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Resumen

Este artı́culo presenta un modelo neuroborroso de un lazo de una planta de colectores cilindro-parabólicos de gran tamaño,
implementado mediante Adaptive Neuro-Fuzzy Inference System (ANFIS). El enfoque propuesto sigue una filosofı́a de modelo de
caja gris, combinando el conocimiento fı́sico de la planta con un aprendizaje basado en datos para proporcionar un balance entre
precisión, interpretabilidad y adaptabilidad. Debido a su eficiencia computacional y sus capacidades de adaptación, el modelo puede
ser utilizado en tiempo real, por lo que es ideal para aplicaciones de gemelos digitales. Además, casos de uso potenciales incluyen
aplicaciones en control predictivo, detección y diagnóstico de fallos en lı́nea y tareas de monitorización para ciberseguridad. Los
resultados obtenidos con datos de plantas reales demuestran la habilidad del modelo para reproducir con precisión la dinámica de
la temperatura de salida de la planta en diferentes condiciones de operación, desde dı́as soleados hasta nublados, por lo que resulta
una herramienta fiable e interpretable para modelar plantas termosolares.

Palabras clave: Energia solar, Modelado de caja gris, Sistemas neuroborrosos, Modelado dinámico, Gemelos digitales.

Neuro-Fuzzy Modelling of a 50 MW Parabolic Trough Solar Loop

Abstract

This paper presents a Neuro-Fuzzy (NF) model of a loop of a large-scale Parabolic Trough Collector (PTC) plant implemented
using an Adaptive Neuro-Fuzzy Inference System (ANFIS). The proposed approach follows a grey-box modeling philosophy,
combining prior physical knowledge of the system with data-driven learning in order to achieve a proper balance between modeling
accuracy, interpretability, and adaptability. Due to its computational efficiency and adaptive capabilities, the proposed NF model
is suitable for real-time implementation, making it a promising candidate for digital twin applications in PTC plants. Potential use
cases include predictive control-oriented modeling, online fault detection and diagnosis, and cybersecurity-related monitoring tasks.
Performance results obtained using real plant data show that the proposed ANFIS model is able to accurately reproduce the outlet
temperature dynamics under varying operating conditions, from sunny to partially cloudy and fully cloudy days, demonstrating its
effectiveness as a reliable and interpretable modeling tool for solar thermal systems.

Keywords: Solar energy, Grey-box modelling, Neuro-fuzzy control, Dynamic modelling, Digital twins.

1. Introduction

Climate change and energy security have emerged as two
of the major concerns of the present century (Suman, 2018). In
this context, renewable energy sources are widely regarded as
one of the most promising alternatives to fossil fuels in the near
future, and significant research efforts have focused on com-
mercially available technologies such as solar and wind energy

(Sayed et al., 2023). Despite this growing interest, a large share
of the electricity produced worldwide still relies on fossil fuels
and other non-renewable energy sources (Heeckt and Kolaric,
2020). Among renewable options, solar energy is particularly
attractive due to its abundance and global availability, as evi-
denced by the increasing number of solar power plants being
deployed worldwide (Rakhshani et al., 2019).
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This work focuses on solar energy and, more specifically,
on Concentrating Solar Power (CSP) technologies, which con-
centrate solar radiation to produce thermal energy for power
generation and other applications such as solar cooling or de-
salination. CSP plants present several advantages, such as ther-
mal inertia, mechanical inertia, and the capability of integrating
thermal energy storage systems, which enhance their dispatch-
ability. The main CSP technologies include Parabolic Trough
Collectors (PTC), Linear Fresnel Reflectors (LFR), Solar Power
Towers (SPT), and Parabolic Dish Systems (PDS). Among
them, PTC technology stands out due to its technological ma-
turity, proven large-scale deployment, and well-established op-
erational experience. For these reasons, this work focuses on
PTC plants.

However, large-scale PTC plants are highly nonlinear sys-
tems with complex dynamics, transient operations and an ex-
tensive spatial distribution. These characteristics make it par-
ticularly challenging to model them accurately and efficiently,
which is important when the models are intended for advanced
control strategies such as Model Predictive Control (MPC) (Ca-
macho and Bordons, 2013). To address the computational
burden associated with control and optimization, several ap-
proaches have been proposed in the literature. For instance,
Masero et al. (2022) present a coalitional MPC approach based
on market supply and demand to maximize thermal energy
in PTC plants. Pataro et al. (2021) propose a mixed logical-
dynamic model, linear in the state space, for controlling hybrid
solar thermal plants while considering load demand variations.
Frejo and Camacho (2020) introduce a distributed MPC algo-
rithm to optimize the operation of solar field loops. Addition-
ally, in a previous study by the authors (Ruiz-Moreno et al.,
2025), neural networks were used to emulate a nonlinear MPC
controller for electric power maximization, highlighting the po-
tential of Artificial Intelligence (AI) techniques to drastically
reduce computation times while learning from highly complex
controllers.

An alternative research line focuses on obtaining faster
models rather than replacing the control strategy itself (Schim-
perna et al., 2024). In this context, AI-based approaches have
been widely adopted. Himour et al. (2023) linearize, at each
sampling time, a neural network model of a PTC plant. In the
work by Zaaoumi et al. (2021), an Artificial Neural Network
(ANN) is proposed to estimate hourly electric production, out-
performing two analytical models.

Despite their strong approximation capabilities, neural net-
works are often criticized for their black-box nature, which lim-
its interpretability. To overcome this limitation, fuzzy modeling
offers a valuable alternative. The Adaptive Neuro-Fuzzy Infer-
ence System (ANFIS), introduced by Jang (1993), combines the
learning capabilities and fast computation of neural networks
with the interpretability of Fuzzy Inference Systems (FIS). This
hybrid approach enables the integration of data-driven learning
and expert knowledge through rule-based reasoning, facilitating
a more transparent and adaptable modeling framework. Recent
applications of ANFIS include the modeling of photovoltaic fa-
cilities (Chicaiza et al., 2025), as well as industrial automation
tasks in the food industry (Marković et al., 2024). Regarding
thermosolar applications, Machado et al. (2023) develop digital
twin models of a Fresnel collector using both a phenomenolog-

ical model based on Partial Differential Equations (PDE) and
a data-driven ANFIS approach, while Rodrı́guez et al. (2023)
combine neuro-fuzzy systems and recurrent neural networks
for sensor fault detection and error prediction in a solar cool-
ing plant. Specifically for PTC technology, Escaño et al. (2021)
propose a nonlinear fuzzy MPC controller to reduce prediction
time in an experimental PTC plant for outlet temperature regu-
lation.

In this work, an ANFIS-based model is proposed for a large-
scale PTC solar power plant equipped with a defocusing mech-
anism. Modeling such plants is particularly challenging due
to the long collector loops, which increase thermal losses, and
the presence of additional phenomena affecting energy cap-
ture, such as collector soiling (impacting optical efficiency)
and defocusing efficiency. The proposed gray-box neuro-fuzzy
methodology provides both interpretability and adaptability, al-
lowing the model to be rapidly updated with new data and to
accurately reflect the real behavior of the plant throughout its
operational lifetime. The main contribution of this paper is the
development and validation of a neuro-fuzzy model for a loop
of a 50 MW PTC plant that explicitly accounts for defocusing
strategies.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the plant, its main components, and the refer-
ence model and parameters. Section 3 presents the proposed
modeling methodology. Simulation results are discussed in
Section 4, and final conclusions are drawn in Section 5.

2. Plant Description

Table 1: Parameters descriptions
Symbol Description Units

t Time s
x Space m
ρ Density kg/m3

C Specific heat capacity JK−1kg−1

A Cross Sectional Area m2

T Temperature K,◦C
q(t) Oil flow rate m3s−1

I Solar irradiance Wm−2

no Geometric efficiency Unitless
Kopt Optical efficiency Unitless
G Collector Aperture m
Ta Ambient Temperature K,◦C
Tf Fluid Temperature K,◦C
Tm Metal Temperature K,◦C
Hl Global coefficient of thermal loss Wm−2◦C−1

Ht
Coefficient of heat

transmission metal-fluid Wm−2◦C−1

L Length of the pipe m
δ Declination rad
ω Angular displacement of the sun rad

LH Local time Hours
S Surface m2

θd Defocusing angle rad
ϕ Latitude rad

A PTC plant is a solar thermal power plant that uses
parabolic reflectors to concentrate solar radiation onto a re-
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ceiver tube, where a Heat Transfer Fluid (HTF), typically ther-
mal oil, circulates. The concentrated solar rays heat the fluid,
which is subsequently directed to a steam generator to produce
electricity.

This work focuses on modelling focuses on modeling a sin-
gle representative loop of a 50 MW solar trough plant. The loop
has a a total length of 620 m and is composed of four collectors
aligned in a north–south orientation, with an active section of
593 m and the parameters depicted in Table 1.

2.1. Distributed Parameter Model

The thermal behavior of the loop is modeled using a
distributed-parameter formulation, governed by Equations 1
and 2 (Camacho et al., 2012), which describe the energy bal-
ance of both the receiver tube and the heat transfer fluid. It is
assumed that the metallic wall exhibits a radially uniform tem-
perature, and that the geometric properties of the reflector and
receiver remain constant along the active sections of the loop.
As a consequence, the local concentration ratio can be consid-
ered spatially invariant.

ρmCmAm
∂Tm

∂t
= IKoptnoG−HlG(Tm −Ta)− LHt(Tm −Tf) (1)

ρfCfAf
∂Tf

∂t
+ ρfCfq

∂Tf

∂x
= LHt(Tm − Tf) (2)

The thermal loss coefficient and the internal convective heat
transfer coefficient are computed using Equations 3 and 4, re-
spectively.

Hl = 1.137 · 10−8 (Tf − Ta)3 − 3.235 · 10−6 (Tf − Ta)2

+1.444 · 10−4 (Tf − Ta) + 8.179 · 10−2 −
4.796

(Tf − Ta)
(3)

Ht =

( q
3600

)0.818 (
−3.243 · 10−4T 3

f + 2.442 · 10−1T 2
f

+ 2.320 · 102Tf + 2.532 · 104
) (4)

Given the north–south orientation of the plant, the geomet-
ric efficiency is evaluated according to Equation 5 (Teleszewski
et al., 2021).

no =
(
(sin(ϕ) sin(δs) + cos(ϕ) cos(δs) cos(ωs))2 + cos2(δs) sin2(ωs)

) 1
2

(5)
The heat transfer fluid employed in the plant is Thermi-

nol VP-1. Its specific heat capacity and temperature-dependent
density are described by Equations 7 and 6, respectively (Gal-
lego et al., 2022).

ρf = −4.810 · 10−4T 2
f − 8.110 · 10−1Tf + 9.537 · 102 (6)

Cf = 1.561 · 10−8T 2
f + 1.707 · 10−1Tf + 1.574 · 102 (7)

Additionally, Kopt is modeled as 0.6290 for the first col-
lector, 0.6790 for the second, 0.7290 for the third and 0.7190

for the fourth collector, G = 5.75 m, ρm = 7800 kg/m3,
Cm = 550 J/kg◦C, Af = 0.0036 m2, Am = 2.1677 × 10−4 m2

and L = 0.2136 m.
For numerical integration, the loop is spatially discretized

into 297 segments of 2.0625 m each. A temporal integration
step of 0.25 s is adopted.

Finally, to guarantee safe and efficient operation, the maxi-
mum allowable temperature is limited to 400 ◦C. Moreover, the
volumetric flow rate is restricted to the interval between 9 and
33 m3/h in order to ensure adequate heat transfer and opera-
tional stability.

2.2. Concentrated Parameter Model
A simplified representation of the plant dynamics is pro-

vided by the concentrated-parameter approach, commonly re-
ferred to as the lumped-parameter model. This formulation cap-
tures the temporal evolution of the internal energy of the HTF
and has been widely adopted in the literature. The resulting
lumped-parameter model is mathematically described by Equa-
tion 8.

Cloop
∂Tout

∂t
= noKoptS I−qPcp(Tout−Tin)−HlS (Tmean−Ta) (8)

where Cloop = Lloopρf,meanCf,meanAf denotes the thermal capac-
ity of the loop, S = GLloop is the effective aperture area, and
Pcp = ρmCm corresponds to the thermal capacity of the pipe
material. Moreover, Tin and Tout denote the inlet and outlet
temperatures of the HTF and Tmean is the average temperature
between inlet and outlet.

2.3. Defocus Mechanism
The plant features a defocusing algorithm to reduce the col-

lector efficiency when some maximum temperature limits are
exceeded or the system is under power constraints, ensuring
safe plant operation. This mechanism steers the collectors away
from their focal point to reduce the incident radiation on the re-
ceiver and is widely adopted in commercial plants. The strategy
adopted relies on a three-state logic, illustrated in Figure 1.

300 310 320 330 340 350 360 370 380 390 400
0

1

2

3

4

5

Figure 1: Defocusing strategy. Ti is the temperature at the center of collector i
and θd is the defocusing angle.Only collectors 3 and 4 can reach the three states.

In this scheme, state 0 corresponds to a defocusing angle of
θd = 0◦, state 1 to θd = 2◦, and state 2 to θd = 5◦. Transitions
between states depend on the measured temperature at the cen-
ter of each collector. Collectors 1 and 2 operate only in states 0
and 1, whereas collectors 3 and 4 can operate in all three states.
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The defocusing angle–efficiency relationship is defined by
the curve depicted in Figure 2.
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Figure 2: Efficiency curve as a function of the defocusing angle

2.4. Plant Controller
To regulate the plant operation, a feedforward controller Ca-

macho et al. (2012) is employed to track a desired outlet tem-
perature Tref by manipulating the volumetric flow rate in the
loop and reject disturbances. The controller operates with a
sampling time of 30 s and is based on a steady-state lumped-
parameter model. The control law is given by Equation 9.

q =
noKoptS I − HlS (Tmean − Ta)

Pcp(Tref − Tin)
(9)

The controller is designed to maintain the flow rate within the
operating range of 9 m3/h to 33 m3/h, ensuring that the out-
let temperature does not exceed 400 ◦C. Lastly, the controller
assumes a Kopt of 0.64881.

3. Methodology

The ANFIS system (Karaboga and Kaya, 2019) emerges
from the combination of ANNs and FIS to exploit the learning
capabilities of data-driven models while preserving the inter-
pretability of fuzzy rule-based structures. Its main purpose is to
optimize membership function parameters through supervised
learning, enabling the FIS to accurately map input-output data
pairs. In the Takagi–Sugeno formulation adopted in ANFIS, the
inference structure relies on functional consequents rather than
weighted connections, allowing for efficient signal propagation
and fast computation (Takagi and Sugeno, 1985).

Structurally, the model is organized into five distinct lay-
ers. The fuzzification and defuzzification layers employ adap-
tive nodes to enable parameter tuning, whereas the intermediate

layers consist of fixed nodes. This architecture is particularly
effective when traditional mathematical modeling is hindered
by system complexity or inherent uncertainty. In this study,
ANFIS is employed to capture the temperature dynamics of the
PTC plant, with the fuzzy rules generated using the Fuzzy C-
Means (FCM) clustering algorithm. FCM was selected due to
its ability to automatically identify clusters while allowing par-
tial membership.

To capture the dynamic behavior of the solar field, the
ANFIS input vector was constructed by combining key phys-
ical variables with autoregressive terms, based on prior expert
knowledge of the system. The selected features include the in-
let temperature Tin(k), the volumetric flow rate q(k), and the
modified irradiance reaching the receiver tube, expressed as
I(k) no(k) Kav

opt, where Kav
opt = 0.6921 represents the average op-

tical efficiency of the field (with value 0.6921). To account for
thermal inertia and transient effects, delayed values of the outlet
temperature, namely Tout(k − 1) and Tout(k − 2), were incorpo-
rated into the model. In addition, the average defocusing angle
was included to reflect efficiency variations due to operational
constraints. Finally, a normalized non-linear interaction term,
defined as q Tout(k − 1)/30, was introduced.

4. Results

This section presents the results obtained after training the
proposed ANFIS model. The dataset was generated from 60
simulations using real solar irradiance and inlet temperature
profiles corresponding to sunny, partially cloudy, and cloudy
days, assuming fixed optical efficiencies. In half of the simu-
lations, the system was controlled using the feedforward con-
troller described in Section 2.4, with outlet temperature refer-
ences randomly updated every hour and maximum step changes
of ±10◦C. In the remaining simulations, the volumetric flow
rate was randomly updated every 30 minutes with maximum
step changes of ±0.5 m3/h. The dataset sampling time was
10 s. All simulations and training procedures were carried out
in Matlab® R2024b using the Fuzzy Logic Toolbox on an In-
tel® Core™ i7-9700F CPU at 3.00 GHz with 16 GB of RAM.

The dataset was randomized and divided into training
(80%), validation (10%), and test (10%) subsets. The FIS was
generated using Fuzzy C-Means (FCM) clustering and trained
for 125 epochs. Table 2 reports the Root Mean Square Errors
(RMSEs) and mean percentage errors of the estimated outputs
in close loop with respect to the actual temperature for models
with 2, 4, 6, and 8 clusters.

Table 2: Prediction errors for different size models

Clusters RMSE Mean percentage error (%) Training
Training Validation Test Training Validation Test time (s)

2 0.96652 0.96518 1.0115 0.17615 0.17473 0.1762 85.3923
4 0.7689 0.7485 0.7601 0.1434 0.1428 0.1423 167.8297
6 0.73954 0.74187 0.73521 0.13786 0.13869 0.1385 266.7165
8 0.70903 0.7147 0.69353 0.12807 0.12848 0.12778 474.5305
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As shown in Table 2, the average prediction errors decrease
as the number of clusters increases, at the cost of higher train-
ing times. The model with 8 clusters was selected as a trade-off
between accuracy, training time, and interpretability.

After training and selecting the best-performing FIS, three
additional simulations were conducted using previously un-
seen irradiance and ambient temperature profiles to evaluate
the model in closed-loop operation. Table 3 presents the RM-
SEs, mean percentage errors, and average computation times
for sunny, partially cloudy, and cloudy days and the overall av-
erage.

Table 3: Closed-loop prediction errors
Day RMSE Perc. error (%) Comput. time

Sunny 0.6634 0.1271 2.7050·10−4

Partially cloudy 0.6781 0.1265 2.6793·10−4

Cloudy 0.8406 0.1370 2.7062·10−4

All 0.69353 0.12778 2.7005·10−4

In all cases, the prediction errors remain low and consistent
across different operating conditions. Slightly higher errors are
observed during the cloudy day, where the system dynamics are
more complex due to rapid irradiance variations.

Figure 3 shows the modified irradiance, flow rate, and de-
focusing angles for the sunny-day experiment. Due to the high
irradiance levels, the flow rate becomes saturated and the col-
lectors remain defocused for most of the simulation, which in-
creases the difficulty of accurately modeling the system dynam-
ics.
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Figure 3: Simulation conditions of the experiment with the sunny day.

The corresponding modeling results are presented in Fig-
ure 4, where prediction errors remain below 3◦C for most of
the simulation, showing high steady-state tracking accuracy.
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Figure 4: Modelling results of the experiment with the sunny day.

The simulation conditions for the partially cloudy day are
shown in Figure 5, where a medium-sized cloud appears around
15:00, causing a sudden drop in the solar irradiance profile.
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Figure 5: Simulation conditions of the experiment with the partially cloudy day.

The corresponding estimation results are depicted in Fig-
ure 6, demonstrating that the model absorbs the cloud distur-
bance rapidly and maintains a good steady-state performance.
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Figure 6: Modelling results of the expertiment with the partially cloudy day.

Finally, Figure 7 presents the simulation conditions for the
cloudy day, characterized by highly dynamic solar fluctuations
where defocusing angles have a reduced impact due to lower
irradiance levels.
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Figure 7: Simulation conditions of the expertiment with the cloudy day.

The modeling results are shown in Figure 8. Even under
these highly dynamic conditions, the ANFIS model accurately
approximates the outlet temperature and successfully captures
the system dynamics.
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Figure 8: Modelling results of the expertiment with the cloudy day.

5. Conclusions

The results presented in this work demonstrate the suitabil-
ity of ANFIS-based modeling for capturing the dynamic ther-
mal behavior of large-scale parabolic trough collector (PTC)
plants with defocusing mechanism under varying operating
conditions. By combining expert-driven variable selection with
data-driven learning, the proposed approach achieves a flexi-
ble representation of the nonlinear relationships governing the
outlet temperature of the solar field. Moreover, the integration
of physical variables with autoregressive terms proved essential
to account for thermal inertia and transient effects, which are
characteristic of large-scale solar thermal systems.

Unlike purely black-box models, the ANFIS structure pre-
serves a degree of transparency while maintaining sufficient
modeling accuracy, making it particularly attractive for appli-
cations where uncertainty, nonlinearity, and limited physical
modeling capabilities coexist.

Overall, the proposed methodology provides a robust and
interpretable framework for data-driven modeling of PTC plant
temperature dynamics and constitutes a promising basis for fu-
ture developments in control, fault detection, or cybersecurity
applications.

Future work will focus on extending the proposed ANFIS
framework to improve robustness and adapt membership func-
tion parameters to cope with long-term performance degrada-
tion and aging effects in the solar field. Finally, the integration
of the proposed model into control-oriented applications, such
as MPC or fault detection schemes, will be assessed in order to
evaluate its practical applicability in real plant operation.
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