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SUMMARY

Over the past decade, perovskite solar cells have become one of the
major research interests of the photovoltaic community, and they are
now on the brink of catching up with the classical inorganic solar cells,
with efficiency now reaching up to 25%. However, significant improve-
ments are still achievable by reducing recombination losses. The aim of
this work is to develop a fast and easy-to-use tool to pinpoint the main
losses in perovskite solar cells. We use large-scale drift-diffusion simu-
lations to get a better understanding of the light intensity dependence
of the open-circuit voltage and how it correlates to the dominant
recombination process. We introduce an automated identification
tool using machine learning methods to pinpoint the dominant loss us-
ing the light intensity-dependent performances as an input. The ma-
chine learning was trained using >2million simulations and gives an ac-
curacy of the prediction up to 82%.
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INTRODUCTION

Big data science and machine learning (ML) have drawn a lot of attention, not only

from industries such as Google, Facebook, and Amazon but also in the scientific

community. There has been a tremendous increase in the number of studies using

these techniques and in very different fields, from medicine to chemistry and phys-

ics.1–9 ML techniques have proved to be very effective at predicting the properties of

materials3,9,10 and at speeding up the material discovery process by suggesting new

promising structures.4–8

In an era inwhich high-throughput experimentation ismadepossible thanks to the use of

autonomous robots4,11 and in which a large amount of data can be processed easily with

the newdata science and artificial intelligence (AI) tools openly accessible online, science

should turn to a more systematic/standard experimentation, data collection, and anal-

ysis methodology. This would allow scientists to spend more time exploring data or

new ideas rather than going through tedious and sometimes poorly reproducible lab

work. If this line of thinking is applied to photovoltaic research, the future workflow of

material and device development for solar cells may look like Figure 1. In recent years,

there have been only a few attempts to develop tools corresponding to one or more of

the steps described in Figure 1. These studies showed that AI methods helped those in

experimental planning to predict the next promisingmaterial to use/synthesize or exper-

iment to undertake.3,5–7 The use of robots for high-throughput experiments7,12,13 and

automated data analysis3,7,11 provides several advantages in terms of speed of material

development and size/reproducibility of the experimental output, demonstrating the

power of this approach.
Cell Reports Physical Science 2, 100346, February 24, 2021 ª 2021 The Author(s).
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Figure 1. Workflow for automated research

Potential closed-loop workflow for automated and high-throughput experimentation in

photovoltaic research.
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To pursue this reasoning for the study of perovskite solar cells (PSCs), we need

appropriate characterization tools that can accurately pinpoint whether the bulk or

an interface limits efficiency while being fast/easy and can also automatically analyze

data. Here, we build a characterization tool to pinpoint bulk or interfaces recombi-

nation as the dominant loss based on light intensity-dependent current-voltage

characteristics measurements.

Hybrid halide perovskites showdesirable properties for use in thin-film solar cells, such as

a large absorption coefficient, high charge carrier mobilities, and long diffusion

lengths.14–16 As a consequence, PSCs have attracted great interest, facilitating a remark-

able increase in their efficiency over the past 10 years.14,17 This increase has been driven

mainly by novel fabrication techniques that ensure very compact perovskite absorber

films18–21 with large grain sizes,22minimizing non-radiative recombination losses through

charge trapping at defects in the perovskite absorber bulk at the grain boundaries.

Efforts are being directed toward the tuning of electron and hole transport layers

(ETLs, HTLs)23–25 and interface engineering.26–28 Nonetheless, in existing PSCs,

Shockley-Read-Hall (SRH) trap-assisted recombination is still the dominant recombi-

nation loss, whether it happens in the bulk via grain boundaries or at the interfaces

(HTL/perovskite and perovskite/ETL).29–37 There exist many reports on the recombi-

nation in PSCs; however, most of these experimental studies are performed on

perovskite thin films.38–44

Photoluminescence (PL) studies look at charge transfer rates at interfaces between

perovskite thin films and transport layers, revealing the recombination kinetics.24,43

Although these methods elucidate the fundamental optoelectronic properties and

role of defect physics in recombination, they are often performed under non-oper-

ating solar cell conditions (i.e., non-solar fluences and/or not a full device configura-

tion) and are often complex.24,43 More recent reports also suggest that for high-

efficiency perovskite, the main recombination center is consistently located at the

interface between the perovskite and the TLs.33,34 It is therefore important to iden-

tify the dominant recombination losses, so that efforts can be directed toward

improving the quality of the perovskite material or the interface in question. While

the PL measurements have proven to be very effective at pinning out the dominant
2 Cell Reports Physical Science 2, 100346, February 24, 2021
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loss, they require several sets of devices with different structures, which make them

very time-consuming.

Here, we present a more in-depth analysis on the light intensity measurement of

PSCs and especially on the parameters influencing the slope (hkT/q on a semi-log

plot) of the open-circuit voltage ðVOCÞ versus light intensity curve, with h the so-

called ideality factor, T the temperature, k the Boltzmann constant, and q the

elementary charge. The ideality factor is typically used to conclude on the dominant

recombination process very simply by saying that an ideality factor close to 1 means

that band-to-band recombination dominates45 and an ideality factor close to 2 cor-

responds to bulk SRH trap assisted recombination,46 while when it is in between

these two values, it is difficult to conclude.

However, here, we show that this interpretation is not complete, as other parameters

influence the ideality factor and that the analysis of ideality factor needs to be

coupled with other key figures such as the open-circuit voltage ðVOCÞ, the short-cir-

cuit current ðJSCÞ,the fill factor ðFFÞ, and doping. To remedy this issue, we trained—

using large-scale drift-diffusion (DD) simulations31,32,47—a ML algorithm based on

decision trees to classify the light intensity measurement output to give the most

likely dominant recombination. Our trained model was able to determine, within a

matter of seconds, whether the dominant recombination process was band-to-

band, interface, or grain boundaries trap recombination with >80% accuracy, and

this while only requiring the simple measurement of light intensity-dependent cur-

rent-voltage characteristics (JVs). This represents, to the best of our knowledge,

the first use of ML as identification tools of the dominant recombination process in

PSCs over such a wide range of material properties. In a broader perspective, the

ML approach could also be used for automated data analysis, as in the workflow

described in Figure 1, as the experimental data used are simple, can be easily

measured, and the ML algorithm provides a fast and easy way to analyze the data

and provide feedback to choose the next relevant experiment.
RESULTS AND DISCUSSION

Relationship between ideality factor and recombination processes

The amount of charge recombination is directly related to the open-circuit voltage of

a solar cell, whose light intensity dependence can reveal information about the domi-

nant recombination mechanism under operating conditions. In this section, we

describe the different possible scenarios that are relevant for PSCs: (1) band-to-

band recombination, (2) SRH trap-assisted recombination, and (3) SRH trap-assisted

recombination, with one pinned charge carrier density. Since Auger recombination is

negligible under non-concentrated illumination,48,49 it is excluded from this analysis.

The VOC of a solar cell is the difference between the electron and hole quasi-fermi

levels, and is approximated analytically by45,50

qVOC = Egap � kT ln

 
N2

cv

np

!
(Equation 1)

where Egap is the band gap of the photoactive material,Ncv is the density of states in

the conduction and valence bands, while n and p are electron and hole concentra-

tions, respectively. The ideality factor is given by how the np-product depends on

the light intensity. This yields to different h for different scenarios.

The total recombination rate in the solar cell is given by
Cell Reports Physical Science 2, 100346, February 24, 2021 3



ll
OPEN ACCESS Article
R = Rb +RBulk
SRH +RFront int:

SRH +RBack int:
SRH (Equation 2)

where Rb is the band-to-band recombination rate and RSRH is the trap-assisted

recombination rate described by the SRH statistics in the bulk ðRBulk
SRH Þ of the perov-

skite or at the interface with the front ðRFront int:
SRH Þ and back ðRBack int:

SRH Þ TLs. At VOC ,

the total recombination rate (R) is equal to the charge generation rate (G) in the de-

vice. We used our DD simulations (available open source on GitHub47) to study the

different cases with dominant band-to-band recombination or SRH trap-assisted

recombination with and without one pinned charge carrier density one at a time

for a simple device structure (see the parameters used in the Supplemental experi-

mental procedures). For more datails on the DD simulation please see Supplemental

experimental procedures and Figure S4.
Dominant band-to-band recombination

When band-to-band recombination is dominant ðRb [RBulk
SRH +RFront int:

SRH +RBack int:
SRH Þ

in the device, at VOC the total recombination rate is

RzRb =gnp =G: (Equation 3)

So,

n = p = ðG=gÞ1=2; (Equation 4)

where g is the band-to-band recombination constant. Following Equation 1, the VOC

is now approximated by

qVOC = Egap � kT ln

�
gN2

cv 3
1

G

�
: (Equation 5)

Since the charge generation rate (G) is proportional to the light intensity (I), the semi-

log plot of VOC versus I gives a slope of kT/q or a ideality factor of h = 1. Therefore,

h = 1 could indicate dominant band-to-band recombination in the device.45 Note

that for PSCs, g has been found to be low51–54 in the range of 10�9–10�11 cm3 s�1

. This could be explained by lattice distortion leading to a spatial separation of elec-

trons and holes decreasing the probability of charge carriers to recombine. As a

consequence, a hypothetical PSC in which band-to-band recombination dominates

must have a very high-quality perovskite and interfaces with very low defects density,

which would lead to high VOC as we show later in the article.
Dominant SRH recombination without pinning of one charge carrier density

If SRH recombination is dominant (RSRH >> Rb) in a device, at VOC , the total recom-

bination rate is

RzRSRH =
CnCpST

Cnðn+ n1Þ+Cp

�
p +p1

� np =G; (Equation 6)

where ST is the electron trap density, Cn and Cp are the capture coefficients for elec-

trons and holes, respectively, and n1 = p1 = Ncvexpð� Etrap =kTÞ. Typically, n >> n1
and p >> p1 when traps act as recombination centers,32,55 and therefore these con-

stants can be neglected.

Now, if nzp and assuming Cn =Cp we get

RzRSRH =CpSTp =G; (Equation 7)
p = n=G
�
CpST : (Equation 8)

Following Equation 1, the VOC is now approximated by
4 Cell Reports Physical Science 2, 100346, February 24, 2021
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Figure 2. Simulated evolution of the ideality factor depending on physical parameters

(A) Varying trap density.

(B) Varying TL doping.

(C) Varying ion and doping density in the perovskite layer.

(D) Effect of the ions density on the degree of hysteresis.

Note that for (A), (B), and (C), the traps at the grain boundaries and front or back interfaces are

considered separately.

The parameters used in the simulation can be found in Table S1.
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qVOC = Egap � kT ln

�
CpSTN

2
cv 3

1

G2

�
: (Equation 9)

In this case, the light intensity dependence of the VOC shows a slope of 2kT/q or a

ideality factor of h = 2. Therefore, h = 2 represents dominant SRH recombination

in the device (see Figure 2A).

Now, considering the special case of perovskite, it is unlikely to have evenly distrib-

uted trap states throughout the material bulk. In fact, studies have shown that de-

fects tend to migrate out of the bulk and toward the grain boundaries (GBs) and in-

terfaces, leaving low trap densities within the bulk.56,57 For this reason, we only

consider traps located at the GBs in this article.

In addition, as much as the previous derivation works well for traps evenly spread

through the perovskite layer, one must be more careful when considering spatially

localized traps such as traps located at GBs. In fact, upon high trap density at the

GB, a depletion region is created because of the charge of the traps; hence, it some-

what pins the opposite charge carrier density to compensate for the space-charge

region leading to h < 2 (see next section).
Dominant SRH recombination with one pinned charge carrier density

In this scenario, trap-assisted recombination is still dominant; however, one of the

charge carriers is pinned to a finite value (i.e., it remains roughly constant upon

changing light intensity). This can happen in PSCs for several reasons:

- High trap density at the GB, creating a depletion region (see above) (Figure 2A)
Cell Reports Physical Science 2, 100346, February 24, 2021 5
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- Traps at the perovskite-TL interface with a doped TL where the charge carrier

density is pinned to the doping level of the respective charge transport layer (Fig-

ure 2B)

- Traps at the perovskite-TL interface thin undoped TL and an ohmic contact with

the respective electrode. The ohmic contact pins the charge carrier density as the

latter induces many charges in the charge transport layer58 (Figure 2A)

- Doping of the perovskite bulk

If we take the example of a perovskite-ETL interface, n >> p and nzN+
D , whereN+

D is

the doping level in ETL. Therefore, when SRH recombination is dominant at the

perovskite-ETL interface, following Equation 6, at VOC , the total recombination

rate is

RzRSRH =CpSTp =G; (Equation 10)
p = G
�
CpST and nzN+

D (Equation 11)

Now, following Equation 1, the VOC , when SRH recombination dominates at the

perovskite-ETL interface, is approximated by

qVOC = Egap � kT ln

 
CpSTN2

cv

N+
D

3
1

G

!
(Equation 12)

Similarly, when SRH recombination dominates at the HTL-perovskite interface, the

VOC is approximated by

qVOC = Egap � kT ln

 
CnSTN2

cv

N�
A

3
1

G

!
(Equation 13)

where N�
A is the doping level in the HTL. The light intensity dependence of the VOC

now shows a slope of kT/q or an ideality factor of h = 1. Therefore, just as in the case

of dominant band-to-band recombination, h = 1, which would make the prediction

of the dominant recombination process based only on the ideality factor very

inaccurate.

Figure 2A shows the evolution of the ideality factor depending on the trap density

either at the grain boundary or at one of the interfaces (see Figure S1 for more de-

tails). We can note that as expected from the derivation for very low trap densities

h/1, as band-to-band recombination dominates. However, we can see that the

evolution of the ideality factor respective to the trap density is not monotonously

increasing and depends on where the traps are located within the device. Thus,

the ideality factor can definitely not be used as a quantitative measure of the number

of traps in the systems. We can also see the different scenarios leading to a reduced

ideality factor because of the pinning of one charge carrier, whether it is related to a

large number of traps at the GB (Figure S1A, blue line), to a pinning because of thin

TL and interfacial traps (Figure S1A, magenta and green line), or because of the

doping of the TL with interfacial traps (Figure S1B) (see Figures S1 and S2).

Doping the perovskite bulk, whether it comes from the addition of a compound or

because of the oxidation of the metal,59–61 also leads to a different ideality factor, as

seen in Figure 2C. In fact, upon sufficient doping, one of the charge carrier densities is

pinned, andagain,h/1.Henceforth in the article,wedonot considerdopedperovskite.

Another important feature of PSCs is the presence of moving ions—we also simu-

lated devices with different ion densities (see Figures 2C and 2D), and realize that
6 Cell Reports Physical Science 2, 100346, February 24, 2021
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contrary to doping, they do not affect the ideality factor significantly for stabilized

JVs. In addition, we show that if a device shows little to no hysteresis for high voltage

scan rate, then there is also no significant effect of ions on the stabilized performance

and the ideality factor. This is well in line with the work by Tessler and Vaynzof,62 who

showed that when a JV characteristic does not show signs of hysteresis, the device

model can still reproduce the same material and device parameters without

including ions. Hence, we do not consider ions in the following simulations, as

they would also increase significantly the computational time.

To summarize, we showed that the analysis of the ideality factor is not as straightfor-

ward as expected and that other factors need to be taken into consideration. Thus,

despite giving valuable information, the ideality factor cannot be used on its own to

conclude anything about the dominant recombination process but must be analyzed

in correlation with other parameters.

Dataset for ML

ML algorithms have proven to be very efficient classifiers, and here, recognizing the

dominant recombination process is nothing more than a classification problem. We

are looking at three or four potential classes: (1) band-to-band recombination, (2)

SRH recombination in the bulk, and (3) interfacial SRH at the front (3a) or back (3b)

interface. To accurately train a ML algorithm, we need a dataset on which the ML

can be trained and tested. To build a usable dataset, we need to define enough

descriptive features and, of course, have properly labeled data. In other words,

we need a large amount of data on PSCs with light intensity-dependent performance

and an already-known dominant recombination process for each of the data points.

This represents one of the great challenges in applying ML strategies to PSC

research, as there is no readily available dataset or database reporting performance

values of PSCs with the corresponding limiting process. Despite the huge amount of

data published every year on PSCs, there is no real standard on what to characterize

when a newly made device is reported, aside from the typical JV curve under 1 sun

AM 1.5; even more problematic, most of the time, we focus on reporting what has

been improved compared to a reference, which is indeed important, but it would

also be insightful to investigate what is still limiting the device.

To overcome the issue of not having an experimental dataset to work with, we

decided to use DD simulations31,32,47 to generate the needed data. DD simulations

have already proven their ability to capture the physics of PSCs by reproducing a

wide variety of devices with different perovskite composition and struc-

ture.31,32,63–65 Hence, we are confident that it can give us meaningful and reliable

data to work with. To obtain a representative dataset, we randomly picked parame-

ters within a reasonable range (see Table S2) based on commonly reported experi-

mental values in the literature for the thickness and mobilities of all layers. For the

recombination parameters that are more difficult to access with experiments, we

used previously published simulation work using either DD31,32,63–65 or first-princi-

ples51–54 simulation to set meaningful boundaries. We also included parasitic,

lumped series and shunt resistances to better represent realistic PSCs, as this effect

can strongly influence the performance of real solar cells. However, it should be

noted that the light intensities used here were purposely chosen close to 1 sun to

limit the influence of the parasitic resistances. A high series resistance will mostly

affect the performance at higher light intensities, while a low shunt resistance is

detrimental at low light intensities. Due to computational constraints, we have

used a lumped rather than a distributed series resistance.66 This implies that our re-

sults apply to small, lab-scale devices. We also chose to fix the band gap of the
Cell Reports Physical Science 2, 100346, February 24, 2021 7



Figure 3. Density distribution of the main features for the different recombination types

simulated

(A) The ideality factor.

(B) The open-circuit voltage.

(C) The short-circuit current.

(D) The fill factor. All given under 1 sun illumination.

Parameters used in the simulation can be found in the Supplemental experimental procedures.
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perovskite to 1.6 eV (which corresponds to the band gap of MAPbI3), as we, for now,

focus on a proof of concept; but obviously the analysis presented below would also

hold for a different band gap by extending the simulation space for the said band

gap.

Figure 3 presents the summary of the main performance parameters under 1 sun illu-

mination and the ideality factor for >2 million simulated solar cells. The ideality fac-

tor was fitted from simulated values from 5 different light intensities, thus represent-

ing a total number of simulations of >10million. One of themain advantages of using

a dataset based on simulations is that each point can properly be labeled to their

dominant recombination process (under 1 sun at maximum power point condition),

as the contribution of each loss can be very easily disentangled from one another

and the recombination fraction of each process can be calculated.

Without going further, we can already draw some conclusions from the density plot

presented in Figure 3, the ideality factor not being sufficient to accurately distinguish

the different recombination processes. In fact, as expected from the derivation

made in the previous section hz1 is not always a sign of dominant band-to-band

recombination. However, if we consider ideality factor and VOC , then we realize

that hz1 and VOC >1:2V is very likely to be band-to-band recombination. As

mentioned in the previous section, band-to-band limited devices exhibit impres-

sively high VOC with a loss lower than 0.4 V compared to the band gap; this is due

to the very low values of the band-to-band recombination constant in perovskite.

However, to be band-to-band recombination limited, the perovskite layer needs

to be of very high quality with very low trap densities. This suggests that by adding
8 Cell Reports Physical Science 2, 100346, February 24, 2021



Figure 4. Machine learning performance

(A) Evolution of the trust score on training and test dataset depending on the features used to train single tree or random forest (RF). The full dataset

consists of >106 simulated devices, 25% of which was used as a test set. The best performance (82%) is obtained for RF using 5 different light intensity

performances, doping, and mobilities of all of the layers as features.

(B) Confusion matrix on the prediction for the best-performing RF trained showing how often a prediction is correct (diagonal), depending on the

dominant recombination process.
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other features on top of the ideality factor, we could improve the accuracy of the pre-

diction of the dominant recombination process. Hence, moving to the ML technique

could help us predict the dominant recombination process by adding/tuning fea-

tures that can preferably be easily measured.

ML tree-based methods to identify the dominant recombination process for

PSCs

As mentioned earlier, ML techniques are very effective for classification problems.

Here, we chose to use two tree-basedmethods: single decision tree (ST) and random

forest (RF) because they present the advantage of being more transparent than a

typical neural network and that you can get more insight into what governs the de-

cision by ‘‘drawing’’ the trained tree. All of the ML training was made using the scikit-

learn67 toolbox.We began by defining three classes for the dominant recombination

process: (1) band-to-band, (2) GB traps, and (3) interfacial traps and trained our ML

to distinguish between the different scenarios. To avoid any bias in our learning, the

dataset was balanced between the three classes and 25% of the dataset was used as

a test set. The common approach used in the literature is to use only the ideality fac-

tor as a feature, so we trained both ST and RF algorithms to use only h, giving an

overall accuracy of z70% and z70% on the training and testing set, respectively

(see Figure 4). The trust score—i.e., how much can you trust the prediction made

by the ML—for each class can also be calculated (Figure S3), giving 85% for band-

to-band recombination dominant, 63% for the GB traps, and 57% for interfacial

traps. This means, for example, that if one inputs new numbers into the ML and

the output is interfacial recombination, then there is a 57% chance that this is indeed

the dominant recombination process.

We note that the ideality factor alone gives a decent prediction as to whether the

system is band-to-band or trap limited, but it is not enough to distinguish whether

the traps are located at the interface or within the bulk at the GBs. This is to be ex-

pected, as it is difficult to distinguish between the two trap-assisted recombination
Cell Reports Physical Science 2, 100346, February 24, 2021 9
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processes. However, Figure 3A shows that there is still a difference in the density dis-

tribution for the solar cell 1 sun performance, suggesting that adding those features

as descriptors should improve the prediction accuracy. In Figure 4A, we see that

adding more features such as the 1 sun performance or the mobility and whether

the TLs are doped help to improve the prediction of the ML algorithm. Note that

in the simulation, the TL is considered doped if it satisfies the doping criteria intro-

duced by Le Corre et al.63

The best result, with an overall accuracy >82%, was obtained with a RF classifier

when using the performance of all of the simulated light intensities, the mobility of

all of the layers, and whether the TLs are doped. This improvement is due to a better

differentiation between interfacial and GB traps recombination.

The normalized confusion matrix on the prediction, shown in Figure 4B, gives more

insight into the accuracy of the prediction by showing the fraction of the predictions

that are correct on the diagonal. The off-diagonal elements give the fraction of

wrongly assigned predictions. In our best case, it shows that when the ML output

is either band-to-band, GB, or interfacial recombination, the results can be trusted

in 97%, 74%, and 79% of the cases, respectively. However, the accuracy of the pre-

diction is not perfect, which is mainly due to the fact that some interfacial dominant

cases are mistaken as GB dominant and vice versa, and also the presence of mixed

cases, in which both GB and interface make a comparable contribution to the overall

recombination.

To validate our analysis, we chose experimental values from the literature that have

the appropriate band gap (i.e., the right perovskite composition), in which the domi-

nant loss is known and in which enough of the features are available. The first set of

two devices is made of vacuum-processedMAPbI3 in a nip or pin structure,32 and the

main recombination process was determined by fitting DD simulations to light inten-

sity-dependent current-voltage characteristics. The second set of data is made of tri-

ple-cation perovskite CsPbI0.05[(FAPbI3)0.89 (MAPbI3)0.11]0.95 in a pin structure with

changing interlayer or TLs, and the dominant recombination process was accessed

by performing PL measurement and also DD simulation for devices 3 and 4.33,63,68

For more details on the devices, see Table S3.

We used the ideality factor, 1 sun illumination performance, and doping of the TLs

(Table 1) as features for the RF. We found good agreement between the prediction

and the dominant recombination previously reported for these devices. Hence,

despite the accuracy of the prediction not being perfect, it still predicts quite well

the dominant process for experimental devices, proving that it could be used to

analyze real experimental data for PSCs. To that aim, all of the data and the Python

code used in this study are available on GitHub,69,70 as well as the open-source DD

simulation package SIMsalabim, used to simulate the PSCs.31,32,47

This result brings the hope that in the future, we could use an even larger dataset with

experimental data to train ML methods and predict the dominant losses. This would

be especially useful with the aim of more automated and high-throughput produc-

tion of data, in which the analysis needs to be performed automatically and accu-

rately or used as an online tool, where the trained models would be available and

could be used as a characterization tool for new studies.We could even envision add-

ing all kinds of other experimental results as features to improve the accuracy of the

ML even more. In addition, this line of thinking could also be easily adapted for other

kinds of photovoltaic technology, such as organic or quantum dots solar cells.
10 Cell Reports Physical Science 2, 100346, February 24, 2021



Table 1. Parameters used as features for the random forest algorithm to predict the dominant recombination of experimental perovskite solar cells

Device no. Ref. VOC (V) JSC (mA cm�2) FF h

Front TL
doped

Back TL
doped Experimental dominant

ML prediction: prediction
recombination

1 32 1.08 �20.0 0.73 2 yes yes mixed GB/interface GB

2 32 1.12 �20.2 0.81 1.55 yes yes mixed GB/interface GB/interface

3 33,63 1.09 �21.65 0.779 1.42 no no interface interface

4 33 1.17 �21.7 0.786 1.42 no no interface interface

Findmore information on the device structures in the Supplemental experimental procedures. FF, fill factor; GB, grain boundary; ML, machine learning; TL, trans-

port layer.
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Despite being widely reported in the literature, the analysis of the dominant

recombination based on the ideality factor turns out to be less reliable than ex-

pected for PSCs, as it is also strongly affected by other factors. In fact, by perform-

ing a large-scale simulation, we have shown that the ideality factor does not only

depend on the dominant recombination process but also on carrier pinning,

either because of the contacts or doping. Hence, to draw any meaningful conclu-

sion on the main loss process, the analysis needs to be complemented by other

features.

We show using ML procedures that the prediction of the dominant recombination

process can be improved by adding the performances under different light inten-

sities, doping, and mobilities. A maximum prediction accuracy of 82% was obtained

using a RF algorithm, which represents a 12% improvement compared to the use of

the ideality factor only. The trained RF was also able to accurately predict the domi-

nant recombination of experimental devices.

This study shows that performing a large-scale simulation and using ML tools could

lead to a new type of automated data analysis that would be suitable for high-

throughput experimentation.
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López Luke, T., Carriles, R., and De la Rosa, E.
(2018). Improving the Optoelectronic
Properties of Mesoporous TiO2 by Cobalt
Doping for High-Performance Hysteresis-free
Perovskite Solar Cells. ACS Appl. Mater.
Interfaces 10, 3571–3580.

37. Yang, G., Chen, C., Yao, F., Chen, Z., Zhang, Q.,
Zheng, X., Ma, J., Lei, H., Qin, P., Xiong, L., et al.
(2018). Effective Carrier-Concentration Tuning
of SnO2 Quantum Dot Electron-Selective
Layers for High-Performance Planar Perovskite
Solar Cells. Adv. Mater. 30, e1706023.

38. Wehrenfennig, C., Eperon, G.E., Johnston,
M.B., Snaith, H.J., and Herz, L.M. (2014). High
charge carrier mobilities and lifetimes in
organolead trihalide perovskites. Adv. Mater.
26, 1584–1589.

39. Duan, H.-S., Zhou, H., Chen, Q., Sun, P., Luo, S.,
Song, T.-B., Bob, B., and Yang, Y. (2015). The
identification and characterization of defect
states in hybrid organic-inorganic perovskite
photovoltaics. Phys. Chem. Chem. Phys. 17,
112–116.

40. Stranks, S.D., Burlakov, V.M., Leijtens, T., Ball,
J.M., Goriely, A., and Snaith, H.J. (2014).
Recombination kinetics in organic-inorganic
perovskites: excitons, free charge, and subgap
states. Phys. Rev. Appl. 2, 034007.

41. Yamada, Y., Nakamura, T., Endo, M.,
Wakamiya, A., and Kanemitsu, Y. (2014).
Photocarrier recombination dynamics in
perovskite CH3NH3PbI3 for solar cell
applications. J. Am. Chem. Soc. 136, 11610–
11613.

42. D’Innocenzo, V., Srimath Kandada, A.R., De
Bastiani, M., Gandini, M., and Petrozza, A.
(2014). Tuning the light emission properties by
band gap engineering in hybrid lead halide
perovskite. J. Am. Chem. Soc. 136, 17730–
17733.

43. Leijtens, T., Eperon, G.E., Barker, A.J., Grancini,
G., Zhang, W., Ball, J.M., Kandada, A.R.S.,
Snaith, H.J., and Petrozza, A. (2016). Carrier
Cell Reports Ph
trapping and recombination: the role of defect
physics in enhancing the open circuit voltage of
metal halide perovskite solar cells. Energy
Environ. Sci. 9, 3472–3481.

44. deQuilettes, D.W., Zhang, W., Burlakov, V.M.,
Graham, D.J., Leijtens, T., Osherov, A., Bulovi�c,
V., Snaith, H.J., Ginger, D.S., and Stranks, S.D.
(2016). Photo-induced halide redistribution in
organic-inorganic perovskite films. Nat.
Commun. 7, 11683.

45. Koster, L.J.A., Mihailetchi, V.D., Ramaker, R.,
and Blom, P.W.M. (2005). Light intensity
dependence of open-circuit voltage of
polymer: fullerene solar cells. Appl. Phys. Lett.
86, 123509.

46. Mandoc, M.M., Kooistra, F.B., Hummelen, J.C.,
De Boer, B., and Blom, P.W.M. (2007). Effect of
traps on the performance of bulk
heterojunction organic solar cells. Appl. Phys.
Lett. 91, 263505.

47. Sherkar, T.S., Le Corre, V.M., Koopmans, M.,
Wobben, F., and Koster, L.J.A. (2020).
SIMsalabim GitHub repository, version 3.76.
https://github.com/kostergroup/SIMsalabim.

48. Tress, W. (2017). Perovskite solar cells on the
way to their radiative efficiency limit–insights
into a success story of high open-circuit voltage
and low recombination. Adv. Energy Mater. 7,
1602358.

49. Wang, Z., Lin, Q., Wenger, B., Christoforo,
M.G., Lin, Y.-H., Klug, M.T., Johnston, M.B.,
Herz, L.M., and Snaith, H.J. (2018). High
irradiance performance of metal halide
perovskites for concentrator photovoltaics.
Nat. Energy 3, 855–861.

50. Schiff, E.A. (2003). Low-mobility solar cells: a
device physics primer with application to
amorphous silicon. Sol. Energ. Mat. Sol. 78,
567–595.

51. Davies, C.L., Filip, M.R., Patel, J.B., Crothers,
T.W., Verdi, C., Wright, A.D., Milot, R.L.,
Giustino, F., Johnston, M.B., and Herz, L.M.
(2018). Bimolecular recombination in
methylammonium lead triiodide perovskite is
an inverse absorption process. Nat. Commun.
9, 293.

52. Ambrosio, F., Wiktor, J., De Angelis, F., and
Pasquarello, A. (2018). Origin of low electron-
hole recombination rate in metal halide
perovskites. Energy Environ. Sci. 11, 101–105.

53. Wolf, C., Cho, H., Kim, Y.-H., and Lee, T.-W.
(2017). Polaronic Charge Carrier-Lattice
Interactions in Lead Halide Perovskites.
ChemSusChem 10, 3705–3711.

54. Zhang, X., Shen, J.-X., Wang, W., and Van de
Walle, C.G. (2018). First-Principles Analysis of
Radiative Recombination in Lead-Halide
Perovskites. ACS Energy Lett. 3, 2329–2334.

55. Simmons, J., and Taylor, G. (1971).
Nonequilibrium steady-state statistics and
associated effects for insulators and
semiconductors containing an arbitrary
distribution of traps. Phys. Rev. B 4, 502.

56. Azpiroz, J.M., Mosconi, E., Bisquert, J., and De
Angelis, F. (2015). Defect migration in
methylammonium lead iodide and its role in
perovskite solar cell operation. Energy Environ.
Sci. 8, 2118–2127.
ysical Science 2, 100346, February 24, 2021 13

http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref21
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref22
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref22
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref22
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref22
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref22
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref22
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref23
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref24
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref25
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref25
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref25
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref25
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref25
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref26
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref26
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref26
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref26
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref26
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref27
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref28
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref28
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref28
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref28
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref28
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref28
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref29
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref29
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref29
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref29
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref30
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref31
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref31
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref31
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref31
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref31
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref32
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref32
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref32
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref32
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref32
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref32
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref33
https://arxiv.org/abs/1810.01333
https://arxiv.org/abs/1810.01333
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref35
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref36
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref37
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref38
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref38
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref38
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref38
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref38
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref39
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref39
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref39
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref39
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref39
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref39
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref40
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref40
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref40
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref40
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref40
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref41
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref42
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref42
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref42
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref42
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref42
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref42
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref43
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref44
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref45
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref45
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref45
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref45
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref45
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref46
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref46
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref46
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref46
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref46
https://github.com/kostergroup/SIMsalabim
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref48
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref48
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref48
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref48
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref48
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref49
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref49
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref49
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref49
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref49
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref49
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref50
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref50
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref50
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref50
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref51
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref52
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref52
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref52
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref52
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref53
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref53
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref53
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref53
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref54
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref54
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref54
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref54
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref55
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref55
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref55
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref55
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref55
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref56
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref56
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref56
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref56
http://refhub.elsevier.com/S2666-3864(21)00031-X/sref56


ll
OPEN ACCESS Article
57. Buin, A., Comin, R., Xu, J., Ip, A.H., and
Sargent, E.H. (2015). Halide-Dependent
Electronic Structure of Organolead
Perovskite Materials. Chem. Mater. 27, 4405–
4412.

58. Wetzelaer, G.A.H., and Blom, P.W.M. (2014).
Ohmic current in organic metal-insulator-metal
diodes revisited. Phys. Rev. B Condens. Matter
Mater. Phys. 89, 241201.

59. Zhou, Y., Chen, J., Bakr, O.M., and Sun, H.-T.
(2018). Metal-Doped Lead Halide
Perovskites: Synthesis, Properties, and
Optoelectronic Applications. Chem. Mater. 30,
6589–6613.

60. Shao, S., Liu, J., Portale, G., Fang, H.-H., Blake,
G.R., ten Brink, G.H., Koster, L.J.A., and Loi,
M.A. (2018). Highly Reproducible Sn-Based
Hybrid Perovskite Solar Cells with 9%
Efficiency. Adv. Energy Mater. 8, 1702019.

61. Kahmann, S., Shao, S., and Loi, M.A. (2019).
Cooling, Scattering, and Recombination–The
Role of the Material Quality for the Physics of
Tin Halide Perovskites. Adv. Funct. Mater. 29,
1902963.
14 Cell Reports Physical Science 2, 100346, Febru
62. Tessler, N., and Vaynzof, Y. (2020). Insights from
device modeling of perovskite solar cells. ACS
Energy Lett. 5, 1260–1270.

63. Le Corre, V.M., Stolterfoht, M., Perdigón Toro,
L., Feuerstein, M., Wolff, C., Gil-Escrig, L.,
Bolink, H.J., Neher, D., and Koster, L.J.A.
(2019). Charge transport layers limiting
the efficiency of perovskite solar cells: how to
optimize conductivity, doping, and thickness.
ACS Appl. Energy Mater. 2, 6280–6287.

64. Neukom, M.T., Schiller, A., Züfle, S., Knapp, E.,
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