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Synthetic dyes released through industrial effluents pose significant environmental risks due to their persistence
and toxicity. Photocatalytic degradation through metal nanoparticles offers a promising, eco-friendly remedia-
tion approach. This study presents a hybrid modeling framework for simulating the visible-light-driven degra-
dation of Brilliant Blue R using silver nanoparticles (AgNPs) synthesized through extracts of Haematococcus
pluvialis, Spirulina platensis, and Chlorella vulgaris. The biogenic AgNPs exhibited favorable physicochemical
properties, including crystalline sizes of 13-16 nm and band gap energies between 2.17 and 2.33 eV.

A simplified deterministic model was first developed, accounting for adsorption—desorption equilibrium and
degradation kinetics, which enables analytical estimation of key kinetic parameters. These parameters were used
to train artificial neural networks (ANNs) that map experimental conditions such as light intensity, dye con-
centration, nanoparticle dosage, and pH to degradation kinetics.

To overcome the limited size of datasets obtained through experiments, a novel data augmentation strategy
was implemented using Gaussian noise derived from measurement uncertainty and confidence intervals of the
deterministic model’s parameters. This strategy enabled the significant augmentation of data enhancing the ANN
performance. Indeed, the global mean squared error dropped from 5.6 x 10~ to 1.3 x 107> for AgNPs from
H. pluvialis, from 1.6 x 102 to 3.3 x 107 for C. vulgaris, and from 2.4 x 103 to 4.2 x 10~* for S. platensis when
using both input and output augmentation.

The proposed hybrid framework couples mechanistic interpretability with data-driven prediction providing a
reliable tool for optimizing photocatalytic degradation processes via sustainable nanomaterials of microalgal
origin.

1. Introduction

Several manufacturing processes, including textile dyeing, paper
printing, and pharmaceutical production, utilize synthetic dyes that are
released into industrial effluents. The inadequate treatment of these
effluents results in wastewater contamination, as synthetic dyes can
hinder microbial photosynthesis by reducing oxygen availability and
limiting sunlight penetration. Some dyes also exhibit carcinogenic and
mutagenic properties, posing risks to living organisms (Peyghami et al.,
2023). Their complex aromatic structures confer high chemical stability,
rendering them poorly biodegradable. So today there is a call for
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economically sustainable processes to degrade dyes in contaminated
water and wastewater.

Photocatalytic degradation has emerged as a promising technique for
reducing organic compound concentrations in aqueous solutions (Dutta
et al., 2010). This advanced oxidation process (AOP) utilizes semi-
conductor properties to generate electron-hole pairs under surface
irradiation, leading to the formation of strong oxidizing agents capable
of degrading adsorbed dye molecules. Metallic nanoparticles, with their
high surface area-to-volume ratio, significantly enhance pollutant
adsorption and exhibit unique physicochemical properties, making them
efficient catalysts for dye photodegradation. Metal oxides such as ZnO
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and TiO, are widely studied for this purpose due to their low toxicity,
cost-effectiveness, and high stability. However, their relatively large
band gap limits photocatalytic activation to UV radiation, restricting the
use of the more sustainable solar light (Pal and Kryschi, 2016; Wu et al.,
2010). To overcome this limitation, researchers have explored methods
to extend the absorption spectrum, including metal deposition (Ag, Au,
Fe) on metal oxide surfaces (de Souza and Corio, 2013; Pal and Kryschi,
2016; Pulido Melian et al., 2012) or the use of noble metal nanoparticles,
such as silver (AgNPs), which demonstrate high efficiency, photo-
catalytic stability, and a lower band gap, making them suitable for
environmental pollutant degradation (Syahirah Kamarudin et al., 2018).

Among the various methods for AgNP production, chemical reduc-
tion of Ag salt remains the most widely used due to its cost-effectiveness
and rapid synthesis compared to physical techniques (Vidyasagar et al.,
2023). However, its main limitation stems from the environmental
hazards associated with highly reactive reductants and toxic stabilizers
used in the process (Joseph and Mathew, 2015, 2014). Consequently,
research efforts focus on developing greener synthesis strategies
employing non-toxic reductants and sustainable stabilizing agents. In
this context, biological approaches utilizing metabolites as both
reducing and stabilizing agents have gained attention for significantly
lowering the environmental footprint of AgNP production (Sidorowicz
et al., 2023). Notably, microalgae, characterized by rapid growth and
metabolite abundance, represent a promising feedstock for biogenic
AgNP synthesis (Rajkumar et al., 2021).

In our recent studies, methanolic extracts of Spirulina platensis
(Sidorowicz et al., 2024a), Haematococcus pluvialis (Sidorowicz et al.,
2025), and Chlorella vulgaris (Sidorowicz et al., 2024b) were utilized for
AgNP synthesis, which were subsequently evaluated as catalysts for the

Table 1
Conditions tested during BBR photodegradation with AgNPs obtained from
microalgal strains.

Strain ID* [NP] I pH [Dye]® y°
[mg [MEs™! /1 [mg 1
L] m~?] L]

H. pluvidlis ~ HP_1 250 150 7 7.7 0.23
HP_2 250 150 7 18.0 0.54

HP_3 250 150 7 29.7 0.89

HP_4 250 0 7 17.3 0.52

HP_5 250 75 7 17.5 0.525

HP_6 250 300 7 20.7 0.62

HP_7 500 150 7 18.3 0.55

HP_8 125 150 7 16.3 0.49

HP9 250 150 11 20.0 0.60

HP.10 250 150 3 18.0 0.54

S. platensis ~ SP_1 1000 150 7 4.0 0.12
SP_2 1000 150 7 18.0 0.54

SP_3 1000 150 7 26.3 0.79

SP. 4 1000 0 7 20.0 0.60

SP5 1000 75 7 18.7 0.56

SP.6 1000 300 7 18.3 0.55

SP_7 2000 150 7 16.0 0.48

SP.8 500 150 7 18.0 0.54

SP9 1000 150 11 17.3 0.52

SP_.10 1000 150 3 18.3 0.55

C.vulgaris  CV_1 125 150 7 4.0 0.12
cv.2 125 150 7 19.0 0.57

cv.3 125 150 7 33.3 1.00

cv.4 125 0 7 21.0 0.63

cvs 125 75 7 20.0 0.60

CcV.6 125 300 7 17.3 0.52

cv.7 250 150 7 16.7 0.50

cvs 62.5 150 7 20.0 0.60

cv.o 125 150 11 18.0 0.54

cvV.10 125 150 3 18.7 0.56

* ID of the set of operating conditions adopted during each photodegradation
experiment.
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photodegradation of Brilliant Blue R (BBR) dye under visible light. The
effects of light intensity (I), initial dye concentration ([Dye],), nano-
particle concentration ([NP]), and solution pH (pH) were systematically
investigated. While these studies confirmed high BBR removal effi-
ciencies under specific conditions, an optimal combination of the
operating variables I, [Dyel,, [NP] and pH could not be identified
despite their systematic variation in the experimental trials. These lim-
itations stem from logistical and economic constraints in the experi-
ments, highlighting the crucial role of theoretical modeling in
optimizing operating conditions, process control, and scalability of the
proposed technique for BBR degradation. In this regard, pseudo-first-
order models are commonly employed to describe the photo-
degradation process due to its mathematical simplicity, making it a
practical choice for process modeling (Frontistis et al., 2012; Irineu
et al., 2022; Jiang et al., 2020). However, their inability to account for
multiple kinetic phenomena limits its capacity to accurately capture
pollutant degradation dynamics (Rasoulifard et al., 2016). Photo-
degradation involves various processes, including dye and water mole-
cule adsorption on the catalyst surface, electron-hole pair formation,
and degradation reactions (Daneshvar et al., 2004; Turchi and Ollis,
1990). Pseudo-first-order models are only appropriate when a single
phenomenon prevails in controlling the reaction. Experimental evi-
dence, however, suggests that photocatalytic organic degradation rarely
follows a single kinetic pathway (Dutta et al., 2010; Frontistis et al.,
2012; Parmar and Srivastava, 2022; Rasoulifard et al., 2016).

This study presents a novel deterministic model for the quantitative
interpretation of experimental data on BBR photodegradation using
AgNPs synthesized from microalgal extracts. While still simplified, the
model incorporates adsorption/desorption equilibrium, allowing the
reaction term to be expressed as a function of the adsorbed dye con-
centration ([Dye]) rather than its bulk concentration. Despite the
increased mathematical complexity, it preserves the key advantage of
pseudo-first-order kinetics, i.e. an analytical solution, that enables effi-
cient identification of kinetic parameters.

An artificial neural network (ANN) was then developed as a fast
surrogate simulation tool based on the previously described determin-
istic model, but offering greater portability and ease of use. The ANN
employs I, [Dyel,, [NP] and pH as input variables, while the output
consists of photodegradation and adsorption/desorption rate constants
(k), obtained through the deterministic model. This ensures that the
ANN output remains physically meaningful, as the predicted k values
are directly linked to the main physical phenomena underlying the
experimental evidence.

Given the limited availability of experimental data for the effective
training and validation of ANN, a data augmentation methodology was
implemented to expand the dataset by generating synthetic data that
closely mimics real ones (Cosenza et al., 2024). The approach here
proposed for data augmentation is based on introducing noise into both
inputs and outputs, preserving the physical consistency of the system by
considering the intrinsic uncertainty of experimental measurements and
the confidence intervals of k values derived from model fitting. Beyond
mitigating overfitting (Arslan et al., 2019; Rasmussen, 2004), this
methodology further enhances the physical relevance of the ANN-based
simulation tool. Consequently, the physics-aware ANN here developed
might be used to predict the efficiency of the BBR photodegradation
process using microalgae-based AgNPs, even under operating conditions
(I, [Dyelo, [NP], and pH) beyond the experimentally investigated
ranges.

2. Materials and methods

For the sake of clarity, a summary of the experimental procedures is
provided in what follows. For a comprehensive account of the materials
and methods employed in the experimental trials, readers are referred to
the detailed descriptions in Sidorowicz et al. (2025, 2024a,b).
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2.1. Synthesis of nanoparticles

AgNPs were synthesized using a biological synthesis approach,
employing microalgal extracts as a source of reducing and stabilizing
agents. The methodology following the procedure was previously
described in Sidorowicz et al. (2025, 2024a,b). Briefly, aqueous micro-
algal extracts were mixed with a precursor salt solution (AgNOs3, Carlo
Erba®) under constant stirring at 85 °C for 90 min. The synthesized
nanoparticles were collected, washed, and dried at 80 °C.

2.2. Photocatalytic activity evaluation

The photocatalytic degradation of BBR dye was studied under
different operating conditions, including variations in light intensity I,
catalyst dosage [NP], initial dye concentration [Dyelo, and pH. First, a
calibration curve was established by evaluating the dye’s absorbance
and concentration correlation. Before each photocatalytic experiment,
50 mL of double-distilled water (ddH;0) was mixed with Ag NPs and
sonicated for 15 min in a sonication bath (Soltec® Sonica® 2400 ETH
S3) to ensure uniform dispersion. Initially, a baseline was recorded for
the dispersed Ag NP solution. The reaction mixture was then prepared
by adding varying concentrations of BBR dye (Sigma-Aldrich®) in
ethanol (500 mg/L) to the solution. The mixture was gently stirred in the
dark for 30 min to establish equilibrium. Subsequently, the solution was
irradiated using a warm white 10.5 W LED bulb (Philips), with light
intensity monitored via a luxmeter (HD2302.0 Delta-Ohm, Padua, Italy).
A peristaltic pump (Keenso DC) circulated the solution between the re-
action flask and a 10 mm flow-through cuvette connected to a UV-Vis
spectrophotometer (Cary 50, Varian®), which operated in the 400-750
nm range. UV-Vis spectra were recorded every 10 min. Total irradiation
time of the samples was 90 min for all conducted experiments. Excluding
repeated trials conducted for reproducibility, approximately 30 distinct
experimental conditions were assessed by combining the parameter
values presented in Table 1. This resulted in an ANN dataset of equiv-
alent size. A brief discussion on the main outcomes of such activity will
be discussed in the next parts of the work.

In Table 1, also the variable yo = [Dye]o/ [Dye]™ is reported
because the modeling results will be represented in dimensionless form.
[Dye]™® represents the highest initial dye concentration among the
experimentally evaluated values, i.e. [Dye]™ = 33.33 (mg/L).

The efficiency of the BBR dye degradation by Ag NPs was calculated
as shown in Eq. (1):

C
(%) = (1 - Cf>100

0
where 7 is the degradation efficiency, Cy is the initial BBR dye concen-
tration, and C is the final concentration of the dye at the end of the

degradation period. The results are shown in the supplementary
Table S1.

3. Mathematical modeling
3.1. Deterministic model

A deterministic mathematical model is first developed to describe the
photodegradation process and support the implementation of the ANN-
based predictive algorithm.

First-principles models of pollutants’ photocatalytic degradation,
which account for all kinetic phenomena and chemical species, result in
ODE systems that lack analytical solutions (Daneshvar et al., 2004; Mills
et al.,, 2015; Turchi and Ollis, 1990). The inherent mathematical
complexity of such models often makes them impractical, prompting the
adoption of simplified approaches, such as pseudo-first-order (Frontistis
et al., 2012; Jiang et al., 2020; Rasoulifard et al., 2016; Seyed Dorraji
et al., 2017) or pseudo-second-order models (Zulfigar et al., 2019),
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which require significantly less computational effort. However, these
approximations often fail to accurately describe the experimental
degradation dynamics, which arise from the complex interplay of mul-
tiple kinetic phenomena (Dutta et al., 2010; Frontistis et al., 2012;
Rasoulifard et al., 2016).

To address these limitations, a physically meaningful model of in-
termediate complexity is here proposed, offering a balance between
simplicity and theoretical accuracy. Inspired by (Rasoulifard et al.,
2016), this model conceptualizes photodegradation as a two-stage pro-
cess: initially, pollutant removal occurs through adsorption onto the
catalyst surface, followed by photocatalytic degradation of the adsorbed
molecules once adsorption sites become saturated. These phenomena
can be schematized as follows:

DyeK:lDyem R.1
k3
Dyeqqs = Is R.2

where Dye,gs represents the species adsorbed on catalyst surface and I is
the inactive product. The adsorption phenomenon is modelled as a
reversible reaction (R.1), whose equilibrium constant, Kj, is defined as
the ratio between the kinetic constants of the forward reaction
(adsorption), ki, and the kinetic constant of the inverse reaction
(desorption), ky. The degradation reaction, R.2, is modelled as an irre-
versible reaction, with ks being the kinetic constants of dye degradation.

According to the reactive scheme outlined above, the present model
accounts for the adsorption/desorption equilibrium between bulk dye
molecules ([Dye]) and adsorbed species ([Dye] .45), as well as the
degradation reaction involving [Dye],q4s. The following model equations
are written by an isothermal photocatalytic reactor characterized by a
perfect mixing condition.

d[Dye]
dt
d [ e] ads

g~ kilDye] ~k[Dyeloy; — ks[Dyelos  [Dyelaglio =0 ©)

= —ki[Dye] + kz[Dye] 4, [Dye]|._, = [Dye)” (&)

Where [Dye] and [Dye].qs represent just the bulk and the adsorbed
concentrations of BBR, respectively, while [Dye]® is the initial concen-
tration of the pollutant. The two ordinary differential equations (ODE)
of the model, Egs. (2)-(3), constitute a first-order, linear and autono-
mous ODE system whose solution can be analytically computed.

The analytical solution of Egs. (2)—(3), derived as detailed in the
supplementary materials, is presented in Eq. (4) for the dimensionless
variable y = [Dye]/[Dye]™* where [Dye]™®* represents the highest
initial dye concentration among the experimentally evaluated values, i.
e. [Dye]™™ = 33.33 (mg/L).

VN

_ ¥° a —Z+VA o
Yo =5~ (~kitko bk + VA ) 2 4 (kKo — ks
r V&
+VE)e 2 @)
Where:
Z:k1+k2+k3 5)
A =32 — 4k kg 6)

Eq. (4) describes the time evolution of the dimensionless dye concen-
tration, (y) in the bulk solution during the photodegradation process.
This analytical solution retains the computational efficiency of pseudo-
first-order and pseudo-second-order models while incorporating the key
macroscopic phenomena governing process dynamics.
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Fig. 1. Structure of the ANN and its interaction with the deterministic mathematical model.

3.2. ANN’s dataset definition

The model solution, Eq. (3), and the experimental data were used to
define the dataset for the neural network model training. Specifically,
the kinetic parameters of Eq. (3), ky, ko and ks, were identified using the
local optimization tool, fminsearchbnd (D’Errico, 2025), in MATLAB.
Fminsearchbnd, as fminsearch, is adopted to solve nondifferentiable
problems or problems with discontinuities, implementing the simplex
search method (Lagarias et al., 1998). This way, a triplet of values kj, ks
and ks is obtained for each combination of experimental conditions
experimentally evaluated (I, y°, NP and pH). The resulting dataset, that
is subsequently used to train and validate the ANN, consists of 30 input/
output pairs, 10 for every microalgal strain evaluated, where the input
consists of the operating conditions I, y°, NP and pH and the output of
the triplet, kq, ko and ks.

In this way, a triplet of kinetic parameters, ki, ks and ks, is deter-
mined for each combination of experimentally assessed conditions,
including irradiance (1), initial biomass concentration (yo), nanoparticle
concentration (NP), and pH. The resulting dataset, subsequently utilized
for the training and validation of the ANN, includes 30 input-output
pairs, with 10 pairs corresponding to each evaluated microalgae strain.
The input variables include I, y°, NP and pH, while the output corre-
sponds to the kinetic parameter triplet ki, ko and ks.

The confidence interval of each kinetic parameter (kj, ks and kg) was
evaluated through Eq. (7) (Seber and Lee, 2003).

CIki =t, “Sey; (2]
where ty, is the upper y/2 quantile for Student’s T distribution with v
degrees of freedom. The confidence level is set to y = 0.95, while the
number of degrees of freedom is given by v = n-p, with n representing
the experimental data numerosity and p the number of parameters. The
standard deviation of the specific parameter (seyj) was computed from

the diagonal elements of covariance matrix, as reported in Eq. (8).

sex, = 1/ cov(ky);; with  cov(k;) = s*(J7) ! €))
Where Jacobian matrix, J, is composed by the partial derivatives of the
parameters, while s is the Residual Sum of Square, normalized with

respect to the number of degrees of freedom (v) (Seber and Lee, 2003).

3.3. Artificial neural network model

The relation between the process kinetic constants ki, ko, k3 (output)
and the operating conditions considered as inputs (I, y°, [NP] and pH),
even if complex and hardly explainable with deterministic models,
should not include discontinuities. Therefore, according to the universal
approximation theorem (Augustine, 2024), it can be described with a
neural network with a single hidden layer implementing a nonlinear
activation function (Augustine, 2024; Hornik et al., 1989). So, the multi-
layer perceptron (MLP) model, schematized in Fig. 1, is chosen as the
simplest architecture to find a mapping function between the input and
output space. It is worth noting that the microalgae strain used to pro-
duce catalyst nanoparticles would introduce discontinuity, if included as
an input. Accordingly, three separate ANN models are implemented in
parallel, one for each microalgae strain, and trained and validated using
the corresponding dataset.

Specifically, every MLP model was built to learn and predict the
relationship between the four operating conditions, (I, y°, [NP] and pH)
and the rate constants, ki, ky and ks. Both the input and output data are
normalized by dividing each variable by its maximum value. This pro-
cess ensures that the data is scaled appropriately for subsequent analysis
The ANN model was implemented in MATLAB by considering a number
of nodes for the hidden layer equal to N = 30. The MLP architecture can
be expressed as [4: N: 3] ([input: hidden nodes or neurons: output]) and
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visualized in Fig. 1.

Both hidden and output layers employ hyperbolic tangent sigmoid as
activation function (tansig), shown in Eq. (9), allowing the network to
capture complex, non-linear relationships in the data.

2

1+ exp(2x) 1 ©

tansig(x)

For the training, the Levenberg-Marquardt backpropagation was
used, which is MATLAB’s default algorithm for feedforward networks.
The training process was set to run for up to 2000 epochs, with an early
stopping mechanism in place to prevent overfitting. The network’s
weights and biases were initially set to random values, providing a
starting point for the learning process. To ensure robust learning and
evaluation, the data was divided into three sets: 70 % for training, 15 %
for validation, and 15 % for testing. Before feeding the data into the
network, it’s normalized by dividing each value by the maximum in its
respective category, helping to standardize the input and output ranges.

Mean square error was selected as objective function to be mini-
mized in the network training and it is accordingly used for evaluating
the model predictive performance. Since the model is designed for
multiple outputs, the mean squared error (MSE) is computed as the
average of the MSE values corresponding to each parameter, as defined
in Eq. (10).

MSEy, + MSEi, + MSE,, 11 & 2
MSE = ky 3 ks ks _ 3 ZN Z (kj,i - kjmfp) (10)
i=1

Jj=1

Where j refers the three kinetic constants: j {1,2,3}, while i corresponds
to the specific experimental trial. The mean squared error for every
output (MSEkj) is computed on the basis of the difference between the
predicted value (k;j;) and the experimental one, kje,’i‘p, where N represents
the dataset numerosity. Consistent with the definition of three separate
datasets for the three microalgae strains, three neural networks with
identical topology and hyperparameters were implemented (Fig. 1).

3.4. Synthetic data generation

The training and validation of neural network models are highly
dependent on both the quality and quantity of available experimental
data. In cases where real-world data are limited, as in this study, data
augmentation techniques can be employed to generate artificial datasets
that preserve the statistical properties and characteristics of the original
data (Lu et al., 2023). Among the various methods used to synthesize
data and enhance the performance of machine learning algorithms,
noise-based augmentation strategies introduce controlled variations to
the input data, thereby mitigating overfitting and improving model
generalization (Arslan et al., 2019; Rasmussen, 2004).

In this work, Gaussian noise was incorporated into the existing
datasets, as many real-world variables exhibit Gaussian distributions.
This assumption is supported by the central limit theorem, which states
that the sum of a sufficiently large number of independent and identi-
cally distributed random variables tends to follow a normal distribution.
Consequently, Gaussian noise serves as an appropriate model for real-
world imperfections, ensuring a realistic augmentation approach.
Indeed, noise introduces controlled randomness into data, capturing the
inherent imperfections and natural variability observed in real-world
scenarios. This variability may arise from measurement errors, envi-
ronmental influences, or intrinsic fluctuations within the data. By inte-
grating noise into the dataset, the augmented data more accurately
reflects the stochastic nature of practical applications, enhancing model
robustness in the presence of unavoidable real-world disturbances.

Based on the consideration above we added Gaussian noise to both
the input and the output of the ANN. As for the input data, noise was
added by considering the uncertainty arising from measurement in-
struments or data acquisition techniques. Every measuring instrument
has some associated error degree due to various factors such as the
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Table 2
Measurement errors of instruments involved in the experimental activity for
data collection.

Symbol  Lux meter Scale pH
(Delta OHM, (KERN & Sohn (Crison Instruments S.A.,
2024) GmbH, 2017) 2010)
[%] [mg] /1

€ 5 0.2 0.01

precision of the instrument, environmental conditions, and the mea-
surement techniques used. This uncertainty is unavoidable and repre-
sents a sort of intrinsic “noise” in the collected data which can be
exploited for synthetic data generation according to Eq. (11).

Xaug =X +N(0,6%) an

Where N represents the normal distribution function in Eq. (12):

2
] Y]

A synthetic input data, Xaug = [I, yo, [NP], pHlayg, is a vector
generated from real experimental data, X = [I, yo, [NP], pH], perturbed
by a Gaussian noise whose standard deviation (6(X)) corresponds to the
measurement error that characterizes the specific measurement devices.
Specifically, the single element of real data, Xy, is augmented by adding
a gaussian noise, N(0, cf(x)), where the superscript (X) refers to the input
augmentation and the subscript k refers to the k™ input. Accordingly,
o corresponds to the error associated to the measurement device used
to measure Xi. Accordingly, (51((X) can be different for each measurement
device. In this work, the measurement errors (¢) are those of the in-
struments used in the experimental campaign (Table 2). The measure-
ment error for the lux meter is given in percentage form and thus the
absolute value of the corresponding o is obtained by multiplying &,/
100 for the real experimental value. Moreover, to obtain cf(x) associated
to [NP] and yo, the scale error is multiplied by (1/V;) and 1/([Dye]-
maXy7)), respectively.

Where V, is the reactor volume where the dye degradation takes
place. To the best of our knowledge, the described approach for input
data augmentation, which further strengthens the ANN model’s align-
ment with the underlying physics of the problem, has not been previ-
ously utilized. The results of a single ANN input data augmentation is
reported in Fig. 2A-D only for the strain C. vulgaris for the sake of clarity.
For each variable, a representative original point (blue) is shown with its
100 augmented points (red). The spread of augmented points reflects the
specific noise level for each variable. The density plots show the
Gaussian distribution of the augmented points around their original
values, demonstrating how the augmentation preserves the statistical
properties while accounting for measurement uncertainties. Dotted lines
indicate the noise bounds for each original point.

A new approach is also proposed to generate a synthetic output
vector, Yaug = [Kk1, ko, k3]aug associated to Xayg. Output augmentation is
achieved through the introduction of Gaussian noise, with the standard
deviation G}Y), where the superscript (Y) refers to the output augmen-
tation and the subscript j refers to the j' output. Specifically, GJ(Y) is
determined based on the confidence interval of the parameter k;j, ob-
tained during the fitting of deterministic model to experimental data
(Eq. (13)).

Yus =Y +N(0,6™) (13)

NX:p,0) =

Also in this case, GJ(Y) can be different for the different elements of the
output vector (Y) since the confidence interval, computed with Eq. (7),
is independently calculated for every single output, Y; (Fig. 2E-G). In
this study, the original dataset is augmented by generating 100 synthetic
values for each real input data. First the same output value (equal to the
experimental one) is associated with each synthetic input generated
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starting from the same real input. Subsequently, Gaussian noise is
randomly added to the real output associated with each synthetic input.
Basically, synthetic input/output pairs are generated by adding gaussian
noise to both input and output real data. This way, the variability of
output associated to each synthetic input is ensured. The above pro-
cedure is applied to the 3 datasets available for each microalgae strain
(S. Platensis, H. Pluvialis and C. Vulgaris) tested in experimental activity.
A total of nine datasets were thus obtained.

By employing this approach, the realism of the synthetic data is
enhanced, while also improving the ability of models trained on this
data to handle variations and uncertainties encountered in real-world
applications. This methodological choice is intentional and based on a
fundamental principle: “the introduced synthetic noise is designed to
replicate the expected variability in real data.”

4. Results and discussion
4.1. Synthesis of Ag NPs with extracts from different microalgal strains

Using the methodology earlier described, AgNPs were successfully
synthesized utilizing extracts from three distinct microalgal strains:
H. pluvialis (Sidorowicz et al., 2025), S. platensis (Sidorowicz et al.,
2024a), and C. vulgaris (Sidorowicz et al., 2024b). A graphical synopsis
illustrating the key processes involved in the synthesis, along with the
primary physicochemical characteristics of the resulting nanoparticles,
is presented in Fig. 3. The characterization data presented in Fig. 3 were
reproduced from our previous publications (Sidorowicz et al., 2025,
2024a,b) to provide reference for comparison.

The proposed mechanism of biological nanoparticle synthesis sug-
gests that biomolecules from the microalgal extract act as reducing and
stabilizing agents (Fig. 3A). The biological synthesis of NPs follows a
process involving nucleation, growth, and stabilization. In the early
stages, biomolecules such as proteins, polyphenols, and flavonoids act as
reducing agents, facilitating the conversion of metal ions into metal
atoms (Sidorowicz et al., 2023, 2021). The biomolecules selectively bind
to specific crystal planes, guiding the aggregation of atomic clusters into
structured crystalline NPs (El-Seedi et al., 2019; Sidorowicz et al.,
2024c). As the latter grow, the biomolecules play a stabilizing role,
adsorbing onto the NPs surface and preventing excessive aggregation.

The formation of an organic capping layer introduces steric and elec-
trostatic repulsion, ensuring nanoparticle dispersion and stability in
solution.

The detailed characterization and results of the Ag NPs synthesis
were previously studied (Sidorowicz et al., 2025, 2024a,b), and a
summary of the key findings is provided here. The XRD pattern confirms
the successful formation of crystalline nanoparticles, with characteristic
diffraction peaks corresponding to the Ag, Ag.0, Ag,CO3, and AgCl
phases (Fig. 3B). The sharp and intense peaks indicate good crystallinity,
while peak broadening suggests nanoscale dimensions. No additional
impurity peaks were detected, confirming the purity of the synthesized
NPs. The crystalline size for the obtained products was 16.07 nm, 14.27
nm, and 13.02 nm for Ag NPs obtained using C. vulgaris, H. pluvialis, and
S. platensis, respectively (Sidorowicz et al., 2025, 2024a,b).

The organic content was analyzed by TGA and FTIR analyses
(Fig. 3C-F). The TGA curves revealed the thermal stability and compo-
sition of Ag NPs. An initial weight loss at lower temperatures is attrib-
uted to the evaporation of residual moisture and volatile organic
compounds. A second significant weight loss at higher temperatures
corresponds to the decomposition of organic stabilizing agents, further
confirming the involvement of biomolecules in NPs stabilization. The
remaining residue after complete degradation represents the stable
inorganic phase. The final weight for Ag NPs was recorded at around 65
%, 84 %, and 80 % for C. vulgaris, H. pluvialis, and S. platensis, respec-
tively (Sidorowicz et al., 2025, 2024a,b).

The organic groups on the surface were further analyzed by FTIR
analysis. The FTIR spectrum displays characteristic absorption bands
corresponding to functional groups in the biological extract. The spectra
were used to identify functional groups and confirm the presence of
phytochemicals on the nanoparticle surface. The conclusions were
drawn based on the presence or absence of characteristic absorption
bands. Peaks around 3200-3500 cm™! indicate O-H stretching vibra-
tions from hydroxyl groups, while bands at 1600-1700 cm ! correspond
to C=O stretching, suggesting the presence of carboxyl groups
(Sidorowicz et al., 2025, 2024a,b). The abundance of hydroxyl and
carbonyl groups is especially important during Ag NPs synthesis. Hy-
droxyl groups donate electrons to reduce metal ions, while carbonyl and
carboxyl groups facilitate metal binding, influencing nucleation and
growth (Gebre, 2023). Differences among the samples suggest variations
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Fig. 5. Comparison of experimental data (dots) and model predictions (lines) for all evaluated operating conditions using Ag NPs synthesized from H. pluvialis,

S. platensis, and C. vulgaris extracts.

of nature and abundance of biomolecules from different extracts,
influencing the capping efficiency and interaction with the nanoparticle

surface.

The optical properties of Ag NPs were examined by UV-Vis absorp-
tion study (Fig. 4A). The UV-Vis absorption spectrum exhibits a strong
surface plasmon resonance (SPR) peak, characteristic of NP formation.

The Tauc plot was used to determine the optical bandgap, showing a
bandgap value within the expected range for the synthesized material.

The calculated values for Ag NPs were 2.17 eV, 2.26 eV, and 2.33 eV for

C. vulgaris, H. pluvialis, and S. platensis, respectively (Sidorowicz et al.,
2025, 2024a,b). A lower bandgap value suggests enhanced light ab-
sorption in the visible spectrum, which can improve photocatalytic
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Table 3
Values of kq, k, and k3 by fitting the experimental results with the deterministic
model.
Strain ID* k; ko ks
[min—"] [min—!] [min—"]
H. pluvialis HP_1 0.03578 + 0.038 + 0.0016 0.0089 + 0.0011
0.00072
HP_2 0.003606 + 0.004620 + 0.001097 +
0.00084 0.0015 0.0001
HP_3 0.0077 + 0.0005 0.03612 + 0.002 0.01103 +
0.0016
HP_4 0.005 + 0.00077 0.02521 + 0.00341 +
0.0009 0.0016
HP_5 0.0023 + 5.87107° + 0.08 £+ 0.0016
0.00065 0.0016
HP_6 0.00775 + 0.06 + 0.0016 0.01918 +
0.00048 0.0026
HP_7 0.0136 + 0.004843 + 0.001 + 0.0032
0.00043 0.0022
HP_8 0.003327 + 0.0238 + 0.0011 0.02016 +
0.00042 0.0033
HP_9 0.01397 + 0.0438 + 0.0014 0.017498 +
0.00067 0.0014
HP_10 0.009234 + 0.04763 + 0.00723 +
0.00072 0.0018 0.0009
S. platensis SP_ 1 0.03694 + 0.05928 + 0.02974 +
0.00068 0.0023 0.0017
SP_2 0.005932 + 0.00744 + 0.2463 + 0.0020
0.00073 0.0025
SP 3 0.007374 + 0.059 + 0.0025 0.03695 +
0.00075 0.0018
SP_4 0.01236 + 0.06 £ 0.000 0.01472 £ 0.000
0.00073
SP 5 0.012 + 0.00075 0.0526 + 0.000 0.02147 + 0.000
SP_6 0.0119 + 0.06 + 0.0018 0.0711 + 0.0011
0.00063
SP 7 0.01746 + 0.006012 + 4.38¢10-5 +
0.00055 0.0023 0.0015
SP_8 0.0094 + 0.0370 £ 0.0021 0.01763 +
0.00052 0.0019
SP9 0.02433 + 0.0112 + 0.0025 0.01938 +
0.00069 0.0011
SP_10 0.009754 + 0.06 + 0.002 0.05744 +
0.0006 0.0010

C. vulgaris CV_1

0.0193 £ 0.0015

0.0022 £ 0.0015

(2.30 + 0.22)e
107°

cv.2 0.0201 + 0.0016  0.004123 + (3.47 + 0.34)e
0.0015 1071
cv.3 0.0058 + 0.0015  0.0166 + 0.0014  0.0097 =+ 0.0012
Cv.4 0.0023 + 0.0011  0.01752 + 0.00167 +
0.0013 0.0009
cvs5 0.0047 + 0.0009  0.05952 + 0.002  0.06911 +
0.0012
CcV.6 0.0088 + 0.0016  0.0034 + 0.0009  0.6893 + 0.0012
cv.7 0.0298 =+ 0.002 0.0015 + 0.001 (1.34 + 0.08)e
10-7
cv.s 0.0057 + 0.0012  0.06 + 0.0009 0.018 + 0.0013
cv.o 0.01121 + 0.0033 +0.0011  0.6832 + 0.0009
0.0014
CV_10  0.00789 + 0.0588 + 0.0015  0.01146 +
0.0018 0.0012

* Notes: ID of the set of operating conditions adopted as defined in Table 1.

efficiency by generating more electron-hole pairs. (Liza et al., 2024) The
slight variation in bandgap values among the samples may be attributed
to differences in nanoparticle size, structural defects, or the influence of
biomolecules from different extracts.

The morphology of the AgNPs obtained was observed by SEM anal-
ysis (Fig. 4B). SEM images reveal the morphological characteristics of
the nanoparticles, showing a uniform size distribution and well-defined
shapes. (Sidorowicz et al., 2025, 2024a,b) The nanoparticles appear to
be spherical or quasi-spherical with minimal agglomeration, indicating

Chemical Engineering Science 316 (2025) 121945

effective stabilization by biomolecules. The quasi-spherical shape
observed in some samples suggests slight structural distortions, poten-
tially due to the interaction of organic capping agents with the nano-
particle surface during synthesis. While SEM offers useful insights into
particle shape and aggregation, it does not provide sufficient resolution
for precise size measurement at the nanoscale.

4.2. BBR photodegradation via Ag NPs: experimental results and
deterministic modeling

Fig. 5 shows the time evolution of the dye concentration in its
dimensionless form y = [Dye]/[Dyelnax during the photocatalytic
degradation experiments performed with Ag NPs obtained from the
different microalgal strain extracts under different sets of operating
conditions I, yo, [NP] and pH. The experimental results in terms of [Dye]
evolution Vs time are reported elsewhere (Sidorowicz et al., 2025,
2024a,b) and demonstrated that good BBR removal yields could be
achieved with all the tested microalgal strains under specific operating
conditions and. Notably, these results were achieved under visible light
irradiation, highlighting the advantage of this approach over conven-
tional photocatalytic degradation processes that typically rely on costly
UV-based systems.

The deterministic model solution in Eq. (4) and the experimental
data were used to define the dataset for the neural network model
training. Specifically, the kinetic parameters of Eq. (4), ki, ky and ks,
were identified using the local optimization tool, fminsearchbnd
(D’Errico, 2025), in MATLAB. The tool is indeed adopted to solve non-
differentiable problems or problems with discontinuities, implementing
the simplex search method (Lagarias et al., 1998). Fig. 5A-N also illus-
trates the comparison between the experimentally obtained profiles and
the corresponding model fit used for parameter identification across all
tested microalgae strains and experimental conditions. The values of the
parameters ki, ko and kg allowing the best fitting of experimental data to
the deterministic model are reported in Table 3 for each investigated set
of operating conditions.

4.3. ANN simulations

Accordingly, the investigated operating conditions, namely light
intensity (I), initial dye concentration (y,), nanoparticle concentration
(NP), and pH, summarized in Table 1, were used as input variables for
the artificial neural network (ANN). The corresponding kinetic param-
eters (ki, ko, and k3), detailed in Table 3, served as the output variables.

Accordingly, Table 3 reports the raw dataset (one for each microalgal
strain), before any data augmentation,. This dataset was then
augmented first by generating synthetic input taking into account the
intrinsic errors in the input variables determination and converting into
gaussian noise. Subsequently, Gaussian noise was also introduced to the
ANN outputs, based on the standard deviations of the kinetic parameters
ki, ko, and ks as reported in Table 3. The resulting augmented datasets
were employed to train, validate, and test various feedforward neural
network architectures, with the aim of assessing how the progressive
integration of synthetic data influences model performance. This anal-
ysis was conducted independently for each microalgal strain, using the
network architecture previously described.

4.3.1. ANN simulation results with raw dataset

In Fig. 6 the results obtained for each strain by training the ANN with
only raw data are displayed.

Specifically, every parity plot shows the comparison between the real
output data (observed values of ki, ko and kg) and the output computed
by the network (network value). As clearly demonstrated in the parity
plots, the data points do not follow the bisector trend, indicating that the
ANN cannot be properly trained. Indeed, the original datasets do not
contain enough data to explain how the operating conditions I, [Dye]°,
[NP] and pH, influence the value of the kinetic constants. It is worth



Chemical Engineering Science 316 (2025) 121945

F. Atzori et al.
A k “ e
. 0,04 : : : : : : 0,10 : : : :
@ Validation 7/ 0.06 / /
o 003l @ Test 7 ) © e , | 0,08] y
> U @ Train 3 o © e
T 7 = (@) o 7 T 006, 7
£ 7/ 2004 @ 7/ z 7/
< 0,02} ® X X
2 / S /7 0,04} /7
© ) o | @
Z o1l / 1 Lo02 / o) 2 /
, (@) 0,02}
8 s ’ 25€ .
0000 001 002 003 004 0000 002 004 006 %%00 002 004 006 0,08 010
Observed value Observed value Observed value
k
B 0,04 Ky ks ’
7 0,06] 7 | 0,6 74
3 002 ¢ | 2 ° s g
E 4 E 7 s g
£ 0,02 /7 o 7 < 7 ]
o o o
H 70 E 7/ ) 2 7 e
2 So,02 / S 02 / ]
001 9@ @ N ) z 0
& ’ ’
00000 001 002 003 o004 %00 002 004 006 %80 0102 03 04 05 06 0.7
Observed value Observed value Observed value
k
C. 0,04 ‘ kq ‘ 2 ‘ 0s ks
7 / ,
0,06] ] 7/
® 0,03} 7 1 . ® V.O ,
2" / 3 (@) o /7 O ©
g o ) 202} / J
~ / >0,04+ 7 g ’
< 0,02} 1 ox Y
2 e / g 7 5
& ® = 8 S /
Z gl / 20,02} / o P ]
a0 ® o 7/
00000 001 002 o003 o004 Qoo 002 004 006 o,%&%/mm ~ © o

Observed value

Observed value

Observed value

Fig. 6. ANN simulation results in terms of parity plots of kinetic parameters k;, ko and k3 for (A) H. pluvialis, (B) C. vulgaris and (C) S. platensis.

Table 4
Mean squared error (MSE) and coefficient of determination (R?) of neural net-
works trained on the original dataset.

Network H. pluvialis C. vulgaris S. platensis
MSE 7.9 x 107* 3.8 x 1072 45x107*
R? 1.4 0.23 -1.15

noting that the parity plots displayed in Fig. 6 show not only the ANN
inaccuracy in predicting the kinetic constants (output) but also the un-
satisfactory result of the training procedure, as highlighted by the trend
of the training data in the parity plots.

In Table 4 the results of the network’s simulation are reported in
terms of mean squared error (MSE), computed by Eq. (10) and coeffi-
cient of determination (RZ), considering the portion of the dataset
dedicated to validation and testing.

It is worth noting that the coefficient of determination, R?, related to
H. pluvialis and S. platensis is negative, which is mathematically consis-
tent (Chicco et al., 2021) result indicating a poor interpretation of
output distribution by the network.

4.3.2. ANN simulation results with input data augmentation
Fig. 7 shows the parity plots corresponding to the validation and test

10

results obtained by training the networks on datasets augmented with
Gaussian noise applied to the input variables. Compared to Fig. 6, a
marked change in the distribution of data points is evident. The incor-
poration of synthetically generated input data, accounting physically-
consistent measurement uncertainty, improves the network’s predic-
tive accuracy, as evidenced by the closer clustering of data points along
the bisector.

However, the plots also reveal an additional feature in the data
distribution: a pronounced vertical alignment of points for specific
values on the x-axis. This artifact arises because the Gaussian noise was
added solely to the inputs, while the corresponding outputs remained
fixed. Consequently, the training dataset includes multiple input—-output
pairs with slightly perturbed inputs but identical targets, introducing a
non-injective mapping that hampers the network’s ability to learn an
accurate input-output relationship.

Table 5 Shows the Mean squared error (MSE) and the coefficient of
determination (R?) obtained using the dataset with synthetic data
generated in the ANN’s input.

If compared with the corresponding values obtained with the raw
dataset in Table 4, MSEs and R? were dramatically improved by
adopting this data augmentation strategy. In particular, a significant
increase was observed for the case of C. vulgaris and H. pluvialis. On the
other hand, a pronounced vertical alignment of points for specific values
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Fig. 7. ANN simulation results in terms of parity plots of kinetic parameters k;, ky and ks for H. pluvialis (A), C. vulgaris (B) and S. platensis (C) obtained when using

augmented data for the input.

Table 5
MSEs and R? of ANNS trained with the dataset obtained by augmenting the input
data.

Network H. pluvialis C. vulgaris S. platensis
Global MSE 1.34 x 107° 4.56 x 107° 4.43 x 107*
R? 0.91 0.99 0.84

on the x-axis was observed.

4.3.3. ANN simulation results with input and output data augmentation
Finally, the training of the network was conducted using synthetic
data also for the ANN output, specifically for the kinetic constants kj, ko
and ks. This approach was adopted to investigate its potential in
enhancing the network’s performance. It is important to note that the
Gaussian noise added to the output values was introduced following a
physically meaningful rationale. Indeed, the standard deviations used
for ki, ko and k3 were derived from the corresponding confidence values
obtained by fitting experimental data with the deterministic model.
Fig. 8 presents parity plots comparing the experimentally determined
kinetic constants with the corresponding values predicted by the ANNs.
To enhance clarity and maintain consistency with Fig. 7, only

11

validation and test datasets are shown. Notably, the introduction of
noise to the synthetic outputs leads to a reduced vertical dispersion of
the data points. This is because the noise enhances the injectivity of the
input-output mapping, thereby improving the ANN’s ability to distin-
guish between similar input patterns.

Specifically, the unusual condition of the only-input augmented
dataset, consisting of different input/output pairs which share the same
output value with slightly different input, hinders the learning process of
the ANN, as it introduces ambiguities that make it harder to generalize.
This condition no longer occurs in the current dataset where the noise is
applied to both synthetic input and output. As a direct consequence, the
data distribution in Fig. 8 improves compared to Fig. 7, and the vertical
trend observed in the parity plots of Fig. 7 tends to vanish. This
improvement is also confirmed by the MSE and R? coefficients (Table 6),
which reflect a slight yet positive change.

4.3.4. Results comparison and discussion

As shown in Fig. 5, the deterministic model (Eq. (4)) accurately de-
scribes the experimental data, successfully capturing the time profile of
the pollutant concentration as photodegradation evolves. This aspect is a
fundamental prerequisite to guarantee that the data used for training the
neural network retain physical significance and accurately represent the
underlying physical process.
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Fig. 8. ANN simulation results in terms of parity plots of kinetic parameters ki, ky and ks for (A) H. pluvialis, (B) C. vulgaris and (C) S. platensis obtained when using

augmentation for both input and output data.

Table 6
MSEs and R? of ANNs trained with the dataset obtained by augmenting both
input and output data.

Network H. pluvialis C. vulgaris S. platensis
Global MSE 1.31 x 107° 3.26 x 107° 418 x 107*
R? 0.93 0.99 0.85

However, the available experimental data are not sufficient to train a
neural network, even with a minimal architecture in terms of layers and
neurons. Therefore, synthetic data are employed, generated by incor-
porating measurement uncertainty and thus adhering to a paradigm
rooted in the physics of the original experiment. The comparison be-
tween Fig. 6 and Fig. 7 clearly demonstrates how the use of data
augmentation improves the performance of the trained neural networks,
allowing its output to better represent the dataset. This graphical
improvement is further confirmed by the reduction in MSE and the in-
crease in R? which respectively quantify the decrease in error and the
improved ability to grasp the data distribution with respect to the
operating conditions (input data).

In the final section an additional dataset is defined by integrating
synthetic data generated not only by considering measurement uncer-
tainty, but also by incorporating the confidence intervals, that charac-
terize the parameter identification, to generate synthetic output. The
comparison between the Fig. 7 and Fig. 8 highlights how the use of the
Input-Ouput Augmented (AIO) dataset enables better clustering around
the identity line for most parameters compared to the Input Augmented
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(AI) dataset. Specifically, the vertical spread observed in k; and kg
subplot of Fig. 7A, in k; subplot of Fig. 7B and k2 and k3 subplot of
Fig. 7C is significantly reduced when Gaussian noise is also applied to
the output. Indeed, Fig. 8 displays tighter clustering in every subplot,
demonstrating an enhanced ability to produce physically consistent and
reliable simulation results without increasing the size training dataset,
which remains constant between Al and AIO.

However, it is important to highlight that the corresponding
improvement in the statistical parameters (MSE and R?) is not as pro-
nounced as expected, as shown in Fig. 9.

This suggests that, while the qualitative results are promising,
further refinements are needed to achieve more substantial improve-
ments in model accuracy. Accordingly, future efforts should focus on
minimizing the confidence intervals that characterize the parameter
identification and consequently define the dispersion of the Gaussian
noise used to generate the synthetic output data.

5. Conclusion

This work introduces a physics-aware hybrid modeling framework
for the photocatalytic degradation of Brilliant Blue R (BBR) dye using Ag
NPs synthesized from microalgal extracts. The process was modeled by
explicitly considering the main phenomena involved in photocatalytic
degradation: adsorption-desorption equilibrium and degradation ki-
netics. A two-ODEs model framework was developed and proposed as an
alternative to pseudo-first-order and pseudo-second-order models,
which typically fail to capture the influence of multiple physico-
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augmented dataset; AIO: Input and output augmented dataset.

chemical phenomena on degradation dynamics. Despite the increased
mathematical complexity, the proposed model enables accurate esti-
mation of key kinetic parameters (kj, ko, kg) through analytical solu-
tions. These parameters were then used to train an ANN, providing a
fast, portable, and physically consistent simulation tool. To address the
limited experimental dataset, a novel data augmentation strategy was
implemented by introducing Gaussian noise into both input and output
data. This approach preserved the physical relevance of the synthetic
data by grounding noise levels in measurement uncertainty and
parameter confidence intervals. Comparative evaluation of models
trained with raw, input-augmented, and input-output-augmented
datasets showed that the dual augmentation strategy significantly
improved model performance, reducing mean squared errors and
enhancing input-output mapping injectivity. The model was success-
fully applied to the BBR photodegaradation by AgNPs synthesized from
H. pluvialis, S. platensis, and C. vulgaris, demonstrating robustness across
catalysts with differing physicochemical properties. The ANN effectively
predicts photodegradation behavior beyond experimentally tested con-
ditions, supporting its potential use for process optimization and scale-
up. Overall, the proposed methodology advances photocatalytic
modeling by coupling mechanistic interpretability with machine
learning flexibility, while maintaining physical plausibility through
informed data augmentation.
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