficiency, is particularly strong in the model-based
approach with an adjustable layer thickness, namely 𝜂model(𝚯mat)
with dtrue.
Looking at the corresponding parameter spaces in Figure 5, it

becomes clear that under the restriction of the given minimum
film thickness, themaximum efficiency for µ= µref must be at d=
200 nm, and d = 328 nm for µ = 100µref, respectively. The model-
based optimization approach with dtrue can already identify the
correct layer thickness after a few rounds of process optimization,
regardless of the parameter space. Although the model-based op-
timization approach using the predicted layer thickness has the
same information, it cannot predict the true layer thickness ac-
curately enough. The result is a reduced peak height with an

Adv. Energy Mater. 2025, 15, 2500247 2500247 (8 of 13) © 2025 The Author(s). Advanced Energy Materials published by Wiley-VCH GmbH
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Figure 7. Comparison of the different process optimization approaches for µ = µref and µ = 100µref. a) Purely black-box based process optimization for µ
= µref based on 50 optimization runs with four associated figures: 1. mean efficiency and min-max range as a function of the actual optimizations round,
2. the histogram for the best efficiencies, 3. the associatedmedian active layer thicknesses withmin-max range as well as 4. the corresponding histogram.
b) Analogous results for pure black-box optimization for µ = 100µref. c–f) Analogous results for the other model-based optimization approaches.

increased peak width around the target layer thickness. In
contrast to the two model-based approaches, both black-box
approaches know nothing about the underlying physics, i.e.,
the thickness-dependent interference mechanisms. Information
about the target layer thickness must be learned first; however,
in the case of the black-box approach with a separate regression
function for the layer thickness dfit, this learning process is signif-

icantly faster owing to the explicit additional information about
the layer thickness. However, this additional learning effort is a
disadvantage compared to model-based approaches.
It should be noted that the results shown here represent an

identifiable trend regarding the choice of parameter space. In
general, it can be said that the difference between all optimization
approaches is smaller for parameter spaces with a single strong

Adv. Energy Mater. 2025, 15, 2500247 2500247 (9 of 13) © 2025 The Author(s). Advanced Energy Materials published by Wiley-VCH GmbH
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Figure 8. Comparison of the different process optimization approaches for µ = 100µref with an active layer restriction of d > 200 nm. a) Pure black-box
process optimization based on 50 optimization runs with four associated figures: 1. mean efficiency and min-max range as a function of the actual
optimizations round, 2. the histogram for the best efficiencies, 3. the associated median active layer thicknesses with min-max range as well as 4. the
corresponding histogram. b) Analogous results for black-box optimization with fit function for layer thickness as well as c) the model-based approaches
with dfit and d) with dtrue respectively.

global optimum. In the case of a second optimum, model-based
approaches, especially those with adjustable layer thickness, have
an advantage in identifying the optimal layer thickness and there-
fore in finding higher efficiencies.
We propose several possible explanations for our findings. We

assume that the complexity of the individual regression func-
tions describing the correlation between the process parameters
and the regression parameter varies. The lower the complexity
of a function, the smaller the amount of data required to de-
scribe it adequately. If we assume that the connection between
𝚯pro and 𝚯mat is less complex than that between 𝚯pro and 𝜂, we
obtain a more precise model function for the former with the
same amount of training data. Second, the higher accuracy of
the model function can be attributed to the amount of informa-
tion used from the measured JV curves. For the pure correlation
between𝚯pro and 𝜂, the information content is limited to a small
part of the entire JV curve, that is, the maximum power point.
However, by fitting the material parameters dependent on the
entire shape of the JV curve (or by including additional charac-
terization methods) significantly more information is used. Fi-

nally, most likely the strongest influence comes from the fact
that the model-based approaches use the underlying physical do-
main knowledge when calculating the efficiency from each of
its predicted material parameters and therefore the approaches
“know” what effect material parameters will have on the result-
ing efficiency. Figure 9 is intended to support the argumentation.
The figure schematically illustrates two physical quantities that
should make our argumentation more tangible. The first is the
charge carrier collection efficiency 𝜂col, and the second is the op-
tical efficiency 𝜂opt. The collection efficiency 𝜂col describes how
likely it is, that a generated charge carrier in the active layer finds
its way to a contact. High charge carrier mobilities and low re-
combination coefficients lead to a high collection efficiency. Es-
pecially for high 𝜂col, it is almost independent of the active layer
thickness. The opposite is true for small 𝜇 and k. The optical ef-
ficiency 𝜂opt mainly depends on light absorption. Local absorp-
tion maxima and minima are formed due to interferences and
the shape is determined by the layer stack of the solar cell. Low
values for 𝜂eh reduce the efficiency for a given 𝜂opt. Additionally,
we added the final power conversion efficiency 𝜂 ∝ 𝜂col ∙ 𝜂opt to

Adv. Energy Mater. 2025, 15, 2500247 2500247 (10 of 13) © 2025 The Author(s). Advanced Energy Materials published by Wiley-VCH GmbH
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Figure 9. Schematic illustration for a) the charge carrier collection efficiency 𝜂col, b) the optical efficiency 𝜂opt, and c) the final power conversion efficiency
for the solar cell 𝜂. The power conversion efficiency of the solar cell is proportional to the product of the collection efficiency and the optical efficiency:
𝜂 ∝ 𝜂col ∙ 𝜂opt. All four material parameters µ, k, 𝜂eh, and d have a strong influence on the final (power conversion) efficiency of the solar cell. Additional
knowledge about the more complex influence of the active layer thickness on 𝜂opt such as the location of local optima can be particularly helpful during
process optimization.

the figure. All efficiencies are shown as a function of the active
layer thickness d. The presented correlations are now to be linked
to the process parameters.
An obvious and very strong influence on the layer thickness

comes from the spin speed.[58] The exact influence of the other
process parameters on the active layer thickness is less well-
known, but also much less pronounced. However, regardless of
the influences in detail, all process parameters that affect the
active layer thickness also have a strong correlation to 𝜂col and
𝜂opt. The significantly more complex influence on the latter can
particularly be helpful for process optimization. The pro-
found understanding of the correlation between layer thickness-
dependent interference and the location of local maxima and
minima significantly aids process optimization.
Process parameters, such as chemical mixing ratios or anneal-

ing conditions primarily determine the morphology of the active
layer, and thereby they mostly determine µ, k, and 𝜂eh.

[59–63] Ad-
ditional modeling of the morphological influences on the elec-
tronic properties of the solar cell is reasonable. This requires fur-
ther measurements of the cell morphology in combination with
appropriate models. Coarse-grained molecular dynamic method-
ologies might be a promising approach in this regard[59].
We assume that it is crucial to find usable models based

on which the influence of decisive material parameters can be
mapped during process optimization. Ideally, the corresponding
physical models should be as simple as possible and as complex
as necessary. The final composite model for themodel-based pro-
cess optimization would then be based exclusively on the crucial
material parameters that have the strongest impact on the com-
plexity of the parameter space. While the further device charac-
terization of these key parameters would be particularly valuable,

the less influential parameters can be adequately represented by
a black-box. This combines the advantages of black-box optimiza-
tion with model-based optimization.

5. Conclusion

Standard process optimization typically involves fabrication,
measurement, evaluation, learning, and iteration. With the ad-
vent of optimization algorithms that leveragemathematical mod-
els in increasingly automated laboratories, the necessity for ex-
tensive measurements beyond the figure of merit has become
increasingly questionable. To investigate this, we implemented
a virtual laboratory based on our own experimental data from
hundreds of organic solar cells. We emphasize again that this vir-
tual laboratory is not intended to optimize a specific process as
that process must be already optimized to create the benchmark
function in the first place. Instead, the virtual laboratory serves
as a less generic and more problem-specific benchmark func-
tion to compare different optimization approaches in the field of
OPV. This benchmark function allows optimization algorithms
to be compared very quickly, which also enables statistical eval-
uation. Additionally, the benchmark function is known. While
with an unknown optimization problem, it always remains un-
clear whether the optimum found is a local or already the global
optimum,with a known benchmark function the optimization al-
gorithm can also be evaluated in absolute terms. In other words,
the benchmark function solves the problems associatedwith long
fabrication and measurement times.
However, the study is intended as food for thought to discuss

the extent to which the understanding gained over decades in the
field of (organic) photovoltaics can be used to accelerate process
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optimization. The basis of the virtual laboratory considered here
is a strong simplification; however, we assume that themain find-
ings can be transferred to real applications.
The conclusions obtained from this virtual laboratory indi-

cate that, under certain circumstances, it may be worthwhile
to include knowledge of the physical background in process
optimization. Two main examples are presented, where such
additional knowledge can be beneficial for device optimiza-
tion. The first example is the case where the material has sig-
nificantly higher charge-carrier mobilities, where we imagine
future improvements inmaterial quality. These highermobilities
would lead to situations where further local or even global optima
emerge at higher layer thicknesses and where the efficiency ver-
sus thickness landscape would be significantly more complicated
than it is for low-mobility molecular semiconductors. While such
a change in the parameter space for the black-box approach rep-
resents an increase in the complexity of the function to be opti-
mized, the model-based approach has the information about the
interferences and optics and can therefore predict how efficiency
depends on thickness once it has relative rudimentary informa-
tion on the electronic properties. The step from efficiency versus
thickness to efficiency versus process parameters is still impor-
tant and non-trivial but it is easier for the optimization algorithm
than if nothing is known about the physics of light absorption.
Another example where higher active layer thicknesses be-

come relevant are constraints imposed by technological consid-
erations such as high-yield printing in a dust-containing atmo-
sphere. We also show that it would be ideal to immediately know
the thickness resulting from certain process parameters. Thus,
in situ methods to quantify changes in thickness are likely to be
helpful, especially for model-based optimization approaches.
Future research should explore how domain knowledge about

other key parameters might be useful during process optimiza-
tion in a comparable manner as is the case for the active layer
thickness. In particular, the question of how additional device
characterization regarding the morphology of the active layer can
be valuable duringmodel-based process optimization needs to be
examined.
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