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Abstract

The production of sustainable and cost-effective energy remains a global challenge, with
photovoltaic technology emerging as a promising solution. Sensitizers play a key role in
electron production in dye-sensitized solar cells, which are emerging photovoltaic devices;
thus, different chemical structures have been introduced to achieve the best results. Deter-
mining the optimal conditions for the coating and application of dye materials to obtain op-
timal efficiency and performance is of great importance. For this purpose, an organometallic
dye was used to extract the optimal coating conditions. Two factors—ambient temperature
during photoanode preparation and anti-aggregation agent concentration—were selected
as effective parameters, and the optimal conditions for achieving high efficiency and dura-
bility were determined using machine learning. Finally, the findings were analyzed from
two perspectives: the preparation of laboratory devices using the selected dye and the
evaluation of similar dye materials to validate the proposed optimal conditions.

Keywords: dye-sensitized solar cells; photosensitizers; efficiency; durability; machine
learning simulation

1. Introduction
Technological development and population growth have led to an increase in the

consumption of various types of energy, including optical and electrical energy for
domestic and industrial applications [1]. Despite the growing need for electrical en-
ergy, most conventional sources cause environmental pollution and are also finite [2,3].
Therefore, attention is increasing toward renewable energy sources that are cheap,
abundant, and do not pollute the environment. One of the most important renewable
energy sources is sunlight [4]. For decades, the conversion of solar energy into elec-
trical energy has been the subject of research, and three generations of photovoltaic
devices have been introduced for this purpose [5,6]. Nowadays, silicon photovoltaic
devices are used on a commercial scale, but they have several limitations, such as
sensitivity to temperature and environmental conditions, as well as high costs, which
have prevented their further development [7]. The third generation of this technology,
known as dye-sensitized solar cells (DSSCs) [7], has a promising future in this field.
These devices have five different parts that are placed in sequence [8,9]. The heart of
this device is the sensitizer, which generates electrons upon exposure to sunlight and
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has a direct effect on the efficiency and ultimate lifespan of the device [10,11]. Sensi-
tizers based on organometallic compounds, organic dyes, and natural dyes have been
introduced for use in dye-sensitized solar cells [12]. The dye is prepared in the solution
phase and coated onto a semiconductor, making it necessary to prepare a solution
with optimal concentration and conditions so that the dye does not aggregate after the
coating procedure [13]. The synthesis of new and efficient dyes for the preparation
of devices with high efficiency and long lifetimes has been the subject of extensive
research [14]. The results show that the use of computational methods and artificial
intelligence, such as Response Surface Methodology (RSM) and Desirability Function
(DF), can be very useful in controlling and managing sensitization process conditions
to achieve high efficiency and lifetimes simultaneously [15,16]. While conventional
design of experiments (DoE) and response surface methodology (RSM) are widely used
for DSSC optimization, these methods are fundamentally limited to linear or quadratic
models [17]. However, the relationship between processing parameters (temperature
and concentration) and device performance (efficiency and durability) exhibits com-
plex, higher-order non-linearities that cannot be captured by low-ordered polynomial
models. Recent studies have demonstrated that machine learning approaches are better
suited to capturing such complex relationships in DSSC optimization [18,19].

Using these artificial intelligence techniques is highly efficient for the sustainable
development of renewable energies, although further research is required to fully optimize
machine learning applications in this field—a gap addressed in the current study.

Machine learning (ML) techniques and Density Functional Theory (DFT) have been
combined to find efficient solar cell dye molecules [20]. Using 61 known dyes, thousands of
D-π-A, D-π-A′-A, and D-A′-π-A structures were generated. Using molecular and quantum
descriptors, several dyes with power conversion efficiency (PCE) > 29% were predicted.

Varga et al. [18] built a comprehensive database from 213 scientific papers and gath-
ered 520 samples. Film thickness, synthesis temperature, synthesis time, precursor type,
dye type, morphological structure, resistance, electrolyte concentration, irradiance, and
operating temperature were used as independent variables to predict efficiency at four
levels. They found that thin film thickness, synthesis temperature and synthesis time
werethe most influential factors affecting efficiency within the studied dataset.

Onah et al. [21] utilized machine learning regression to predict the short-circuit current
density (Jsc) and maximum power output (Pmax) of a modified Eu3+-doped Y2WO6/TiO2

photoanode-based solar cell. They reached errors of 0.73% for Jsc and 1.01% for Pmax

prediction using different ML algorithms.
A review paper by Tomar et al. [22] offers a comprehensive study of machine

learning techniques, particularly Artificial Neural Networks (ANN), for predicting the
design, material selection, and power conversion efficiency of DSSCs. The review cov-
ers various ML approaches, including ANN, genetic algorithms (GAs), QSPR, QSAR,
Random Forest, Support Vector Machines, Decision Trees, and K-Nearest Neighbors,
with a particular focus on ANN and hybrid ANN-GA models for predicting optical
properties (absorption maxima and HOMO-LUMO gaps) and the electrical and physi-
cal properties of DSSC components, such as electrolytes, semiconductor oxides (TiO2

and ZnO), dyes, and catalysts.
This brief review of ML algorithms shows that the new horizon opened by ML tech-

niques is promising. Molecular design, efficiency prediction and process optimization
represent the key focal points of these studies [18,20–22]. However, the application of
ML to ambient temperature and anti-aggregation agent concentration remains largely
unexplored. The current study addresses this gap by simultaneously optimizing solar
cell efficiency and durability using ML, followed by a multi-objective genetic algorithm
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(MOGA) to determine the optimal coating parameters. Experimental validation through
laboratory device fabrication is the key distinguishing feature of this work, confirming
that the ML-predicted optimal conditions indeed yield enhanced device performance and
long-term stability.

An organic–mineral complex dye synthesized in our group (Figure 1) was selected
for the preparation of a photovoltaic device (DSSC). Machine learning techniques were
used to prepare an optimal solution in terms of concentration and anti-aggregation agent
content. This research pursues two primary objectives: (1) fabricating an efficient device
with maximized power conversion efficiency and lifetime, and (2) minimizing resource and
energy consumption during fabrication. The efficiency in DSSCs was calculated using the
formula η = (Jsc× Voc × FF)/Pin × 100, with Pin = 100 mW/cm2.
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Figure 1. Chemical structure of the organic dye.

2. Theoretical Background
2.1. Artificial Neural Networks (ANNs) and Feedforward Shallow Neural Networks (FFSNNs)

ANNs possess the capability to model a wide range of complex engineering prob-
lems [23]. Feedforward shallow neural networks (FFSNNs), as a simple variant of ANNs,
have been utilized as a powerful tool in this regard [24]. An FFSNN is composed of three
layers: the input, hidden and output layers. Each layer is composed of neurons. Data are
fed into the input layer. The number of neurons in the input layer is equal to the dimension
of the input data. The layer after the input layer is the hidden layer. This layer processes
the inputs using weighted sums, biases and activation functions, where the net input zi to
the i-th hidden neuron is expressed in Equation (1). In this equation, xj is the input value
of the j-th neuron, wij is the weight of the connection between the j-th input and the i-th
neuron in the hidden layer, and bi is the bias of the i-th neuron in the hidden layer. Finally,
yi is the value of the i-th neuron in the hidden layer, obtained by passing zi through an
activation function f. The activation function is usually a sigmoid, hyperbolic tangent,
tansig or Rectified Linear Unit (ReLU) function to introduce non-linearity to the model.
The goal of network optimization is to find these weights and biases so that the errors are
minimized. Finally, the last layer is the output layer. This layer produces the final set of
predictions [25,26].

zi = ∑
i

wijxj + bi, yi = f (zi) (1)

The network starts with a randomized set of weights and biases. The hidden layer
is then calculated. Using the first estimation of the hidden layer and the randomized
weights and biases, the first guess of the output layer is made. The difference between
the prediction and the ground truth output is calculated using a loss function, typically
the mean square of error (MSE). One cycle of calculation from the input layer to the
output layer is called an epoch. Utilizing the gradient descent technique, the error is
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then back propagated through the network to update the initial weights and biases.
The network then recalculates the new weights and biases repeatedly until the stopping
criteria are met [25,26].

The data used for optimization of prediction errors are the training dataset. By
means of adjusting weights and biases, the network learns the underlying patterns,
features and relationships between the inputs and outputs. Meanwhile, the validation
set is used to tune the hyperparameters, helping to monitor model performance and
prevent overfitting during the training process. Finally, the test set is used to evaluate
the performance of the trained network on samples that were not previously introduced
to the model.

The stopping criteria can vary. Commonly applied stopping criteria include the
maximum number of epochs, convergence of the loss function to a small value, an increase
in validation loss, and the gradient norm threshold [27,28].

2.2. Multi-Objective Optimization (MOO)

Multi-objective optimization is a mathematical optimization that copes with problems
involving the simultaneous optimization of two or more variables. In these problems,
the Pareto front is the locus of non-dominated solutions, where one objective cannot be
improved without worsening at least one other objective.

MOO has found applications in many fields, such as economics, logistics and environ-
mental sciences. For instance, it can be used to balance fuel efficiency and engine power
in an automobile [29,30] or to evaluate the trade-off between profit and environmental
pollution in a textile dyeing factory [31].

Evolutionary algorithms [32], weighted sum methods [33], the E-constraint
method [28], goal programming [27], interactive methods [34] and multi-criteria
decision-making methods [35] are among the methods proposed for solving multi-
objective problems. However, among the listed methods, evolutionary algorithms
are the most common and versatile method for multi-objective optimization, espe-
cially when it comes to complex and non-convex problems, as they provide a good
approximation of the Pareto front [29,30].

2.3. Multi-Objective Genetic Algorithm Optimization (MOGA)

Multi-objective genetic algorithm optimization is the most popular evolutionary-
based method for solving multi-objective optimization problems. It is a generalization of
the single-objective genetic algorithm and uses its classical operators, such as selection,
crossover and mutation. These operators are used to evolve early populations toward the
Pareto front.

Any variable in the genetic algorithm is considered a gene, and a group of genes is
called an individual or a chromosome. In fact, an individual is a set of values that enters
the function. Individuals are assessed by their dominance. Assuming that better solutions
mean smaller values for all objectives, for two individuals x1 and x2, x1 dominates x2

provided that:
If x1 is no worse than x2 for all objectives (Equation (2)):

f j(x1) ≤ f j(x2) ∀j = 1, 2, ..., M (2)

x(x) is strictly better than x(2) in at least one objective (Equation (3))

f j(x1) < f j(x2) ∃!j = 1, 2, ..., M (3)
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Based on dominance, the selection process determines which individuals are eligible
to pass their genes to the next generation.

Just like in animal breeding, during crossover, two individuals combine their genes
to create new offspring. Single-point, multi-point and uniform crossovers are all possible
and can be applied in crossover. In single-point crossover, parents swap their genes from a
single split point along the chromosome. In multi-point crossover, the swapping occurs
at multiple designated locations. Finally, in uniform crossover, the genes of the offspring
are selected randomly from the parents. Mutation is the operation of randomly changing
genes in an individual. This helps maintain genetic diversity and provides the possibility
of exploration of all locations of the solution space.

The fitness of each individual is sorted based on how many other individuals it
dominates. This is termed the dominance rank. The crowding distance is another vital
metric monitored during selection; it assesses how close an individual is to its neighbors in
the objective space. High rank and less crowded individuals get a better fitness value. Based
on the three aforementioned operations, the genetic algorithm creates new generations. In
each generation, the most fitted individuals are selected and are sent to the three operators.
This loop is repeated until a stopping criterion is met.

3. Experimental
3.1. Materials and Techniques

The dye used in the preparation of the photovoltaic devices was prepared ac-
cording to the method published in our previous article [36], in which the chemical
compounds were purchased from Merck Co (Rahway, NJ, USA). A light illumination
intensity of 100 mW/cm2 was applied to characterize the prepared devices. The sam-
ples were exposed to simulated sunlight at an ambient temperature of 25 ◦C until the
durability threshold was reached.

3.2. Preparation of Photovoltaic Devices

The elements of the DSSCs, including the sensitizer solution, titanium dioxide semi-
conductor, conductive substrates, and platinum electrode, were assembled under clean
conditions using the sandwich method and stored in a dark environment prior to photo-
voltaic characterization [37–39].

3.3. Implementation of FFSNN

For network modeling, 15 distinct samples were fabricated using different concen-
trations of anti-aggregation agent and different ambient temperatures (Table S1). The
durability, Jsc, Voc and FF parameters for the mentioned combinations were measured
and fed into the ANN model. Although efficiency could be directly calculated from Jsc,
Voc and FF, these parameters were fed into the system independently in order to map
complex non-linear relationships. The settings of the network, including the training,
validation and testing percentages, network structure and other settings, are shown in
Table 1. The schematic architecture of the network is illustrated in Figure 2. As shown,
the ambient temperature and anti-aggregation agent concentration constitute the input
layer, while durability, Jsc, Voc, and FF represent the nodes of the output layer.

The Deep Learning Toolbox (formerly Neural Network Toolbox) in MATLAB R2023a
was utilized for network training and modeling. The resulting trained network was
subsequently integrated into the multi-objective optimization framework to determine the
optimal ambient temperature and anti-aggregation agent concentration.
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Table 1. Settings for optimization of the network parameters representing durability and efficiency as
a function of temperature and anti-aggregation agent concentration.

Specification Details

Input Data Temperature and anti-aggregation agent
concentration (two variables)

Target Data Durability, Jsc, FF, Voc (four variables)

Training Function Levenberg–Marquardt backpropagation (trainlm)

Hidden Layer Size
round(sqrt(dim(x) × dim(y))) = round(

√
2 × 4) = 3

(geometric mean calculated from input and
output dimensions)

Preprocessing remove constant rows and mapminmax for both
input and output

Performance Function Mean squared error (MSE)

Plot Functions plotperform, plottrainstate, ploterrhist,
plotregression, plotfit

Data Division Function divideind (custom indices for training,
validation, and testing)

Training Percentage 65%

Validation Percentage 15%

Testing Percentage 20%

Training Indices Shuffled indices for training

Validation Indices Shuffled indices for training

Testing Indices Shuffled indices for training

Normalization Standard normalization for performance parameter

 

Figure 2. The network diagram of the FFSNN.bh and b0 are the biases for the hidden and the output
layer. The sigmoid and linear signs below the input and the output layer indicate the tansig and
linear trigger functions.
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3.4. Network Optimization

The trained neural network from the previous step was utilized for the optimization
process. This network serves as a mapping function that links the input variables (ambient
temperature and anti-aggregation agent concentration) to the four output parameters
(durability, Jsc, Voc, and FF).

This function could be solved for the best set of durability and efficiency, provided
that the network adequately fits the measurements. As explained, multi-objective genetic
optimization was utilized to find the Pareto front. To do so, the optimization toolbox in
MATLAB 2023a was used. The optimization settings are shown in Table 2.

Table 2. Settings for the multi-objective optimizations of the network.

Specification Details Notes

Objective Function Durability and efficiency

Optimization Function gamultiobj

Population Size 50

Pareto Fraction 0.35

Selected empirically based on preliminary analysis.
According to MATLAB documentation,

typical values for Pareto fraction
range from 0.3 to 0.6.

Number of Objectives 2

Lower Bounds [0 0]

Upper Bounds [60 30]

Crossover Probability 0.8 MATLAB default (crossover fraction)

Mutation Rate Adaptive feasible Adaptive feasible mutation

Elite Count (Conceptual) 3 5% of population (for reference, not direct option)

Crowding Distance Method Crowding distance MATLAB default

Number of Generations per Run 100 Default value

Stall Generations 100 Convergence criteria

Function Tolerance 0.000001 Weighted average relative change

Constraint Tolerance 0.001 Maximum constraint violation

Number of Variables 2

Number of Independent Runs 10 Multiple runs for statistical reliability

4. Results and Discussion
Dye-sensitized solar cells (DSSCs) are the third generation of photovoltaic technology,

attracting attention due to their sustainable and pollution-free energy production [40].
Dyes are excited by the absorption of light to produce electrons, and the rate of electron
production depends on their chemical structure. Therefore, the design of efficient systems
with high absorption and ease of electron preparation is of great importance. Research
has shown that organic–inorganic compounds have the ability to produce suitable elec-
trons due to their high absorption intensity. Therefore, molecular engineering aimed at
improving the structure in this class is an attractive research topic [41,42]. The effects of
different ligands in the design of organometallic systems for application in DSSCs have
been evaluated. The results showed that phosphite ligands containing amino alcohols [43]
and thiocyanates [36,44] can be effective in improving the photocatalytic properties of
novel sensitizers. Numerous studies have been published in this regard; however, the key
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question is how to best apply the sensitizer to the solar cell structure after effective synthesis.
As mentioned, organometallic sensitizers show the best performance in DSSC structures.
However, factors such as aggregation on the semiconductor and application temperature
must be managed to obtain optimal conditions. For this purpose, an organometallic dye
(Figure 1), which had previously been synthesized and whose performance had been
confirmed [36], was used, and the processing conditions were engineered using machine
learning tools.

The neural network weights and biases were optimized after 14 epochs. The regression
plots for the training, validation, testing and complete datasets are shown in Figures 3 and 4
for durability and efficiency, respectively. In order to check the networks for overfitting,
leave-one-out cross-validation (LOOCV) was performed on the data. The results are shown
in Table 3. The LOOCV results demonstrate that our ANN model predicts durability with
an R = 0.9078 and efficiency with an R = 0.9147 across all 15 data points.

Comparison between the original hold-out test set (n = 3 samples) and LOOCV
(n = 15 models) reveals a performance gap. The original split yielded R = 0.9992
for durability and R = 0.9732 for efficiency, while LOOCV gave more conservative
estimates of R = 0.9078 and R = 0.9147, respectively. The Root Mean Square Error
(RMSE) values increased from 63.92 to 135.87 for durability and from 0.1240 to 0.3103
for efficiency under LOOCV. Similarly, the Mean Absolute Error (MAE) (±standard
deviation) changed from 60.10 ± 26.67 to 111.97 ± 79.66 for durability and from
0.1085 ± 0.0736 to 0.2270 ± 0.2190 for efficiency.

 
Figure 3. Regression plots of the durability network. Panels (a–d) show the training, validation, test
and overall data results, respectively.
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Figure 4. Regression plots of the efficiency network. Panels (a–d) show the training, validation, test
and overall data results, respectively.

Table 3. Comparison of model performance between the original hold-out test set and LOOCV.

Parameter Metric Original Split Test LOOCV In15 Models

R 0.9992 0.9078

Durability RMSE 63.9239 135.8661

MAE ± Standard Deviation 60.1005 ± 26.6701 111.9710 ± 79.6561

R 0.9732 0.9147

Efficiency RMSE 0.1240 0.3103

MAE ± Standard Deviation 0.1085 ± 0.0736 0.2270 ± 0.2190

This performance gap indicates mild to moderate overfitting, which is expected given
the limited dataset size (n = 15). The larger standard deviations in LOOCV reflect the
model’s variable performance across different samples. Nevertheless, the LOOCV R-values
remain above 0.9 for both targets, confirming that the network learned meaningful patterns
rather than simply memorizing specific data points. The model maintains acceptable
predictive accuracy for practical screening applications.

As can be seen, the network was able to predict the two parameters, durability and
efficiency, from temperature and anti-aggregation agent concentration with acceptable
accuracy (Table S1). The reason for using, Jsc, Voc and FF instead of efficiency in the
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output layer was to expand the network’s output layer capacity and improve optimization
accuracy by using the independent data. This shows the potential of the proposed model
for optimization to find the best temperature and anti-aggregation concentration.

The ANN model was utilized for optimization using MOGA. The optimization ran
for 175 generations, and the average change in the spread of the Pareto solutions caused
the algorithm to stop. The optimization results are shown in Figure 5. The Pareto front,
depicted by red circles, shows the two objectives’ values in parentheses for each solution. It
can be observed that the Pareto front is suitably positioned in a region where no other point
nearby has better values for both objectives. This is in complete accordance with what has
been stated in Equations (2) and (3).

Figure 5. Pareto front locus (red circles) found by MOGA. The temperature and anti-aggregation
agent concentration for each point on the Pareto front are shown in parentheses. The blue points
are the calculated durability and efficiency obtained by scanning the temperature range of [0,60]
and [0,30].

The blue points in Figure 5 are plotted using the extracted ANN model. This was
achieved by scanning the possible combinations of anti-aggregation agent concentration
and temperature. It can be argued that this scanning was sufficient for determining the
optimal concentration and temperature. While this might initially appear controversial, for
three or more objectives, visual assessment becomes practically impossible.

The stopping criterion for MOGA is controlled by spread. Additionally, different
runs of the algorithm are influenced by random initialization, mutation, crossover, and the
stochastic nature of the algorithm. In such a complex algorithm, although each run correctly
identifies the Pareto front, they represent different points on the Pareto front. In other
words, multiple runs of the algorithm result in different answers, all of which are correct.
Based on this rationale, three practically desired sets of temperature and concentration were
selected. These sets were tested in practice, and the predicted durability and efficiency were
compared to the actual measured results. The results are shown in Table 4 and presented
in Figure 6. The results predicted by the model are in very good agreement with the
experimental results, indicating the achievement of maximum durability and efficiency
under the proposed experimental conditions.
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Table 4. Three points belonging to the Pareto front in practice.

Point No. T (◦C) 1 AG (mM) 2
Prediction Ground Truth

Durability Efficiency Durability Efficiency

1 15 12 1243.91 5.93 1250 6.0 ± 0.4

2 12 12 1327.78 5.83 1400 5.8 ± 0.4

3 12 14 1381.66 5.78 1420 5.8 ± 0.4
1 Sensitizing temperature (◦C); 2 Concentration of anti-aggregation agent (mM).

Figure 6. (A) J-V curve of optimized devices and (B–D) changes in photovoltaic parameters over time.

The J-V curves and the trend of changes in the photovoltaic parameters over time
are shown in Figure 6. A comparison of the changes in the two parameters, photocurrent
and photovoltage, over time (Figure 6B,C) shows that the changes in photocurrent are
smaller than those in photovoltage. This result could be due to fluctuations in electron
production by the dye, caused by a reduction in excited electron production or mass
transport limitations during the electron–hole regeneration and electron acceptance from
the electrolyte. However, the observed changes were not significant, and the device
maintained repeatable efficiency of up to about 1700 h. The smallest changes were observed
in the FF (Figure 6D), indicating stabilization of the device’s internal charge transport
resistance over time. Our research group had previously synthesized and characterized
three analog chemical structures in Figure 1 [11,36]. A relevant question is whether the
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optimal conditions obtained in this study are also responsible for these structures. To
answer this question, devices containing the three synthesized dyes were prepared, and
their photovoltaic parameters were investigated (Tables 5 and S2). The results show that
the devices prepared under the optimal conditions had high efficiency and durability.
Therefore, it is predicted that the optimal parameters obtained for loading the dye on the
semiconductor can be generalized to similar structures. So far, four organometallic dyes
based on ruthenium with high efficiency and acceptable durability have been introduced
and are widely used in many studies to compare results. All of these compounds have
ruthenium as the central metal. The efficiencies of these compounds vary among different
papers depending on the conditions of device preparation and its components. In this
study, the efficiency obtained for the dye used (Figure 1) was about 14% lower compared to
N719 [15,16,45].

Table 5. Optimal points belonging to the Pareto front in practice.

Photosensitizer T (◦C) 1 AG (mM) 2
Photovoltaic Properties

Durability
JSC (mAcm−2) Voc (V) FF η (%)

1 15 12 7.82 ± 0.2 0.66 ± 0.03 0.66 ± 1.6 3.4 ± 0.3 1650

3 15 12 10.29 ± 0.2 0.66 ± 0.03 0.65 ± 1.8 4.4 ± 0.3 1650

4 15 12 19.03 ± 0.3 0.65 ± 0.04 0.65 ± 1.9 8.0 ± 0.4 1700
1 Sensitizing temperature (◦C); 2 Concentration of anti-aggregation agent (mM).

5. Conclusions
Machine learning methods were used to optimize the conditions for loading a

novel organometallic dye onto the semiconductor substrate of DSSCs. For this purpose,
15 different devices were prepared with varying concentrations of anti-aggregation agent
(0, 5, 10, and 20 mM) and ambient temperatures (10, 30 and 50 ◦C). The temperature and
concentration of anti-aggregation agents for achieving the highest efficiency and durability
were predicted. New devices were prepared under optimized conditions, and the efficiency
and durability results of the experimentally prepared devices showed strong agreement
with the predictions, indicating acceptable model performance. The peak photovoltaic
performance—achieving a power conversion efficiency of approximately 8.01%—was
achieved at T = 15 ◦C and AG = 12 mM, as confirmed by the proposed hybrid ANN–
MOGA. Different dyes from the original sample were evaluated to compare the results with
organometallic structures. The results showed that the optimal conditions obtained for
other organometallic structures were also responsive, suggesting that the proposed model
can be used for similar compounds. Finally, we emphasize that the simplicity of modeling
using two variables is a deliberate strength because it enables direct visual validation of
the ANN’s ability to capture non-linear patterns. The same procedure can be employed
to higher dimensions. Therefore, what has been introduced is not a trivial optimization
but rather a scalable, non-linear, multi-objective framework that discovers hidden Pareto
frontiers without pre-specified models. Additionally, the results demonstrated that the
LOOCV procedure can be employed to evaluate the validity and robustness of the ANN
model; however, such techniques should be accompanied by a larger sample size to ensure
reliable generalization.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/chemengineering10060072/s1, Figure S1: Synthesis process of
the Ru-dye; Figure S2: Chemical structure of the dyes; Figure S3: FTIR spectra of the dyes; Figure S4:
1HNMR spectra of the dyes; Figure S5: 13CNMR spectra of the dyes; Figure S6: Mass spectra of the
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