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ABSTRACT

Perovskites are one of the most promising materials for the next generation of solar cells. They have high absorption coefficients, tunable
bandgaps, and are versatile. However, there are still challenges regarding performance and resolving issues such as stability and degradation.
To solve these challenges, a deep understanding of the inner workings of these devices is essential. Using numerical drift-diffusion simulations
in combination with experimental data is an excellent approach to tackle this. However, doing this in an effective and careful way requires a
rigid and thorough approach. Here, we define and demonstrate a systematic and elaborate approach for drift-diffusion modeling of perovskite
solar cells (PSCs), taking into account the accuracy and repeatability of the experimental data. The approach goes beyond obtaining just a
good fit with a single set of parameters but rather a unique scenario that addresses the reliability and interpretability of the obtained results.
We demonstrate the effectiveness of a systematic approach by applying it to a state-of-the-art PSC, where, upon adding various amounts of
chloride during the perovskite evaporation, a large change in open-circuit voltage was observed. We show that using drift-diffusion simu-
lations, this can be explained by an increased energy step between the conduction bands of the perovskite and the electron transport layer
upon increased chloride addition. When following this systematic approach, drift-diffusion modeling becomes a very powerful tool to push
the limits of efficiency for PSCs.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0268013
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Perovskite solar cells (PSCs) offer outstanding optoelectronic
properties and high power conversion efficiency (PCE) compa-
rable to traditional silicon-based cells, with potential for further
improvement.' ® Perovskite materials stand out because of their
excellent light absorption properties across a broad spectrum and
their suitability for various promising applications, such as tandem
solar cells.” Their low-cost fabrication methods also make them
economically attractive for renewable energy systems.'”'' However,
there are still many challenges in achieving high PCEs and in solving
issues such as stability, durability, and material toxicity.'* "

Addressing these challenges and resolving the issues has been a
key topic of interest in the field of PSCs, especially in light of recom-
bination processes, interface engineering, and the role of mobile ions
and other non-idealities.'”*' While experiments provide valuable
insight into device behavior, they inherently include experimen-
tal uncertainties, which complicate the interpretation of observed

trends. In addition to this, these experimental results often contain
deeper layers of valuable information, especially when combined;
however, they are often not immediately apparent from the data and
difficult to extract.

To really improve device performance, we need a deep under-
standing of the inner workings and origin of losses in a device. This is
often difficult due to the complexity and many correlated processes
in these devices. Numerical modeling in the form of drift-diffusion
simulations is a widespread and proven method to achieve this. It has
been shown to, in combination with experimental measurements
and observations, provide detailed insights into device behavior, loss
mechanisms, and the interplay of electronic and ionic effects.”” >’

The drift-diffusion model describes the transport, recombina-
tion, and collection of charge carriers within a device. The model
is based upon the coupled Poisson and continuity equations in
combination with suitable boundary conditions. What makes the
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drift-diffusion model in particular a very useful and valuable tool
is that its parameters carry explicit and clear physical meaning, such
as carrier mobilities, trap states in both the bulk perovskite and the
interfaces between layers, doping concentrations, and more. This
enables the establishment of relations between micro-scale processes
and the macroscopic behavior of a cell.

However, the power of fitting experimental data with the drift-
diffusion model strongly depends on the robustness of the fitting
and optimization procedure. In particular, typical approaches that fit
specific current-voltage (JV) curves often report only one “best-fit”
parameter set without fully addressing the impact of experimental
uncertainty and accuracy, which can lead to ambiguous or even mis-
leading interpretations of the underlying physics. Or the effect and
impact of defining the parameter space are underestimated, while if
not done properly, it can easily lead to tunnel vision or ambiguous
conclusions and observations. Even the now very popular opti-
mization strategy of Bayesian optimization (BO), while undoubtedly
being highly useful and efficient, has these same pitfalls as any other
fitting algorithm.

Here, we introduce a systematic approach to quantify how
much reliable, physically meaningful information can actually be
extracted from experimental data, taking into account the spread
in experimental data.”’ Such an approach is crucial for establishing
whether there exists a unique and physically consistent scenario that
can explain the observed behavior, rather than merely producing a
set of numbers that fit the data. By going beyond just descriptive fits,
this methodology enables deeper insight into the physical processes
in perovskite solar cells and shows that the fitting algorithm itself is
of secondary importance.

The systematic approach follows a structured sequence of three
major steps:

1. Preamble:

(a) First, a clear definition is needed of which parameters
in the model are fixed, those that can reasonably be
assumed to be known, and which are free. In addition
to this, the allowed ranges for the free parameters must
also be specified. These choices are guided by physi-
cal considerations as well as existing literature or prior
experimental knowledge. This step, where the parameter
space is delineated, is fundamental and applies to any
optimization procedure.

(b) Next, a metric for the fitting error or quality of the fit
must be defined, together with defining what constitutes
an acceptable fit. This involves assessing the accuracy
and repeatability of the experimental data to determine
the expected experimental spread. A fit is considered
acceptable only if it falls within this margin of variabil-
ity. The purpose here is not to extract a single “best fit”
solution but to understand the range of parameter sets
that are consistent with the experimental data given its
uncertainty.

2. The second step in the approach is to do the fitting to
the experimental data. Here, one can use a relevant and
suitable fitting algorithm or process of choice, such as an
exploration—exploitation method based on simulated anneal-
ing’! or BO, as the exact method is of lesser importance given
the same underlying (drift-diffusion) model.

pubs.aip.org/aip/ape

3. In the last step, analysis of the collection of accepted fits is
needed to determine whether a unique physical scenario can
be identified, given the accuracy of the experimental data as
defined in step 1. The goal is not to obtain a single set of para-
meters but to establish whether a consistent interpretation of
the data can be made, given the constraints and uncertain-
ties. The main question we try to answer with this approach
is how much information can be extracted from the experi-
mental data, given its inherent error and variability? This is a
crucial consideration that goes beyond simply obtaining good
fits, as it addresses the reliability and interpretability of the
obtained results.

For the drift-diffusion simulations, we use the one-dimensional
drift-diffusion simulation software SIMsalabim.’” There are sev-
eral packages and implementations of the drift-diffusion model that
could have been used, such as Setfos,”” IonMonger,** Driftfusion,*”
or SCAPS;*® however, we chose SIMsalabim as it combines sev-
eral strong advantages. First, SIMsalabim is completely open-source
and transparent, which facilitates usability, reproducibility, and ver-
ifiability. Second, SIMsalabim incorporates many relevant physical
processes, such as mobile ionic species and an advanced descrip-
tion of interfacial recombination, enabling accurate modeling of
device behavior and physics. Third, the software is scriptable, which
is essential for automated fitting procedures and methods. Finally,
SIMsalabim is compiled, resulting in fast execution times that enable
efficient handling of large numbers of simulations required for
global fitting.

To demonstrate the approach, we apply it to a use case
with state-of-the-art PSCs where we studied the effect of chlo-
ride (Cl) addition on the performance of the cells by fitting
JV curves with drift-diffusion simulations. The PSCs were pre-
pared via co-evaporation in a pin structure, where i represents
the perovskite layer and p and n represent the hole transport
layer (HTL) and electron transport layer (ETL), respectively. The
perovskite is FAogCso2Pb(I: Br: Cl), and was deposited by co-
evaporation of Csl, formamidinium iodide, and a mixture of
Pbl,, PbBr,, and PbCl, using a protocol adapted from previous
reports.”””* The thickness of the perovskite layer is 500 nm. The
HTL consists of a 10 nm N4, N4, N4",N4"-tetra([1,1'-biphenyl]-
4-yl)-[1,1":4',1” -terphenyl]-4,4" -diamine (TaTm) layer, and the
ETL of a 20 nm Ce layer. As contacts, indium tin oxide (ITO) com-
bined with a thin layer of 2,2’,2" -(cyclopropane-1,2,3-triylidene)tris
(2-(pcyanotetrafluorophenyl)acetonitrile) (CS90112) was used as
the anode, and silver (Ag) combined with a thin layer of
bathocuroine (BCP) as the cathode. A schematic illustration of the
perovskite cell structure is depicted in Fig. S1.

To study the effect of Cl on cell performance, three different
amounts were added to the lead halide mixture. The Cl content
for each sample can be found in Table S1, which shows the weight
relations of the individual components within the lead halide mix-
ture. The bandgap for each sample changes only slightly upon CI
addition, as shown in Fig. 1, where we also observe a small red-
shift for the sample with 0.2 Cl and a small blue shift for the 0.6 Cl
sample.

Upon increasing the Cl content, we observed an initial rise fol-
lowed by a significant drop in open-circuit voltage (V,), as shown
in Fig. 1. We will use the systematic approach with drift-diffusion
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FIG. 1. V. for three samples with different amounts of Cl during evaporation
(0.1, 0.2, and 0.6 Cl in weight relation as specified in Table S1) for different light
intensities. When using the highest amount of Cl, we observe a significant drop in
Ve of ~0.2 V for all light intensities.

modeling to explain the reason and process behind this variation in
Ve

The first step is defining the parameter space, a step that must
not be taken lightly and can alter or bias the rest of the approach sig-
nificantly. As the drift-diffusion model depends on over 50 physical
parameters, the available free parameter space needs to be narrowed
down. Varying and fitting all of these parameters would render
it computationally impossible to perform and also unnecessarily
complicated, as not every parameter holds equal relevance or impor-
tance. Hence, a decision per parameter must be made on whether it
needs to be included as a free parameter or not. In the latter case,
the parameter value is set as a fixed value and must be either mea-
sured or approximated. Deciding whether a parameter is free or not
requires careful consideration, as this choice can greatly alter or steer
the outcome and is usually based on either device knowledge or on
the literature. The selected free parameters in this work are listed in

ARTICLE pubs.aip.org/aip/ape

Table I, and the remainder of the relevant parameters are found in
Table S2.

In addition to the choice of free parameters, the respective
bounds must be decided. This choice must also be a balance between
accuracy, computational load, and relevance. Similar to the choice
of free parameters, choices made here can greatly steer or alter the
direction and outcome of the simulations. Choosing the bounds
too narrowly will greatly bias the fitting direction, while taking the
bounds too large will decrease the accuracy of the selected para-
meter, or an exponential growth of the number of simulations to
be run in the next step is needed to keep the same parameter spacing
and accuracy. The bounds for the chosen free parameters are also
shown in Table I.

With the parameter space defined, we need to set the criteria on
characterization of the performance of the cell and the quality of a
simulated JV curve. To assess the quality of a complete simulated JV
curve, instead of just using V., the short-circuit current density (J,.),
and the fill factor (FF), we introduce a quantitative measure called
the fit-error ¢, defined as the normalized area between the experi-
mental and simulated JV curve, as illustrated in Fig. 2. This metric
offers equal consideration to deviations in current density as well as
variations in applied voltage. The corresponding expression for the
fit-error is

_ /Usim _]exp‘dV
(]max - ]min)(Vmin - Vmax) ’

where J, is the current density of the simulated curve, ], is the
current density of the experimental curve, and J, Viminmax are the
maximum and minimum current density and voltage of either the
simulated or experimental JV curve.

With the quantification of the quality of a simulated curve,
there is still the need to determine when a simulated curve is good
enough to be an accurate representation of the experimental curves.
As humans, we are very well able to visually assess this, but for auto-
mated fitting, a quantitative measure in the form of a threshold value

€

1

TABLE . Selected free parameters of the drift-diffusion model as implemented in SIMsalabim to be used as fit parameters in
the simulations with their corresponding lower and upper bounds.

Parameters Lower bound Upper bound

Electron mobility perovskite /,tEVSk (m?/Vs) 1076 107
Hole mobility perovskite yEVSk (m*/Vs) 107° 107
Bulk trap density perovskite N} {)’f}l{k (m™%) 10" 10
Trap density perovskite| HTL interface NP oK HTL (12) 10" 10"
Trap density perovskite|ETL interface N}, lvrftk ETL (m2) 10" 10
Direct recombination rate Kdirect (m™>/s) 10718 107"
Shunt resistance Rypune (Q/m™2) 1072 10°

Charge mobility HTL §H (m?/Vs) 107° 107¢
Charge mobility ETL uET (m?/Vs) 107® 1076
Valence band level HTL ENTL (ev) 5.4 5.6

Conduction band level ETL E?TL (eV) 3.9 4.3

Cation density perovskite Neation (m_3) 10%° 10%

Anion density perovskite Nanion (m_s) 10%° 10%
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FIG. 2. lllustration of the definition of the fit-error. The fit-error is calculated by
dividing the difference area between the simulated and experimental curves by
the normalization area.

must be set. This value can differ per situation, including experi-
ments or scenarios, and the choice can alter and influence drawing
conclusions from the outcome. As a basis for defining this threshold,
we use the observed spread in JV characteristics when repeatedly
measuring the same cell, which results in a spread close to 2%, as
shown in Fig. S3 for one of the samples. To account for potential

ARTICLE pubs.aip.org/aip/ape

other small variations, we use 2% as the absolute upper bound on
the maximum allowed fit-error. To illustrate what a 2% fit-error
means, we show a collection of simulated curves with varying fit
errors and highlight several cases ranging from ~50% to 2% in Fig. 3.
Figure 3(a) highlights a simulated curve that resulted in a large fit-
error, around 50%, thus far off the experimental curve and consid-
ered a very bad fit. After slowly decreasing the fit-error by changing
the parameter set, Fig. 3(f) shows the bounds that represent a 2% fit
error, within which the simulated curve must lie to be considered a
good fit.

To increase the reliability of the outcome of the simulations,
one should fit multiple curves, experiments, or samples simultane-
ously, known as global fitting. This will increase the probability of
finding a unique outcome or combination of parameters within the
given constraints. In this work, we simultaneously fit the JV curves
under five light intensities.

The second step of the approach concerns the fitting of the data.
The method or algorithm is often considered to be the most impor-
tant in fitting numerical simulations to experimental data; however,
this is only a small part of the procedure. As mentioned before,
there exist many types of algorithms and methods that are suitable
and specially developed for this, each having its own benefits and
downsides. However, in terms of impact on outcome and usefulness,
they do not differ that much from one another, and the choice of
method has a relatively limited effect on the outcome of the whole
analysis, which relies much more on input and interpretation of the
output.

— T T — T T — T T
(a) 100 o Experiment (b) 100 o Experiment (C) 100 o Experiment
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FIG. 3. JV curves to visualize the interpretation of the size of the fit-error. An experimentally measured JV curve is shown in combination with ~25 000 simulated JV curves.
In panels (a)—(e), one simulated JV curve is highlighted, which represents a certain fit-error ranging from 50% to 2%. Figure (f) shows the approximate bounds within which

a simulated JV curve must lie to be considered a good fit.
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In this work, we employed a systematic scan over the full para-
meter range in combination with a more selective automated routine
based on simulated annealing. The systematic scan consists of divid-
ing the parameter space into equal segments and performing all
simulations. This enables a comprehensive and unbiased exploration
of the entire parameter space. However, as the number of parameters
grows, the multitude of parameter combinations escalates rapidly,
demanding substantial computing resources and becoming a time
consuming process. Hence, we also utilized a selective automated fit-
ting procedure. Here, we take random combinations of parameters
within our parameter space and record the respective fit-error for
this combination. Once the error reaches a predetermined thresh-
old, we transition to a parameter selection method where parameters
are adjusted individually, each within a few percentage points of
those yielding the lowest error. This method allows us to identify
parameter combinations with minimal fit-errors without scanning
the entire parameter range. To mitigate the risk of encountering a
local minimum in the fit-error, the automated fitting routine was
run multiple times. In addition to this, we have used BO as a fitting
algorithm as well, as implemented in optimPV.*’ As the underly-
ing drift-diffusion model is the same for each method, the choice
of algorithm is of lesser importance. While BO is highly efficient
and quick, it also does not inherently address the central question

ARTICLE pubs.aip.org/aip/ape

of how much information can readily be extracted from the exper-
iment, even being slightly less rigorous or unbiased in providing
output, taking into account the entire parameter space. Nonethe-
less, each of the methods ultimately returned the same set of fitted
parameters corresponding to the simulated JV curve with the lowest
fit-error.

Moving on to the last step of the approach, we need to look
at the outcome of the fitting first. The best matching simulated JV
curves, thus with the lowest fit-error, are depicted in Fig. 4 together
with the experimental JV curves, as obtained with the simulated
annealing method. The best matching JV curves obtained with BO
can be found in Fig. $4.

Each fit shows very good agreement between the simulated and
experimentally measured JV curve, with a fit-error around 1%, well
within our set threshold of 2%. The fitted model parameters for these
curves are shown in Table S2. The rest of the model parameters, thus
those that were not fitted for the samples, are shown in Table S3.

From this set of fitted parameters, one would be able to directly
draw conclusions and potentially provide an explanation for the
drop in V, with the increased amount of added Cl. However,
we need to take into account the experimental spread and uncer-
tainty and examine whether we can still find a unique scenario that
describes the data, as outlined in step three of the approach.
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FIG. 4. Simulated JV curves with the lowest fit-error for all three samples: (a) 0.1 Cl, (b) 0.2 Cl, and (c) 0.6 CI. The solid black lines represent the simulated JV curves, and
the colored symbols represent the experimental data. Each sample shows the excellent agreement between the experimental and simulated JV curves.

,\
2
T
S—

T T

TS 10%

FEPETTTY EEPERRTTT ERPERTTIT R

| L |

- Wy o 10

E | E I

2107 S0k

w w

v v

£107% E €107 23

w w

e e

= 1073 - E 1073k

v w

2 2

* -4 e R ) e
10 200 10

10T
el-1

o 16

1071
e[-1]

= =

o o
L3
r—

=E
o
°©

10T
e[-1]

10°

FIG. 5. Fraction of JV curves with a fit-error lower than the specified fit-error on the horizontal axis for each sample: (a) 0.1Cl, (b) 0.2CI, and (c) 0.6Cl. The total number of
simulations is ~25 000 per sample. The red line indicates the 2% fit-error. We observe that for each sample, between 0.01% and 0.1% of the total number of performed

simulations had a fit-error below our defined fit-error threshold of 2%.

APL Energy 3, 036106 (2025); doi: 10.1063/5.0268013
© Author(s) 2025

3, 036106-5

91:60:80 G202 Joqwialdas 1o


https://pubs.aip.org/aip/ape

APL Energy

1.0 " —— Estep > 0.3 €V .
: —— 0.2 eV < Egep < 0.3 €V
o 0.8H 1 -_— 0.1eV < Estep<0-2 eV |
I
El | —— Estep < 0.10 eV
- \" : © gt = 2%
v |&0.6H ! —
E|c 1
w |
£la04 |
H=% ]
2 i
*1 02k : =
1
1
O.C : L L Ll 1l lll L L L Ll L IT
102 1071 100

FIG. 6. Normalized number of simulated JV curves with a fit-error below a certain
value indicated on the horizontal axis. Each curve represents a subset of simulated
JV curves grouped by the value of the energy step between the conduction bands
of the perovskite and ETL, as determined by the input of the corresponding free
parameter, where each subgroup covers an interval of 0.1 eV. We see that all
curves that matched the fit-error criterion of 2% had an energy step of 0.3 eV.

To achieve this, we need to first collect all curves or sets of para-
meters that meet our criteria. Figure 5 shows, as a function of the
fit-error, the fraction of simulated JV curves that had an error below
a certain fit-error.

Taking the set fit-error threshold of 2%, indicated by the ver-
tical line, we see that we do not have just a single set of parameters
that matched our criteria, but many. Depending on the defined fit-
error threshold, the number of JV curves that match either decreases
or increases, which can change the conclusions, as we will discuss in
the next section.

The question remains whether there is then a unique scenario
that provides an explanation for the drop in V., taking into account
the experimental uncertainty and accuracy. For this set of samples,
a single scenario was found, namely, an increased step in energy
between the conduction bands of the perovskite and the ETL, which
is illustrated in Fig. 6.

In Fig. 6, we show again the fraction of JV curves with a fit-error
lower than the specified fit-error on the horizontal axis, but we have
now split them into four sets, grouped by the value of the energy
step between the conduction bands of the perovskite and ETL, as
determined by the input of the corresponding free parameter. Each
subgroup covers an interval of 0.1 eV. We have then normalized
the selected number of JV curves having that specific energy step
to the total number of JV curves with a fit-error lower than the
specified fit-error. If we then look at the section of the graph with
€ < 2%, we see that all of the curves had an energy step of at least
0.3 eV, which is significantly more than the energy steps between
these layers for the other samples, which were between 0.05 and
0.1 eV. When we decrease the energy step, the fit-error also starts to
increase, meaning they match less well with the experimental data;
hence, it is important where the threshold is set. Thus, based on our
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choice of parameters and limits, assessment criteria, and experimen-
tal uncertainty, we can explain the observed behavior of the drop in
Vo with an increased energy step between the conduction bands of
the perovskite and ETL.

In order to support the conclusion that the drop in V. is actu-
ally the result of the increased energy step, we simulated the cell with
increased chloride content once again, but with an optimized con-
duction band level of the ETL of 3.92 eV. Which, taking into account
the conduction band level of the perovskite of 3.96 eV, translates to
an energy step of 0.04 eV above the perovskite conduction band, in
relatively good accordance with findings before.”’ The results are
shown in Fig. S5, where we observe that V. is greatly increased.
Since the band alignment has been fully optimized, it is even
higher compared to the previously best sample with 0.2 chloride
content.

To place the explanation into context, chloride, when used in
the fabrication process of PSCs, is typically not found in the trans-
port layers unless it is added as a dopant.”' "’ By doping, Cl atoms
induce passivation effects on defects at the perovskite-transport
layer interface, thereby enhancing performance. Migration of Cl
from the perovskite to the transport layers is also not a common
observation. Instead, it stays in the perovskite and mainly influences
the crystallization and properties of the perovskite absorber layer.
However, we observed very little to no presence of Cl content in the
perovskite film itself, as can be concluded from the bandgap remain-
ing nearly constant among all three samples, despite the substantially
increasing amount of chloride used during fabrication, as shown in
Fig. S2. This implies that the chloride is not in the final perovskite
and either migrated toward one or both of the transport layers or is
no longer present in the device but still affected the properties of the
cell, though.

Chloride migration toward the transport layers has been
observed in perovskite cells where TiO, was used as ETL
and 2,2',7,7'-tetrakis-(N,N-di-4-methoxyphenylamino)-9,9'-
spirobifluorene (Spiro-OMeTAD) as HTL, where it tends to
favorably interact with the ETL, leading to better alignment between
the energy bands of the transport layers and the perovskite."""
This indicates a movement of the conduction band level of the
ETL toward that of the perovskite. In addition to this, a deepening
of the Fermi level of the HTL has been observed, resulting in an
enlargement of the built-in potential, thereby further enhancing
performance. An important distinction with our samples lies in
the use of organic transport layers, as opposed to the inorganic
transport layers such as TiO, utilized in these situations. Since the
organic and inorganic transport layers can have quite different
behavior, this might be a lead toward the observed negative effect
on the performance of the device instead of the expected positive
effect.

In this work, we have described a systematic approach to
use drift-diffusion modeling to obtain a deep understanding of
perovskite solar cells and gain insight into their behavior and lim-
itations. The method helps to answer the question of how much
information one can retrieve from fitting experimental data given
the experimental uncertainty and repeatability. We show that the
choice of fitting algorithm, whether simulated annealing, BO, or
something else, is of secondary importance. We have shown that
defining the parameter space, setting assessment criteria, and the
interpretation of the outcome are essential parts of the fitting
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process, and they steer and influence the quality and effectiveness of
the outcome. We have demonstrated the approach using a state-of-
the-art co-evaporated perovskite solar cell, where a varying amount
of added chloride during evaporation resulted in significant changes
in V.. We were able to provide an explanation for this in the form
of an increased energy step between the conduction bands of the
perovskite and ETL and have shown that even though many sets of
fitted parameters matched our criteria, this was a unique solution
taking into account our defined parameters, assessment criteria, and
experimental uncertainty.

The supplementary material includes the full cell architecture
and more detailed material compositions in terms of the lead halide
mixture and is complemented with several additional experimen-
tal measurements of the cell. Furthermore, the complete sets of
SIMsalabim model parameters for each cell are given.
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