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Synthetic dyes from industrial effluents are persistent pollutants requiring sustainable removal strategies. This
study investigates the visible-light photocatalytic degradation of Brilliant Blue R using biogenic silver
nanoparticles synthesized from microalgal extracts (Spirulina platensis and Chlorella vulgaris), reporting both
experimental results and a hybrid modeling approach. Experimental analyses confirmed the effectiveness of the
synthesized nanoparticles and their favorable physicochemical properties for photocatalytic applications. A
simplified mechanistic model describing adsorption—desorption and degradation kinetics was developed to
estimate key parameters, which were subsequently used to train artificial neural networks linking operating
conditions to degradation performance. To address limited datasets, a Gaussian-noise-based augmentation
strategy was introduced, significantly improving predictive accuracy. The proposed framework integrates
experimental evidence with mechanistic and data-driven modeling, providing a reliable tool for optimizing
sustainable photocatalytic processes based on microalgae-derived nanomaterials.

1. Introduction

Synthetic dyes widely used in textile, paper, and pharmaceutical industries are frequently discharged into
wastewater, where their persistence and toxicity pose significant environmental and health risks (Zedda et al.,
2026). These concerns highlight the need for sustainable and efficient treatment technologies (Peyghami et al.,
2023). Photocatalytic degradation is a promising advanced oxidation process, exploiting semiconductor
materials to generate reactive species capable of mineralizing organic pollutants. Metallic nanoparticles (NPs),
due to their high surface area and distinctive physicochemical properties, enhance adsorption and catalytic
performance. While metal oxides such as TiO, and ZnO are widely used, their activation is mainly limited to UV
light (Pal and Kryschi, 2016). In contrast, silver nanoparticles (AgNPs) offer improved activity under visible light,
making them more suitable for solar-driven applications (Syahirah Kamarudin et al., 2018). Conventional
chemical synthesis of AgNPs, albeit effective, often involves toxic reagents, prompting increasing interest in
greener alternatives (Vidyasagar et al., 2023). In this context, microalgae-based synthesis represents a
sustainable approach, as algal metabolites can act as both reducing and stabilizing agents (Sidorowicz et al.,
2024a). Previous studies have demonstrated the effectiveness of AgNPs synthesized from microalgal extracts
in degrading dyes such as Brilliant Blue R (BBR), although identifying optimal operating conditions remains
challenging due to experimental limitations (Sidorowicz et al., 2024a; 2024b; 2025). To address this issue, this
work combines experimental investigation with advanced modeling. A simplified deterministic model is
developed to describe photocatalytic degradation by accounting for adsorption—desorption equilibrium and
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reaction kinetics, while retaining analytical tractability. Building on this, a machine learning model based on
gradient boosting is developed to relate key operating variables, such as light intensity, dye concentration,
nanoparticle dosage, and pH, to kinetic parameters, ensuring accurate and physically consistent predictions.
To overcome the scarcity of experimental data, a physics-consistent data augmentation strategy is introduced,
incorporating uncertainty in both inputs and model-derived parameters (Cosenza et al., 2024). This hybrid
framework enhances predictive capability while preserving mechanistic interpretability, providing a robust tool
for optimizing photocatalytic processes based on sustainable, microalgae-derived nanomaterials.

2. Materials and methods

AgNPs were produced via a green synthesis route using microalgal extracts as natural reducing and stabilizing
agents, following a previously reported procedure (Sidorowicz et al., 2024a; 2024b). In brief, the extracts of S.
Platensis and C. vulgaris were reacted with an AgNO; solution under continuous stirring at elevated
temperature, after which the nanoparticles were recovered, purified, and dried (Sidorowicz et al., 2025).

The photocatalytic degradation of BBR was investigated by varying key operating conditions, namely light
intensity, catalyst loading, initial dye concentration, and pH. The catalyst was dispersed in a fixed liquid volume,
sonicated, and mixed with BBR solutions, followed by a dark equilibration step prior to visible-light irradiation
(Sidorowicz et al., 2024). During the experiments, the solution was continuously circulated through a flow-
through cuvette connected to a UV-Vis spectrophotometer, enabling real-time monitoring of dye concentration
over time. Spectral measurements were collected at regular intervals within the visible range. A set of about 20
distinct experimental conditions (i.e. 10 for each strain) was explored by combining the selected operating
variables, providing the dataset used for subsequent modeling summarized in Table 1.

3. Mathematical model

A mechanistically grounded model of moderate complexity is proposed to simulate experimental data, aiming
to balance simplicity with physical realism. Following the approach of (Rasoulifard et al., 2016), the
photodegradation process is described as a two-step mechanism: an initial adsorption of the pollutant onto the
catalyst surface, followed by photocatalytic degradation of the adsorbed species once surface sites approach
saturation. These steps can be schematically represented as follows:

K R1
Dye = Dyegqs
ks R2
Dyeads - IS

where Dyeads is the contaminant adsorbed on catalyst and Is the degradation products. Adsorption is modelled
as a reversible reaction (R1) while the degradation reaction (R2) is considered irreversible. Accordingly in batch
operated photocatalytic reactor, the relevant mass balances describing Dye degradation are:
d[Dye] 1
2] - —talDyel + kylDyelas, g

d[Dye] 2

d0¥%lats _ 1, (Dye) - kylDyelas — kalDyelaas @
along with the corresponding initial conditions [Dye]|.—o = [Dye]® and [Dyelygsli=o = 0. The closed-form
solution of Egs. (1-2), obtained as reported elsewhere (Atzori et al., 2025), is reported in Eq. (3) in terms of
removal efficiency of the pollutant, i.e. n = (1 — [Dye]/[Dye]°).

Dye 1 —E+Va -3
n(t)z(l_[[Dy%]]o>=1_m|:(_k1+k2+k3+\/z)e 2 t+(k1—k2—k3+\/Z)e 2 t (3)
where:
2=k1+k2+k3 (4)
A =32 — 4k ks (5)

The parameters (k1), (k2), and (ks) were estimated by fitting the model to experimental data collected under 10
distinct operating conditions, each defined by specific combinations of light intensity, AQNP concentration, initial
dye concentration, and pH. This resulted in a dataset of 10 parameter triplets per microalgal strain, yielding a
total of 20 (ki, k2, k) sets across the two strains investigated.

To search for a relation between the parameter values and the operating conditions values a machine learning
approach is adopted by relying on the gradient boosting method. In particular, the predictive modeling workflow
is developed to overcome the limited size of the experimental dataset by combining data augmentation with
machine learning regression. Starting from the original measurements, an expanded dataset (=400 samples) is
generated through stochastic perturbation of both input and output variables. Specifically, input features ([NP],
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light intensity, pH, and initial dye concentration) are perturbed using a truncated Gaussian distribution bounded
within £5% of their nominal values, ensuring physically consistent variability. Output variables (k4, k, k3) are
instead sampled from Gaussian distributions centered on the experimental means, with standard deviations
equal to the reported measurement uncertainties, thus preserving the statistical structure of the experimental
error. The augmented dataset is then split into training (80%) and validation (20%) subsets. A multi-output
regression model is implemented by coupling GradientBoostingRegressor with MultiOutputRegressor, enabling
simultaneous prediction of the 3 kinetic constants. Model training was performed using ensemble boosting of
regression trees, with hyperparameters set to ensure a balance between bias and variance (e.g., number of
estimators and learning rate). Model performance is evaluated on the validation set using standard metrics,
including the coefficient of determination (R?), root mean squared error (RMSE), and mean absolute error (MAE).

4. Results and discussion

AgNPs are synthesized using microalgal extracts (e.g., S. platensis, C. vulgaris), where biomolecules act as
reducing and stabilizing agents. The process involves nucleation, growth, and stabilization: metal ions are
reduced to atoms, forming crystalline NPs. Biomolecules bind to crystal surfaces, guiding growth, and create a
capping layer that prevents aggregation through steric and electrostatic effects, ensuring stable dispersion in
solution (Sidorowicz et al., 2024c). A concise summary of the AgNPs characterization is provided by Atzori et
al., (2025). XRD analysis confirm the formation of crystalline nanoparticles, with diffraction peaks corresponding
to Ag, Ag.0O, Ag,COs, and AgCl phases. Peak sharpness indicates good crystallinity, while broadening suggests
nanoscale size (=16.1 nm for C. vulgaris, =13.0 nm for S. platensis), with no impurities (Figure 1A).

E Chlorella |E|
100
0.2 0.5 Equation y=a+bx
98 Intercept -1.55784 + 0.021
\ Slope 0.71718 £ 0.0092
% -7.5% [00 =  0.44adj. R-Square 0.99688
Ex
o lo2s %
. ) g = 5oa
. Spirulina £ o 0.4 g E
i~ ‘ ) 182°C 062 o2
® 2
86 S8
Fle o e wiZ
| M/\ A ok | A 84 2 01
ol RS B ol T Lo 40
AT S\ AT 82
.............. % N5 72.17 eV
15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 00 200 300 400 500 600 700 800 90 0 0.0 T T T T T T
100 200 300 400 500 600 700 800 900 1000 21 22 23 24 25 26 27 28
26 (°) Temperature (°C) Energy (eV)
O
2 S
o e, [ 7]
o & (_,”0 4 OﬁQ'o(}bm O'C
100 - 100 0.750
A \ \ = 00 - [Equation = ‘
90 £ . Intercept -1.88150 +0.0264 |
02 = stope 0.80592 + 0.00883 |
80 £ 0.625 154; R-Square 099952 |
~ 801 13 .
9 0.4 § j’*
B T ‘e 0500
g7 06z E
c \ [ o O
S 60 1 08 >
= X 3 o35
£ - \ 102 o
2 50 \ £
& B0 A — s =
© ] 12 $ 30250
ol / P
4 N ulf \ 7.3% R
6s{ \ / JA A =
% —— Chlorella . —~— 16 0.1254 ’
P i 161°C - -
20 v T T o 100 200 300 400 500 600 700 800 900 1000 s
4000 3500 3000 2500 2000 1500 1000 501 N 0.000 . s 233eV__ v
22 24 26 28 30 32
Wavenumber (cm™") Temperature (°C)

Energy (eV)

Figure 1: Characterization of A NPs: XRD analyses (A). FTIR analysis (B). TGA of Ag NPs from S. platensis
(C) and C. vulgaris (D) extracts. Tauc plots of Ag NPs from S. platensis (E) and C. vulgaris (F).

TGA and FTIR analyses highlight the presence and role of organic biomolecules (Figure 1B). TGA reveales
initial weight loss due to moisture removal, followed by decomposition of organic stabilizers, confirming their
involvement in nanoparticle capping. Final residues (=80% for S. platensis and =65% for C. vulgaris) correspond
to the inorganic fraction (Figures 1C and 1D). FTIR spectra identify —-OH and —C=0, which contribute to metal
ion reduction and nanoparticle stabilization, with variations reflecting differences in extract composition (Gebre,
2023). UV-Vis analysis shows characteristic surface plasmon resonance peaks, confirming nanoparticle
formation. Bandgap values (2.33 eV for S. platensis and 2.17 eV for C. vulgaris), indicate good visible-light
absorption, with slight differences attributed to size, defects, and biomolecular interactions (Figures 1E and 1F).
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Figure 2 shows the time evolution of dye removal during photocatalytic degradation using AgQNPs from different
microalgal strains under varying conditions (light intensity, initial concentration, catalyst loading, and pH).
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Figure 2: Experimental and simulated (fitted) removal efficiencies under the investigated operating conditions
using Ag NPs from S. platensis (SP), and C. vulgaris (CV) extracts.

High removal efficiencies are achieved under visible light, highlighting an advantage over UV-based systems.
Experimental data and the analytical model (Eq. 3) are used to build the dataset for machine learning regression.
Kinetic parameters (ki, k2, k3) are estimated via Matlab (fminsearchbnd), with model fits closely matching
experimental profiles. Optimized parameters’ values are reported in Table 1.

Table 1: Tuned values of deterministic model parameters obtained by fitting the experimental results.

D* [NP] I pH [Dye]° k1 ka ks
[mgL'] [pEs'm?] [] [mgL"] [min'] [min'] [min']

SP 1 250 150 7 4 0.03694 + 0.00068  0.05928 0.0023 _ 0.02974 % 0.0017
SP2 250 150 7 18 0.005932 +0.00073  0.00744 +0.0025  0.2463 + 0.0020
SP 3 250 150 7 263 0007374 +0.00075  0.059 +0.0025  0.03695 + 0.0018
SP 4 250 0 7 20 0.01236 + 0.00073 0.06 + 0.000 0.01472 + 0.000
SP 5 250 75 7 187 0.012 + 0.00075 0.0526 + 0.000  0.02147 + 0.000
SP 6 250 300 7 183 0.0119 + 0.00063 0.06 + 0.0018 0.0711 £ 0.0011
SP.7 500 150 7 16 0.01746 + 0.00055  0.006012 + 0.0023  4.38-10-5 + 0.0015
SP8 125 150 7 18 0.0094 +0.00052  0.0370 £0.0021  0.01763 + 0.0019
SP 9 250 150 11 173 0.02433+£0.00069  0.0112+0.0025  0.01938 + 0.0011
SP_10 250 150 3 183  0.009754 +0.0006 0.06 + 0.002 0.05744 + 0.0010
cV.1 250 150 7 4 0.0193 +0.0015 0.0022 £0.0015  (2.30 +0.22) -10°
cV.2 250 150 7 19 0.0201£0.0016  0.004123 £0.0015  (3.47+ 0.34)-10-11
CV.3 250 150 7 333 0.0058 + 0.0015 0.0166 £0.0014  0.0097 + 0.0012
CcV 4 250 0 7 21 0.0023 + 0.0011 0.01752 £ 0.0013  0.00167 + 0.0009
CV.5 250 75 7 20 0.0047 + 0.0009 0.05952 £ 0.002  0.06911 + 0.0012
CV.6 250 300 7 173 0.0088 + 0.0016 0.0034 +0.0009  0.6893 + 0.0012
CV.7 500 150 7 167 0.0298 + 0.002 0.0015 + 0.001 (1.34 £ 0.08)-10-7
cv.8 125 150 7 20 0.0057 + 0.0012 0.06 + 0.0009 0.018 + 0.0013
cV.9 250 150 11 18 0.01121 £0.0014  0.0033 + 0.0011 0.6832 + 0.0009
CV_10 250 150 3 187 0.00789 + 0.0018  0.0588 +0.0015  0.01146 + 0.0012
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As previously described, starting from Table 1, an expanded dataset (=400 samples) is generated for each strain
by applying truncated Gaussian noise (+5%) to the input variables and Gaussian noise, based on experimental
uncertainties, to the outputs. The dataset is then divided into training (80%) and validation (20%) subsets. A
multi-output Gradient Boosting model is subsequently trained to predict k4, k», and k. The resulting performance
is reported in Figure 3 as parity plots and in Table 2 in terms of the main regression metrics.
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Figure 3: Gradient Boosting simulation results (validation) in terms of parity plots of kinetic parameters k1, k2
and ks for S. platensis (SP) and C. vulgaris (CV) using augmented data.

Overall, the model demonstrates high predictive capability for both systems, although with distinct trends
depending on the target parameter and the microalgal strain.

Table 2: Performance metrics (R?, RMSE, and MAE) for Gradient Boosting regression applied to augmented
data, categorized by strain (SP and CV) and parameters (k1, kz, k3).

Strain Param. R? RMSE MAE Strain Param. R2 RMSE MAE
SP k1 0.989379 0.000965 0.000692 cv k1 0.880467 0.002980 0.002016
SP k2 0.910089 0.005854 0.003368 CcVv k2 0.917085 0.007218 0.003310
SP k3 0.816724 0.023750 0.011742 CcVv k3 0.999798 0.003034 0.001709

In the case of SP-derived nanoparticles, the model exhibits excellent performance for k; (R* = 0.99), with very
low error metrics, highlighting a strong predictive robustness for this parameter. The prediction of k, is
comparable to the CV case (R? = 0.91), indicating consistent model behavior across both systems. However, a
noticeable decrease in performance was observed for k; (R? = 0.82), accompanied by higher RMSE. For the
CV-based system, the model achieves very high accuracy, particularly for k; (R = 0.9998), indicating an almost
perfect agreement between predicted and experimental values. The predictions for k; and k, are also
satisfactory (R?~ 0.88 and 0.92, respectively) in terms of low RMSE and MAE values, suggesting that the model
effectively captures the underlying relationships despite experimental variability and MAE values, suggesting
increased complexity or variability in the corresponding kinetics. These results indicate that the proposed
modeling framework is highly effective in capturing nonlinear relationships between process variables and
kinetic parameters, while also highlighting system-dependent differences in predictability, likely associated with
the physicochemical properties of the biogenic nanoparticles.

5. Conclusions

This study demonstrates that microalgae-mediated green synthesis is an effective route for producing Ag-based
nanomaterials with strong photocatalytic activity under visible light. The synthesized nanoparticles, derived from
Spirulina platensis and Chlorella vulgaris, shows favourable physicochemical properties and enabled high dye
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removal efficiencies across a range of operating conditions. A simplified yet physically grounded kinetic model
successfully describes the adsorption—desorption and degradation mechanisms, providing reliable parameter
estimation. Coupling this mechanistic framework with a machine learning approach, supported by data
augmentation, significantly enhances predictive capability despite limited experimental data. The Gradient
Boosting model accurately captures nonlinear relationships between operating variables and kinetic
parameters, achieving high performance metrics, particularly for selected parameters and strains. Overall, the
proposed hybrid methodology integrates experimental insights, mechanistic understanding, and data-driven
modeling into a robust tool for process optimization. This approach not only improves the design of sustainable
photocatalytic systems but also highlights the potential of microalgae-derived nanomaterials for environmentally
friendly water treatment applications.

Nomenclature

[Dye] — contaminant concentration, mg/L t —time, min
[Dye]°® — contaminant concentration, mg/L | — light intensity, nE/(m?-s)
k1, ko, ks — kinetic constants, min™! n — removal efficiency, -
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