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ABSTRACT
Efficient process optimization is of crucial importance in materials science and industrial manufacturing. Bayesian optimization
has proven to be an effectivemethod for optimizing time-consuming experiments; however, it is typically carried out as a black-box
approach without utilizing prior physical knowledge. In this work, we apply a model-based Bayesian optimization approach in
which a physical model of the solar cell is integrated into the optimization process. Simultaneous exploration and exploitation of
the parameter space is enabled by the acquisition function, as is customary for Bayesian Optimization. We show that the so-called
Knowledge Gradient fits particularly well for themodel-based approach. Themethodwas validated both experimentally, using the
PTQ10:BTP-eC9 material system, and statistically, using a benchmark function specifically developed for organic photovoltaics.
The results show that the model-based approach is superior to the conventional black-box approach and that the global optimum
can be identifiedmore reliably. This work demonstrates the potential of integrating domain knowledge into Bayesian optimization
algorithms and opens up new perspectives for accelerated process optimization in photovoltaic research.
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Introduction

achine-learning-based methods for process optimization have
ecome increasingly important in materials science and indus-
rial manufacturing in recent years, including in the field of
hotovoltaics [1–7]. Bayesian Optimization has emerged as a par-
icularly effective methodology for process optimization within
he field ofmaterials science. This is primarily due to its suitability
or optimization problems where sampling from the parame-
er space is time-intensive, which is commonly encountered
n scenarios in laboratory settings or industrial manufacturing
rocesses [8]. Bayesian Optimization generally operates with
ittle or no explicit physical knowledge of the system being
ptimized. The nature of this black-box approach implies that
easurements unrelated to the figure of merit cannot directly
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited.
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influence the optimization trajectory. Additional measurements
are therefore usually employed for retrospective analysis rather
than for accelerating the optimization process, which ques-
tions the overall relevance of sophisticated characterization and
human-level understanding for the purpose of the optimization
process.

Here, we discuss an enhanced approach that integrates such
knowledge in the form of physical models and characteriza-
tion data into Bayesian Optimization applied to finding the
best processing parameters for a given type of organic solar
cells. Unlike silicon-based photovoltaics, organic photovoltaics
relies on molecular semiconductors for light absorption and
charge-carrier transport, enabling the production of flexible,
semi-transparent, and lightweight solar modules [9]. These
se, which permits use, distribution and reproduction in any medium, provided the
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rea
roperties of organic solar cells enable specialized applications;
he integration of photovoltaics into buildings or windows is
ust one of many examples [10]. One of the key advantages of
olecular semiconductors is the huge chemical flexibility that
llows chemists to synthesize many different molecules that
an be designed or identified to have specific desired properties
11, 12]. However, this increases the search space for identifying
deal molecules, and it also increases the difficulty of finding
ptimum processing conditions, as those have to be optimized
eparately for each new set of molecules to be tested for a
pecific application such as photovoltaics [13–15]. Thus, organic
hotovoltaics often appears like a two-needles-in-two-haystacks
roblem, where the first haystack is the multitude of different
onceivable molecules and the second haystack is the mul-
idimensional process parameter space; furthermore, both are
orrelated.

hanks to promising research, new efficiency records are reg-
larly being set for organic solar cells, and the 20% efficiency
ark has already been overcome [16–18]. However, the poten-
ial of organic photovoltaics has not yet been fully exploited.
urthermore, in addition to efficiency, it is also important to
aximize stability and recyclability, optimize flexibility, and
inimize production costs, all areas in which organic photo-
oltaics shows great potential [19–23]. An efficient and effective
rocess optimization is therefore essential here, and the use of
omain knowledge offers a way to improve (Bayesian) process
ptimization.

Model-Based Bayesian Optimization

hile classical approaches to process optimization, such as the
ne-factor-at-a-time method, are straightforward to implement
n the laboratory, they quickly reach their limits when dealing
ith higher-dimensional parameter spaces containing corre-
ated parameters [24]. Modern and more sophisticated process
ptimization is increasingly relying on machine learning-based
pproaches [3, 6]. If physical domain knowledge remains unused
n this context and the optimization algorithm relies exclusively
n a non-physical, mathematical description, this is referred to
below) as black-box optimization [25]. Here, the figure ofmerit is
odelled as a function of the process parameters contained in the
ector θpro (such as donor-acceptor ratio, solvent concentration,
pin speed, annealing conditions, and many more). Conversely,
hould physical domain knowledge be employed during the
ptimization, we will refer to this as model-based optimization. It
hould be noted that the idea of using additional knowledge about
he system for optimization purposes is referred to differently
epending on the context. Examples include terms such as ‘gray-
ox’ [26], ‘composite functions’ [27], or ‘physics-informed’ [28,
9]. However, in this model-based optimization approach, θpro is
ssociated with model parameters θmod, and the figure of merit
s calculated using a corresponding physical model. In photo-
oltaics, the figure of merit is often the solar cell efficiency η [30].
owever, alternative metrics such as stability, cost, recyclability,
r mechanical flexibility may also be incorporated depending on
he application context [23, 31, 32]. A methodology to combine
uch alternatives with the solar efficiency has been reported [33].
or further clarification, please refer to Figure 1. In the following,
e will take a closer look at the requirements for the model
of 13
parameters and the model itself, to then examine the actual
process optimization in more detail later.

2.1 The Physical Model

In principle, a wide range of physical models could be adapted
for model-based process optimization. The decisive requirement
for the physical model is the establishment of a mathematical
link between measurable physical quantities (namely, the model
parameters θmod) and the final figure of merit (as mentioned,
in photovoltaics, this, for example, might be the solar cell
efficiency η). Given that a Bayesian optimization framework
requires frequent model evaluations, meaning that the figure of
merit needs to be calculated for different parameters very often,
a preference should be given to analytical formulations over
computationally intensive numerical approaches. In principle,
however, numerical models are also conceivable. Ideally, the
model should be as simple as possible while incorporating all
relevant physical domain knowledge that is necessary for its
purpose.

In the Present Proposal for a Possible Model, the Solar Cell
Efficiency Is Calculated From the JV Curve via

𝜂 =
𝑃max
𝑃sun

=
𝐽mpp𝑉mpp

𝑃sun
(1)

where Pmax is the maximum power density at the maximum
power point at the current density J = Jmpp and voltage V = Vmpp.
The efficiency calculates the ratio of Pmax to the irradiance Psun.
The typically used equation for the current-voltage curve of a solar
cell is

𝐽 (𝑉) = 𝐽0 ⋅

[
exp

(
𝑉

𝑛id𝑉th

)
− 1

]
− 𝐽illum (2)

with the dark saturation current density J0, the ideality factor
nid, the thermal voltage Vth = kBT/q , and the current density
generated by light illumination Jillum. In organic solar cells,
voltage-dependent charge-collection losses lead to the situation
that Equation (2) has to be somewhat modified to accommo-
date additional losses that primarily reduce the fill factor (FF
= JmppVmpp/(JSCVOC)). An approach suggested by Neher et al.
involves replacing the ideality factor nid with an apparent ideality
factor napp that includes the effect of charge-collection losses,
especially close to open circuit [34]. There are situations where
it is useful to additionally include the dark shunt resistance Rp,
leading to an approximately linear behavior for dJ/dV around V
= 0. This modification is particularly relevant for low-efficiency
solar cells with pinholes or for measurements at low light
intensities relevant for indoor applications. In both cases, the dark
shuntmay contribute so strongly to the current-voltage curve that
the parameter napp cannot capture the behavior anymore. With
these modifications, we arrive at

𝐽 (𝑉) = 𝐽0 ⋅

[
exp

(
𝑉

𝑛app𝑉th

)
− 1

]
− 𝐽illum + 𝑉

𝑅p
(3)
Advanced Energy Materials, 2026
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function approximation
(Gaussian process)

function approximation
(Gaussian process)

process parameters ϑpro
� donor-acceptor ratio
� solvent concentration
� annealing conditions
� spin speed
� …

figure of merit FoM
� solar cell η
� recyclability
� stability
� cost
� …

model parameters ϑmod
� key parameters from JV curve
� recombination mechanism
� device properties
� morphology
� …

physical model
(equation 5)

model-based

black-box

FIGURE 1 Comparison of black-box and model-based approaches. The top route illustrates the black-box approach, where the figure of merit is
directly associated with the process parameters θpro. The lower route illustrates the model-based approach. Here, additional model parameters θmod are
associated with the process parameters and then used to calculate the figure of merit using a physical model.

U

H
c
η
w

w
n
d
I
c
(
p
p
m
m
c
p
b

W
C
s
c

A

 16146840, 2026, 31, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/aenm

.71249 by Forschungszentrum
 Jülich G

m
bH

 R
esearch C

enter, W
iley O

nline L
ibrary on [27/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
rea
sing J (V = VOC ) = 0 Leads to

𝐽0 =
(
𝜂eh𝐽gen −

𝑉OC

𝑅p

)
⋅ exp

(
−𝑉OC

𝑛app𝑉th

)
(4)

ere, Jillum is replaced by the product of the total generation
urrent density Jgen and the charge-carrier dissociation efficiency
eh. Reinserting J0 into the JV curve then gives us the final model,
hich we propose here

𝐽 (𝑉, 𝜽mod) =
(
𝜂eh𝐽gen (𝑑) −

𝑉OC

𝑅p

)
⋅ exp

(
𝑉 − 𝑉OC

𝑛app𝑉th

)
−

𝜂eh𝐽gen (𝑑) +
𝑉

𝑅p
(5)

ith the final physical model parameters θmod = (VOCd, ηeh,
app, Rp). For more information regarding the model and a more
etailed derivation, please refer to the Supporting Information.
n this representation for the physical model, Jgen(d) depends
ompletely on the active layer thickness and the optical properties
assumed to be measured and constant as a function of process
arameters) and is therefore not listed as a separate model
arameter. The isolated influence of a change in the individual
odel parameters is illustrated in Figure 2.We emphasize that the
odel parameters are usually correlated, and in real laboratory
onditions, it is difficult to isolate the change of a single model
arameter. An overview of the individual model parameters can
e found in Table 1.

e first examine the active layer thickness d in more detail.
onventionally, an organic solar cell comprises a multilayer
tack wherein a transparent conductive substrate (such as ITO-
oated glass) serves as the foundation. On this substrate, a
dvanced Energy Materials, 2026
layered architecture is deposited, consisting of a photoactive
layer sandwiched between an electron transport layer and a hole
transport layer, followed by a metallic contact. Due to the highly
reflective nature of the metal electrode and the characteristically
thin layers used in organic photovoltaics, optical interferences
arisewithin the device. These phenomena are strongly dependent
on individual layer thicknesses. To quantify these interference
effects, the optical properties (refractive index n and extinction
coefficient k) of the constituent layers are determined experimen-
tally. Subsequently, interference patterns can be computationally
modelled using the transfer matrix method to simulate their
behavior [35]. In the presented case, we keep all layer thicknesses
constant during process optimization, with the exception of the
active layer thickness, which serves as a primary parameter
for device optimization. For a given layer stack, the charge-
carrier absorption can then be calculated depending on the layer
thickness of the active layer. Using the elementary charge q,
this then directly results in Jgen(d). It should be noted that this
restriction is not fixed, and the model can be readily adapted,
albeit at a higher computational cost, to account for simultaneous
variations in multiple layer dimensions. In this framework,
the active layer thickness is experimentally characterized using
capacitance measurements at reverse bias in the dark, where the
active layer is fully depleted, and the capacitance is dominated by
the geometrical capacitance C = ε0εrA/d. Here, the solar cell area
is denoted byA, and ε0 denotes the vacuumpermittivity. This non-
destructive method of inferring the thickness d is complemented
with profilometer measurements on a subset of samples to deter-
mine the relative permittivity εr and monitor potential systematic
errors in the measurement using the reverse-bias capacitance.

The current density Jgen(d) due to photogeneration at short circuit
is derived from the active layer thickness d and represents an
idealized value that ignores any exciton dissociation or charge
3 of 13
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FIGURE 2 Various JV curves are shown in green for the isolated variation of the individual model parameters, namely (a) the open-circuit voltage
VOC, (b) the active layer thickness d as well as the charge-carrier dissociation efficiency ηeh,(c) the apparent ideality factor napp, and (d) the shunt
resistance Rp. The dashed lines show some measured JV curves. The selection is intended to demonstrate the influence of the model parameters on the
JV curves in a non-synthetic scenario. Here, the parameters are typically correlated.

TABLE 1 Parameters of the physical model for the JV curve as shown in Equation (5).

Model parameter Description Measurement

Open circuit voltage VOC J(VOC) = 0 illuminated JV curve
Active layer thickness d thickness of the light-absorbing

material, directly leads to
Jgen(d)

capacitance measurements
(from geometrical capacitance
at reverse bias) or profilometer

Charge-carrier dissociation efficiency ηeh incorporates optical losses and
exciton dissociation losses

illuminated JV curve, inferred
with Equation (6)

The apparent ideality factor napp charge-carrier losses close to
open circuit

illuminated JV curve, inferred
with Equation (5)

The dark shunt resistance Rp 𝑅p =
d𝑉

d𝐽dark
|𝑉=0 dark JV curve
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rea
arrier recombination losses within the active layers. The exciton
issociation losses are caused by excitons recombining before
hey are dissociated into electron-hole pairs and can be taken
nto account using the charge-carrier dissociation efficiency
eh. Furthermore, ηeh also considering deviations between the
ptical model and the actual rate of photon absorption, as this
eviation is impossible to discriminate from exciton dissociation
osses given the typical experimental observables available for a
evice optimization loop. However, this parameter is not directly
easured, but estimated by the following equation using the
hort-circuit current density JSC, which is obtained from the
lluminated JV curve, as is the case for theVOC. Using Equation (5)
of 13
and J (V = 0) = − JSC leads to (see Supporting Information)

𝜂eh =
𝐽SC −

𝑉OC

𝑅p
exp

(
−𝑉OC
𝑛app𝑉th

)
𝐽gen (𝑑)

(
1 − exp

(
−𝑉𝑂𝐶
𝑛app𝑉th

)) (6)

The objective of the apparent ideality factor napp is to adequately
capture charge-collection losses in the solar cell, in particular in
situations where those losses appear mostly close to open circuit
and where they do not lead to S-shaped current-voltage curves.
Advanced Energy Materials, 2026
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s mentioned above, the concept has been introduced by Neher
t al. [34]. and further used and analyzed, for instance, by
aladina et al. [36, 37]. The apparent ideality factor can be
easured using light intensity-dependent JV curves. In this study,
he measured JV curve is compared with the model J(V, θmod) to
nfer the apparent ideality factor.

he inclusion of the dark shunt resistance Rp is not universally
equired. Depending on the parameter space and experimen-
al conditions, the parameter can be useful for our model
n cases where the measured JV characteristics cannot be
ccurately reproduced by the model using the above-described
pparent ideality factor (napp) alone. However, if the process
ptimization is constrained to devices exhibiting high shunt
esistances, this parameter can be neglected, thereby simplify-
ng the model. Under such conditions, the terms VOC/Rp and
/Rp approach zero, and their influence becomes negligible,
eading to

𝐽 (𝑉, 𝜽mod) = 𝜂eh 𝐽gen (𝑑)

(
exp

(
𝑉 − 𝑉OC

𝑛app𝑉th

)
− 1

)
(7)

t should be noted that a different physical model can, of course,
lso lead to different model parameters. These parameters can
lso include more fundamental material properties, such as
harge-carriermobilities or recombination characteristics, aswell
s device metrics such as the fill factor. A primary criterion
or selecting measurable quantities is their direct or indirect
ccessibility, ideally with low experimental effort. The additional
easurement overhead must always be weighed against the
otential time savings enabled by the more efficient model-
ased process optimization. For further information regarding
hemeasurementmethods and data evaluation, please refer to the
upporting Information.

.2 Bayesian Process Optimization

sing the presented model and its model parameters, the
ubsequent process optimization can now be performed. As
entioned above, in a classical black-box optimization approach,
he efficiency η is directly correlated with the process param-
ters, yielding η(θpro). In Bayesian Optimization, however, this
stimated η(θpro) is not only a single value, but a probability
istribution. This is achieved using a Gaussian process, and
t is essential because it enables the optimization process to
imultaneously explore and exploit the parameter space effec-
ively. The former actively evaluates uncertain or ‘unexplored’
reas of the parameter space, while the latter prioritizes high-
robability candidates in promising regions. The precise balance
etween exploration and exploitation is controlled by the so-
alled acquisition function, which will be examined in more
etail below.

n this probabilistic relation between η and θpro, the proposed
hysical model must now be incorporated. One approach to
chieve this is to compute a separate Gaussian process for each
f the model parameters, namely VOC(θpro), d(θpro), ηeh(θpro),
app(θpro), and Rp(θpro), summarized as θmod. To calculate the
robability distribution for the efficiency in the case of a specific
et of process parameters, first, thousands of samples are drawn
dvanced Energy Materials, 2026
from each model parameter, leading to five different sample sets,
one for each model parameter. Combining these samples using
the physical model J(V,θmod(θpro)) gives thousands of different JV
curves for each θpro, directly leading to the distribution for η. A
corresponding illustration can be found inFigure 3.Asmentioned
above, the model parameters are usually correlated. Training an
individual Gaussian process for each model parameter does not
inherently account for such correlations. However, we decided
to keep the model simple. More sophisticated approaches that
inherently model such correlations should be part of future
research.

It is worth noting that the resulting distribution function no
longer constitutes a Gaussian process. Therefore, some adjust-
ments need to bemadewhen calculating the acquisition function,
a(θpro,Ωhyp). Here,Ωhyp denotes a vector of hyperparameters that
can be adjusted. A straightforward example could be the so-
called Upper Confidence Bound, where aUCB (θpro,λ) = μ(θpro)
+ λσ(θpro) applies. Here, the expected value µ is modified by
the product of the hyperparameter λ and the standard deviation
σ of the Gaussian distribution function. Smaller values for λ
lead to a more exploitative acquisition; higher values lead to a
more explorative acquisition. However, the idea of the Upper
Confidence Bound is not limited to Gaussian distributional
settings. In a non-Gaussian setting, instead of the standard
deviation σ, for example, the distance between the expected value
and the upper 95%-quantile should be modified with the help of
λ. Nevertheless, this does not limit the capability for simultane-
ous exploration and exploitation, which is crucial for Bayesian
Optimization.

The choice of acquisition has a decisive influence on Bayesian
Optimization. For a brief overview of a few selected acquisition
functions, please refer to Table 2. Different acquisition func-
tions are recommended for different situations. In addition to
the aforementioned Upper Confidence Bound, frequently used
acquisition functions include the Probability of Improvement
and the Expected Improvement [38]. These three functions are
by far the most commonly used, whether in plain vanilla or
sophisticated forms [39–47]. However, we will use and discuss
an alternative acquisition function for the proposed model-
based Bayesian Optimization approach, namely the Knowledge
Gradient, as literature suggests that this performs particularly
well for our model-based approach [48, 49]. Since the Knowledge
Gradient is a less well-known acquisition function, the following
section explains the basic idea behind it and how it can be applied
in our case.

While, for example, Expected Improvement asks how likely it
is that the next measurement will be better than the previous
optimum, the strategy of the Knowledge Gradient uses a one-
step lookahead strategy to optimize the entire surrogate model.
The following outlines the idea in question. We assume we
already have a model-based surrogate model trained with n data
points. In our case, this means that n devices were fabricated
and characterized in detail for n different process parameter
combinations to train individual Gaussian processes for all
given model parameters. As mentioned, combining the Gaussian
processes with the physical model leads to the final distribu-
tion function, the model-based surrogate model η(θmod(θpro)).
The current optimum 𝜂∗𝑛 is now sought within this surrogate
5 of 13
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FIGURE 3 Illustration of how the surrogate model is built. (a—d) For each model parameter, a Gaussian process is trained, as shown on the left
side of each graph. The expected value within the 95% confidence interval within the min-max range is shown here for all samples. We neglect the shunt
resistance and reduce the process parameter space to one dimension for this illustration. For a given process parameter (e.g., at θpro = 1), a few thousand
data points are sampled from each Gaussian process. The entire distribution is on the right side of each figure. The location of three of those samples is
indicated using fire colors. (e,f) Using the physical model, the distribution for latent parameters such as Jgen and J0 can be calculated. Note that, from
this point on, the distribution is no longer Gaussian. (g) The JV curves for the three example samples. (h) The final surrogate model and the sample
distribution at θpro = 1.
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odel based on nmeasuring points. To calculate the Knowledge
radient for any θpro in the parameter space, an estimate is
ade of the influence that a measurement taken at this θpro
ould have on the entire surrogate model. For this purpose, a
alue is drawn from the corresponding distribution at exactly this
pro = θpro,n+1 for each model parameter, and the final surrogate
odel is recalculated, now based on n+1measurements, whereby
of 13
the new measurement is only assumed theoretically. This is
often also referred to as fantasizing [51, 52]. The new surrogate’s
optimum after n+1 measurement points 𝜂∗𝑛+1 and the optimum
after n measurement points 𝜂∗𝑛 are compared; in detail, the
latter is subtracted from the former. Since the fantasized values
are drawn from a distribution function, frequent repetition is
recommended. The final value for the knowledge gradient is
Advanced Energy Materials, 2026
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TABLE 2 A selection of different acquisition functions for Bayesian optimization. While UCB, PI, and EI are strategies that are trying to improve
the actual optimumwithin the next round of optimization, the KG strategy is trying to improve future decision-making. Finally, the Entropy Search (ES)
is chosen as an example of an information-theoretical approach.

Acquisition function Description

Upper Confidence Bound [38] UCB A straightforward acquisition function that sums the surrogate model’s
expected value and the uncertainty, multiplied by a weighting factor.

Probability of Improvement [38] PI Selects the next point that is most likely to improve upon the best solution
found so far.

Expected Improvement [8, 38] EI While PI only considers the probability to improve, EI also adds the magnitude
of this improvement. The EI always tries to improve over the current best

observation, within the very next optimization round.
Knowledge Gradient [8, 48] KG Using a one-step lookahead strategy, the KG is trying to improve future

decisions, instead of aiming for a direct improvement. Thus, it maximizes the
expected increase of the surrogate model (instead of the next measurement, as

is for EI).
Entropy Search [8, 50] ES An information-theoretic strategy that maximizes the information gain by

minimizing the future expected entropy, indicating less uncertainty.

FIGURE 4 (a) The final surrogate model for the efficiency as a function of a random normalized process parameter θpro, here in one dimension.
After nmeasurements, the estimated maximum efficiency is given by 𝜂∗𝑛 . To calculate the Knowledge Gradient for a position, for example, at θpro = 0.75,
we ‘fantasize’ the result for an additional measurement n+1. For that, we sample values from the distribution for each θmod and retrain the Gaussian
processes as if we had n+1 measurements. The resulting models for the three examples are shown in red. (b) In the enlarged area, the optima for the
fantasized models are indicated using dashed lines. The final Knowledge Gradient for θpro = 0.75 is calculated by averaging over the distances between
𝜂∗
𝑛+1 and 𝜂

∗
𝑛 .
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alculated from the expected value of all draws. Mathematically
peaking, the Knowledge Gradient acquisition function is given
y

𝑎KG,𝑛
(
𝜽pro

)
= 𝐸

(
𝜂∗𝑛+1 − 𝜂∗𝑛| 𝜽pro,𝑛+1 = 𝜽pro

)
(8)

or an illustration, please refer to Figure 4. This procedure
s theoretically repeated for the entire parameter space. The
aximum of aKG,n(θpro) is the best possible measurement point
or optimization round n+1 and needs to be executed in the
aboratory. For further details regarding its implementation,
lease refer to the Supporting Information.At this point, however,
t should be mentioned that the process described here is
omputationally expensive.
dvanced Energy Materials, 2026
3 Experimental Validation

To test the approach described above, we first perform a
corresponding process optimization using the PTQ10:BTP-eC9
material system with a device area of 6 mm2. Figure 5 shows the
respective molecules, as well as the used device stack and the
energy levels for the active layer from the literature, measured
via cyclic voltammetry [53]. For the process optimization, the
variable process parameters that constitute θpro are the donor-to-
acceptor ratio rdon-acc, the concentration of the solvent o-xylene
coxy, the spin speed ωspin, and the solution temperature during
spin coating Tspin. For the parameter ranges, we use the limits -
1.1 and 1.1 in logarithmic space for rdon-acc, which corresponds to
ratios of 3:1 and 1:3 for PTQ10:BTP-eC9, coxy is between 10 and
35 mg/ml; ωspin is between 650 and 5000 rpm, and the limits for
7 of 13
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FIGURE 5 The used molecules for a) PTQ10 and b) BTP-eC9, as well as c) the layer stack and the respective energy levels for the active layer [53].
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spin are 60 and 120◦C. All other process parameters remained
onstant during fabrication. For a detailed description of the
evice fabrication, please refer to the Supporting Information.

he solar cell efficiency η serves as the figure of merit. The
ramework conditions for the process optimization were defined
s follows. The optimization begins in round 0 with a Latin
ypercube sampling for 4 initial proposals. This is followed by
0 optimization rounds, each with two proposals for the next
ound. Since the Knowledge Gradient does not aim for a direct
mprovement regarding the next measurement, the last proposal,
.e., the 10th optimization round, is selected differently, by directly
hoosing the optimum of the surrogate model. This essentially
orresponds to an Upper Confidence Bound with λ = 0. Thus,
he final proposal corresponds to an exploitation-only approach.
or comparison, the optimization is performed based on the same
atin hypercube sampling starting points using the black-box
pproach. Here, we have opted for the Expected Improvement
s the acquisition function. Since this acquisition function
ttempts to directly improve the current optimum every round,
o adjustment is necessary after 9 optimization rounds; the final
roposal is therefore also made using EI. For further details
egarding its implementation, please refer to the Supporting
nformation.

t this point, we want to refer to Table 3 to clarify the
erminology in Figure 6, where the results for the process
ptimization for PTQ10:BTP-eC9 are shown. Figure 6a shows
he mean values of the measured efficiencies for the algo-
ithm’s proposals as a function of the optimization round.
he model-based optimization approach achieves greater effi-
iency than the black-box approach after 10 rounds. This
bservation will be examined and discussed in detail below.
n particular, the final round 10 will be examined in detail
Figure 6b).

or each proposal generated by the algorithm, a dozen solar
ells were fabricated. The measured quantities of these solar
ells must then be statistically evaluated. Defective devices
re sorted out (please refer to the Supporting Information),
nd for the remainder, the means and variances of the
espective model parameters θmod and the efficiency η are
etermined, which are then used for training the Gaussian
rocesses. The case in which the variance is a function of
he parameter space is called heteroscedasticity. However, this
of 13
physically intuitive approach can lead to complications dur-
ing the training of the surrogate model. Extremely small
variances can lead to complications during model training,
which then strongly affect the final surrogate model for the
solar cell efficiency. For an illustrative example and a more
detailed discussion, please refer to the Supporting Informa-
tion.

As a result, the model-based approach appears to be signif-
icantly more prone to errors than the black-box approach,
and proper model training seems to be a key factor. Var-
ious approaches are conceivable here. Adjusting the kernel
function would be a plausible example. However, a partic-
ularly straightforward method in this case is to artificially
inflate the variance, for instance, by calculating it homoscedas-
tically. But also more sophisticated possibilities to inflate
the variance should be explored, in particular, so as not
to lose all the information contained in the measured vari-
ances. To further improve the model’s accuracy, we deliber-
ately removed outliers from the training data (see Supporting
Information). In addition, we considered a combination of
heteroscedastic and homoscedastic calculations. To do this,
we calculated the variance σ2 as the sum of both, and mul-
tiplied the homoscedastic component by a factor f, yielding

𝜎2
train

= 𝜎2
het

+ 𝜎2
hom

⋅ 𝑓 (9)

The corresponding results for the process optimization using
this ‘mixed’ approach with f = 0.01, f = 0.1, and f = 1 can
be found in Figure 6b. It appears that higher variance, and
thus smoother functions for the model parameters, yield bet-
ter results. The very best result was observed for a mixed
variance calculation using f = 1. This approach should by
no means be understood as a final and optimal solution to
the observed phenomenon, but rather as a simple way to
improve model accuracy. Equation (9) introduces an additional
hyperparameter that needs to be determined and can vary
depending on the system being optimized. This is compara-
ble to the advantages and disadvantages in UCB acquisition.
While the hyperparameter increases flexibility in application, it
also increases the manual complexity of the algorithm, which
should be avoided. More sophisticated ways to ensure proper
training of the model parameters should be part of future
research.
Advanced Energy Materials, 2026
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TABLE 3 Terminological clarification and additional explanation for Figure 6b, where the strategy for the model-based approach is to use
exploitation only to find the surrogate models’ final best shot. This can be understood as an Upper Confidence Bound using λ = 0. For all ‘mixed’
approaches, additionally, some data points were filtered out from the training data set. More information on this can be found in the main part.

Approach Description

heteroscedastic The assumption is that the variance of the measured data is a function of the parameter space. From a physical
standpoint, in the given case, this is the intuitive approach. To illustrate this, we can consider a scenario in which
certain process parameters yield a substantially higher degree of inhomogeneity in the layer thickness compared

to others. In such instances, this layer thickness exhibits greater variance across the substrate.
For the model training, this means a Gaussian process is trained on the data using the measured variances for
each point separately. Thus, the variance is different for each point. However, for some of the model parameters

(e.g., VOC), extremely small variances are observed here that can be numerically problematic.
homoscedastic It is assumed here that the variance is constant across the entire range of process parameters. For the training, this

means that the variance is calculated collectively from all proposals, rather than individually for each point in the
parameter space. The final variance is therefore the same for all data points. Physically speaking, this may not

make much sense in this particular case, but it is a straightforward approach to inflate the measured variances to
a sensible order of magnitude and avoid very small variances.

mixed-f = * A combination of the heteroscedastic and homoscedastic approaches. The variance is calculated as a sum of
homoscedastic variance and the heteroscedastic variance. The latter is multiplied by f. We tested f = 0.01, f = 0.1,

and f = 1.

FIGURE 6 Results for the process optimization for PTQ10:BTP-eC9 comparing themodel-based approachwith a black-box approach. (a) The solar
cell efficiency as a function of each optimization round. Both approaches start with the same initial Latin hypercube sampling and then explore-exploit
the parameter space round by round. For the model-based approach, the final optimization round (round 10) is based on exploitation only. The star
and the dashed line indicate the overall best solar cell efficiency. (b) The results of the final optimization round using various surrogate models. For
the black-box approach, an EI-based acquisition function from the Python package botorch, namely qLogEI, is used. For further information regarding
the model-based approaches, please refer to Table 3. For the JV curve and the EQE measurements for the record cell, please refer to the Supporting
Information.
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Statistical Validation

he results of the optimization may vary in detail with each run.
n particular, the initial Latin hypercube sampling can influence
he course of the optimization. Therefore, drawing statistical
onclusions based on a single run is problematic. In computer
cience, benchmark functions are commonly used when testing
dvanced Energy Materials, 2026
optimization algorithms to solve the problem of comparing
statistically significant numbers of different optimization runs
that vary in their randomly generated starting points [54–56].
However, these benchmark functions are generally generic and
do not by design represent the same complexity of topology of the
multidimensional process parameter space as would be the case
in a practical organic photovoltaics application. Furthermore,
9 of 13
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rea
nalytical benchmark functions would make it impossible to test
he model-based optimization approach. Therefore, we previ-
usly developed a benchmark function specifically intended for
rganic photovoltaics for precisely such cases [57]. This function
s based on hundreds of experimentally characterized actual
rganic solar cells spanning a huge range of process parameters.
he benchmark function essentially interpolates between the
xperimental data and creates a continuous multidimensional
unction that correlates process parameters with device per-
ormance and estimates of material parameters, and therefore
llows testing optimization algorithms many times to generate
tatistically significant results on a topology of representative
omplexity as would be present in a real-life scenario.

enceforth, we will refer to our benchmark function as a virtual
aboratory which involves a multidimensional function approxi-
ation in which the charge carrier mobility µ, the recombination
oefficient k, the active layer thickness d, which defines the
eneration rate G(d) directly leading to Jgen(d), analogous to as
escribed above, and the charge-carrier dissociation efficiency ηeh
re represented as functions of six input process parameters θpro.
ased on these internal variable parameters, the JV curve is then
imulated using drift-diffusion simulations [35, 58, 59]. Using
quation (1), the solar cell efficiency η can be directly calculated
rom the JV curve. This already provides everything needed for
lack-box optimization, where the selected process parameters
re directly linked to the solar cell efficiency, as described
bove. However, for the model-based approach, the dark shunt
esistance Rp is omitted here, as it is not represented within
he benchmark function. As described above, this parameter is
ot necessary in all cases, and the benchmark function does
ot include cases where the dark shunt is too small. The active
ayer thickness d and the charge-carrier dissociation efficiency ηeh
an be taken directly from the benchmark function. The open-
ircuit voltage VOC is taken from the simulated JV curve, and the
pparent ideality factor napp is calculated using

𝑛app = 1 +

√
𝑞2𝑘𝐺𝑑4

4𝜇2(𝑘𝐵𝑇)
2

(10)

ith the elementary charge q, the recombination constant k, the
eneration rate G, the active layer thickness d, the charge-carrier
obility µ, the Boltzmann constant kB, and the temperature
[34]. Consequently, all the necessary components for the
odel-based approach have now been assembled.

ince the process parameter space has 6 dimensions in the
ase of the benchmark function, the optimization algorithm
s slightly adapted compared to the experimental trials. The
nitial Latin hypercube sampling provides 6 points. Then, 20
ptimization rounds with 4 proposals each round are performed.
or a statistical analysis, 36 optimization runs are tested with
ifferent initial conditions. Furthermore, the virtual laboratory
llows the topology of the parameter space to be influenced
ithin the logic of thought experiments. For instance, if one has
etermined mobilities for the hundreds of solar cell JV curves
he virtual laboratory is based on, and if that laboratory knows
he device physics of solar cells, it is straightforward to vary
obilities or recombination coefficients to generate more or less
ptimistic versions of the virtual laboratory. For our purposes, it
0 of 13
is useful to generate versions that have the global optimum either
at the first or second interference maximum of the photocurrent
vs. thickness relationship. To increase the complexity of the
topology, it is useful to use those versions that peak at the
second interferencemaximum, as this is more challenging for the
algorithm to find and is more instructive for the comparison of
black-box vs. model-based optimization algorithms.

Figure 7 shows the results for the different optimization
approaches. We compare each optimization approach (black-
box and model-based) in combination with both acquisition
strategies, which we also used in the experimental validation
(Expected Improvement and Knowledge Gradient). Figure 7a
shows the results of the black-box approach using an EI-
acquisition function, which is the most traditional approach for
Bayesian Optimization. The Expected Improvement has proven
to be a particularly effective acquisition function. In the case of
the benchmark functionused, after 20 rounds of optimization, the
global optimumwas found in ∼1/3 of all iterations. Furthermore,
it should also be noted that there was no iteration that did
not result in a significant improvement compared to the start
of the optimization. In Figure 7b, the black-box approach is
combinedwith the Knowledge Gradient, and Figure 7c shows the
model-based approach with EI. For a more in-depth discussion
of the results, please refer to the Supporting Information. Finally,
Figure 7d shows the results for themodel-based approach in com-
bination with the Knowledge Gradient. Overall, this approach
yields the best results, which is also consistent with what the
literature suggests [8, 49]. With a few exceptions, after 20 rounds
of optimization, the global optimum is identified for ∼90% of the
optimization iterations.

5 Conclusion

Efficient process optimization is urgently needed in many areas
of research and industry. The use of modern optimization
algorithms is key. However, valuable knowledge from recent
decades of research or other potential sources of information
often remains unused during process optimization. It is important
to identify ways in which this knowledge can be utilized here.
The approach examined in this work, a combination of Bayesian
Optimization with a physical model using more sophisticated
acquisition functions such as the Knowledge Gradient, appears
very promising. Although there is still room for numerous
improvements, we demonstrated the feasibility of the approach
and directly compared it with a currently widely used optimiza-
tion method. In the model-based approach, precise Gaussian
processes for the individual model parameters are particularly
crucial. Careful preprocessing of the data, possibly including
regularization approaches such as artificially increasing the
measured variances, appears to be necessary. Additional mea-
surements of components that have not been fully processed
could further increase this accuracy and improve the efficiency
of the optimization.

Future research should investigate the extent to which the phys-
ical model can be supplemented or replaced to access additional
sources of information, such as morphology. The annealing
conditions, as well as the chemical conditions, are examples
of process parameters that directly determine the morphology,
Advanced Energy Materials, 2026
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FIGURE 7 Statistic comparison with the results from the benchmark function for (a) black-box process optimization using the EI acquisition
function, (b) black-box process optimization using the KG, (c) model-based process optimization using EI, and (d) model-based process optimization
using the KG strategy. The figure shows the efficiency as a function of the number of optimization rounds for a total of 36 optimization runs, as well as
the median for all optimization runs. The model-based approach with the Knowledge Gradient gives the overall best results.
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hich directly influences charge carrier mobility, recombination
ffects, and thus the apparent ideality factor, or simply ηeh
60–64]. If these influences could also be incorporated into
physical model, process optimization could be significantly
ccelerated. Approaches for potential models already exist [60].
ltimately, the key question is always whether the additional
ffort involved in measurement will speed up the optimization
rocess, and whether that effort is ultimately less than what a
onger optimization process would require.

urthermore, future research should investigate which acquisi-
ion functions are particularly well-suited for the model-based
pproach. Less computationally intensive approaches are useful
or practical applications. Thus, it should also be examined
hether classical acquisition functions can be meaningfully
dapted to the model-based approach; one example here is the
xpected improvement adapted for composite functions [27].
owever, as computing power continues to grow, even more
omputationally intensive algorithms will eventually become
ractical. Information-theoretical approaches or non-myopic
multi-lookahead) approaches could be promising in this context
50, 65, 66].
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