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This paper provides an attempt to utilize machine learning algorithm, explicitly random-forest algorithm, to optimize

the performance of dye sensitized solar cells (DSSCs) in terms of conversion efficiency. The optimization is imple-

mented with respect to both the mesoporous TiO, active layer thickness and porosity. Herein, the porosity impact is

reflected to the model as a variation in the effective refractive index and dye absorption. Database set has been estab-

lished using our data in the literature as well as numerical data extracted from our numerical model. The random-forest

model is used for model regression, prediction, and optimization, reaching 99.87% accuracy. Perfect agreement with

experimental data was observed, with 4.17% conversion efficiency.
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Silicon-based solar cells are the most well spread com-
mercial light harvesters worldwide, especially in
large-scale applications''. However, silicon-based cells
showed limitations including but not limited to, fairy high
manufacturing cost, non-transparency, large area occupa-
tion, and low performance under diffused light. Accord-
ingly, new generations of solar cells started to glow up'*.
Among various new structures and materials, dye sensi-
tized solar cells (DSSCs) have been introduced in the li-
terature as a low cost, simply fabricated and efficiently
operated under low-light intensity solar cells”™*. In DSSCs,
the active thin film layer is fabricated using mesoporous
materials that include empty gaps, where the dye can
penetrate[5'7].

Previous investigations in the literature have been re-
ported toward the optimization of these DSSCs, seeking
for the maximum conversion efficiency™. Such optimi-
zation processes were mostly based on experimental in-
vestigations, where very few theoretical attempts were
demonstrated”. In both cases, experimental or numerical
optimizations, the efficiency maximization process was
limited to a set of restricted boundaries without any pre-
diction capabilities.

Recently, the term material informatics has shined in
the literature as a booming optimization technique based
on machine learning algorithms''”. Materials informatics
is a study field that focuses on investigating and applying
the techniques of informatics to materials science and en-
gineering''”. Previous studies dealing with integrating
machine learning model in optimizing solar cell perfor-
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mance were presented in Refs.[11] and [12]. Specifically,
the works in Refs.[13—16] were introduced for machine
learning algorithms related to DSSC optimization. In
Ref.[14], a valuable attempt was demonstrated to optimize
the sensitizers used in DSSC fabrication. Alternatively,
Ref.[15] illustrated an artificial integument model for ex-
ploring various organic dyes capable of being integrated in
organic DSSCs. However, by screening the literature, no
previous investigation on the optimization of the active
mesoporous layer for maximizing DSSC efficiency was
addressed. We believe that the mesoporous TiO, layer is
the main critical layer in DSSC design>®. TiO,, in its po-
rous structure, is not only functionalized as the electron
transport medium in DSSCs, but also it is considered as
the hosting medium to the dye, through its pours. Addi-
tionally, the scattering mechanisms in the porous structure
can attribute to the optical path length in the active layer,
which reflects in the absorption enhancement.
Consequently, this study presents an optimization pro-
cess for the cell conversion efficiency through utilizing
machine learning algorithm. Random-forest algorithms is
used through python scripting code!'”. As inputs, the
mesoporous TiO, thickness and porosity are considered,
while the conversion efficiency is promoted as the main
targeted output. The porosity variation is studied as varia-
tion in the effective thickness and the effective permitti-
vity of the TiO,-dye effective medium (Fig.1). The ma-
chine learning model is seeded with a dataset extracted
from our previous experimental work in Refs.[3—6], along
with numerical simulation results conducted using scanner
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application software (SCAPS) numerical tool'*,

As an essential step in a machine learning model, a
dataset of inputs/output matrix is implemented. To en-
sure the reliability of the constructed model, the core
dataset is imported from a real experimental data for
segmented and complete DSSCs*!. However, the limi-
tation in the number of fabricated samples associated
with any experiential process leads to the integration of
numerical data to provide the acceptable dataset range
for the machine learning model.

Herein, we utilize SCAPS model, which is already
verified with respect to experiential data in our work in
Ref.[4]. SCAPS allows us to examine the variation in the
overall efficiency against each design parameter. In our
model the mesoporous layer and the dye are combined in
an effective medium layer (layerl). The optical effective
permittivity of such medium can be addressed through
the effective medium theory, given by
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where ¢, is the medium permittivity (bulk TiO,), ¢ is
the inclusion permittivity (dye), and o; is the fraction
volume of inclusion (porosity).
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Fig.1 Demonstrative schematic for DSSC with the
effective mesoporous (mpp) TiO2/dye layer (The figure
also shows the machine learning model with its input
and output)

On the other hand, the variation in the effective layer
thickness can be attributed to either variation in the
mesoporous TiO, layer thickness or in the porosity. In
other words, fluctuation in porosity is contributed to the
model as a variation in the effective permittivity (in terms
of 9;) as well as change in the overall effective thickness of
the TiO,/dye layer. The idea beside that is very simple, as
the porosity increase, the capability of absorbing dye in
TiO, voids increases, proportionally. Accordingly, the
overall absorption increases. This increase in the absorp-
tion is modeled as an increase in the effective layer, while
keeping the absorption coefficient of the dye (the imagi-
nary part of the permittivity ¢) fixed. In the current study,
we consider the extinction behavior of the effective
TiO,/dye layer as a combination of the volume scattering
due to the mesoporous structure, and the absorption spec-
trum of the dye!. The volume scattering in the TiO, is
modelled using Mie scattering model”®’.

Experimentally, TiO, nanoparticles were prepared us-
ing the sol-gel method described in Ref.[7]. Conse-
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quently, deposition process took place using screen
printing method. Commonly used N719 dye was utilized
as a visible dye, while iodine-based electrolyte was in-
serted*. DSSCs were sealed using a hot press at a tem-
perature of 120 °C. For the sake of characterization, in-
door C-band light emitting diode (LED)-based solar
simulator was used, with Keithley 2401 current-voltage
source meter''”. The overall cell efficiency is calculated
as
Vool s FF
e =~ 5
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where Vo stands for the open-circuit voltage, Jsc repre-
sents the short-circuit current, FF labels the fill factor, /;5
is equal to 1 kW/m? which is approximately the AM1.5
Sun intensity[zo], and A is the cell area. Herein, we intro-
duce the term /5 as the spectral mismatching correction
factor. To investigate such a mismatching coefficient, a
V-770 ultraviolet-visible/near infrared (UV-Vis/NIR)
spectrophotometer was used, where the wavelength from
190 nm to 2 700 nm can be investigated. The process
was carried out by simply placing the optical LED array
source in aliment with the optical fiber detector then the
spectrometer sweeps the sample and displays the result
on its compatible software. Logically, mismatching is
considered with respect to the AM1.5G, where 9% de-
viation was observed.

For the sake of optimization, the dataset implemented
is seeded in a random-forest machine learning algo-
rithm"'”). Random-forest has gained high popularity due
to its simplicity to use, flexibility, and ability to handle
both regression, and classification problems!'”. The input
data is divided into two sets, the training set, and the
validation set. The training data set is the core of the
machine learning process, where the algorithms analyses
and learns on. Alternatively, the validation data set is
created to ensure that no overfitting or biasing in the
machine learning process occurs. Validation data is
mostly a part of the main dataset, which is kept from the
algorithm until it finishes training, then it is applied on
the trained module to analyses its performance on such
new data from the machine learning model prospective.
In this investigation, random-forest is chosen as an accu-
rate classification algorithm that uses decision trees for
learning method!"”. In random-forest, as the algorithm
trains the data, a number of decision trees are constructed,
resulting in a modal made by the prediction of each of
the individual trees!'”. The flow of the algorithm can be
demonstrated in the flow chart shown in Fig.2!"%.

Following the procedure described above, the ran-
dom-forest algorithm is applied on the generated dataset.
It is observed in Fig.3 that the prediction performance of
the module applied on the dataset is perfectly matches
the actual inputted efficiencies, where the model esti-
mated accuracy is found to be 99.87%. By tracing the
model, both the thickness and porosity of the TiO,/dye
effective layer have a great effect on the efficiency of the
solar cell. Nearly 49.53% of the total increase in the cell
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efficiency being due to the thickness and about 50.47%
is due to the porosity. This means that the influence of
the porosity is a bit greater than that of the thickness. The
prediction of the efficiency variation against the
TiO,/dye effective thickness and porosity reached its
optimum value of 4.17% at effective thickness of 7 pm
and porosity of 63%.

Finally, the optimized J-V curve for the simulated
DDSC is plotted against experimental data captured from
our recipe in Ref.[4] (Fig.4). A perfect matching is de-
tected between both curves with an overall conversion
efficiency of 4.17%. It is worth to highlight that the effi-
ciency observed in this work is not considered as the
highest efficiency reported for DSSC in general. This
limitation is a part of the constrains associated to the re-
cipe and material used. The reason of selecting such rela-
tively low efficiency solar cell is attributed to the existence
of a fabricated set of samples™®, from which our database
has been constructed. However, we believe that the
know-how presented in this work can be extended to other
high efficiency DSSCs as well as perovskite solar cells,
where we consider this part as a future work.

( Set a problem )
v

( Construct a data set )

( Build a machine learning model )

( Split the datasct into training sct and validation set )

(Train the machine learning model using the training set)

(Validate the accuracy of the model using the validation set)

( Calculate the accuracy of the model )

( Plot the input/output relation )

Fig.2 Random-forest machine learning algorithm used in
optimizing the power conversion efficiency of DSSC!'®
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Fig.3 Actual efficiency against predicted efficiency
resulted from the random forest machine learning
model (The module prediction is plotted with respect
to the perfect (hypothetical) prediction, where slope
tends to one)
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Fig.4 Predicted optimum J-V curve under effective
thickness of 7 ym and porosity of 63% against ex-
perimental data

In conclusion, for enhancing and predicting the per-
formance of DSSCs, the random-forest algorithm pro-
vides both efficiency and flexibility to be applied. Opti-
mization for the mesostructured thin film layers were
modelled using experimental data, and SCAPS 1-D
simulation model. The machine learning modules was
built using python random forest regressor algorism.
Perfect matching between optimized predicted data and
experimental results was observed with model accuracy
tends to 99.87%. An optimized DSSC with 4.17% effi-
ciency was concluded under effective thickness of 7 pm
and porosity of 63%.
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