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ABSTRACT

The Mahajanga region benefits from exceptional solar resources, characterized by one of the highest levels of solar
irradiation in Madagascar, thus providing optimal conditions for the operation of photovoltaic generators. Air-
based hybrid photovoltaic-thermal (PVT) systems demonstrate superior energy efficiency due to their cogeneration
capability. This study presents an original neuro-fuzzy MPPT control approach applied to air-based PVT systems
within the specific context of Mahajanga. The results indicate a marked improvement in tracking accuracy
compared to conventional methods, offering concrete prospects for energy optimization in tropical regions. The
system processes the measured electrical parameters in real time, utilizing the instantaneous error (E) and its
variation (4E) to determine the optimal duty cycle (D) of the Boost converter. The comparative analysis with the
conventional P&O algorithm demonstrates a significant improvement in energy performance through the neuro-
fuzzy approach, validating its potential for optimizing the exploitation of Mahajanga's solar resources.

Keywords: Air-based PVT, Artificial Intelligence, Neuro-fuzzy system, MPPT, performance, Optimization,
Renewable energies, Mahajanga.

1. INTRODUCTION

The Mahajanga region benefits from exceptional solar resources, characterized by some of the highest levels of
solar irradiation in Madagascar. This abundant solar resource offers ideal conditions for the deployment of
photovoltaic (PV) generators, the technical and economic feasibility of which is well established. However, for
optimal valorization of this abundant resource, hybrid photovoltaic-thermal (PVT) air generators represent a
promising innovation. Their main advantage lies in their cogeneration capability, allowing simultaneous electricity
production through the photovoltaic effect and thermal energy recovery via an air flow circulating beneath the
modules. This energy synergy not only improves electrical efficiency by cooling the PV cells but also provides hot
air for various applications, thus optimizing the overall system efficiency.
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Optimizing the performance of these systems relies essentially on the efficiency of Maximum Power Point Tracking
(MPPT) algorithms. Among the different existing MPPT approaches, we mainly distinguish conventional
methods [1] such as Perturb and Observe (P&O) and Incremental Conductance, intelligent techniques including
Artificial Neural Networks (ANN) and fuzzy logic, as well as hybrid approaches like neuro-fuzzy systems [3].

In this context, this study proposes the implementation of an innovative neuro-fuzzy (ANFIS) MPPT control system
to optimize the performance of air-based PVT generators. The neuro-fuzzy system uses as input variables the
instantaneous error (E) and its variation (AE), calculated from real-time current and voltage measurements. These
parameters allow the controller to accurately determine the optimal duty cycle (D) of the Boost converter.
The comparative performance analysis with the conventional P&O algorithm demonstrates the superiority of the
neuro-fuzzy (ANFIS) approach for fully exploiting Mahajanga's exceptional solar potential, thereby validating its
superior energy efficiency.

2. METHODOLOGY

2.1 System Configuration

The air-based PVT MPPT-ANFIS system, illustrated in Fig-1, consists of a hybrid photovoltaic-thermal (PVT) air
generator, connected to a Boost converter and controlled by an ANFIS controller.

s
AW\
]

Voltage Current D
Integrator
Power é: Duty Cycle A
N\ dD
E
»| Input Parameters ANFIS
1. Error

2. Error Change

dE

N\

Fig -1: Configuration of the air-based PVT MPPT-ANFIS system [2]

2.2 Operating Principle

The air-based PVT MPPT-ANFIS system relies on a neuro-fuzzy (ANFIS) MPPT control structured in five layers
and using 25 fuzzy rules. The process begins with the real-time acquisition of the electrical parameters (voltage and
current) of the PVT generator, allowing the calculation of the error (E) and its variation (AE). These parameters are
normalized and then processed by the neuro-fuzzy architecture. The ANFIS system generates as output a variation
of the duty cycle (dD) which adjusts the DC-DC Boost converter. This intelligent control optimizes in real-time the
operating point to reach the optimal values of voltage (Vym) and current (Ippm), ensuring maximum power
production regardless of weather conditions. Simulations demonstrate the superiority of this approach compared to
traditional MPPT methods [1,19], with reduced oscillations, accelerated convergence, and improved energy
efficiency. These performances are achieved thanks to the synergy between the learning capability of neural
networks and the flexibility of fuzzy reasoning to handle uncertainties.
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2.3 Modeling of the Hybrid Air-based PVT Collector
The hybrid air-based PVT collector adopted in this study is inspired by the model developed by TOUAFEK
Khaled [5]. This multi-layer configuration optimizes energy conversion through a design integrating both
photovoltaic electricity production and thermal recovery.

2.3.1 Simplifying Assumptions
Before establishing the energy balance equations for each component, the following assumptions were
adopted [4,5,8,11] :
e The ground temperature is taken equal to the ambient temperature.
The physical properties of the materials are assumed constant.
The wind is assumed to be blowing parallel to the system faces.
Atmospheric diffuse radiation is isotropic.
The flow regime is transient.
The EVA transmission coefficient is 100%.

2.3.2 Model Descriptions

The hybrid air-based PVT collector adopted in this study is inspired by the model developed by TOUAFEK
Khaled [5]. This configuration allows both photovoltaic conversion and thermal energy recovery by convection with
the circulating air flow.
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Fig -2: Hybrid air-based PVT collector proposed by TOUAFEK Khaled [5]

2.3.3 Equivalent Electrical Circuit

To model the thermal transfers, the physical structure of the air-based PVT collector is transposed into an equivalent
electrical circuit (Fig-3) [6]. This electro-thermal analogy allows representing the heat exchanges between the
different layers of the system. The model considers the thermal resistances and heat capacities of each component,
thus facilitating the analysis of the overall energy performance of the collector.
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Fig -3: Equivalent electrical circuit of thermal transfers in the air-based PVT [6,7]
Based on this electro-thermal analogy, the energy balances at the different nodes are expressed by: [5,11]
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These equations are solved numerically by the iterative Gauss-Seidel method [4,8], allowing accurate determination
of the thermal distribution across all layers of the PVT collector.

2.3.4 Electrical Model of the Hybrid Air-based PVT Collector

The photovoltaic panel electrical model retained for the hybrid air-based PVT collector is based on the single-diode
approach. The electrical behavior of the system is determined from a set of electrical parameters whose values
closely depend on solar irradiation (G) and cell temperature (Tpvt) [9,20]. The configuration adopted in our modeling
features N; = 42 cells in series and N, = 1 parallel branch. This specific configuration determines the output
electrical characteristics according to the relationships:
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2.3.5 Hybrid Collector Performance

Maximum Power Pv

The maximum power of an illuminated cell Pv is the essential quantity to evaluate its performance ; it is given by
the relation [10] :

Py, = Vi Iy (12)

Puissance électrique PVT

PVT Electrical Power

The electrical power (Pelec) produced by the air-based PVT panels is calculated from the irradiance on the collector
plane G, the total surface area of the photovoltaic cells, and the electrical efficiency [6,7].

1:'elec = Melec ™ Scel xG

Neee = Mref X [1 ~0.0045 (Tce ~Top )]

Thermal Efficiency of the PVT Collector
The thermal efficiency is the determining factor of its thermal performance, which is determined by the following
formula [11] :

(13)

[ ]
. Ph Mg Cpp (T = Tre) 14)
th = =
S, G e

Electrical Efficiency of a PVT Collector
The solar cell efficiency depends on the cell temperature and is given by [12]:

Nelec = Mref [1 1 B(TPV ~Tret )] 15)

Overall Efficiency of the PVT Collector
The overall efficiency of the photovoltaic-thermal collector is defined as the sum of the electrical efficiency and the
equivalent thermal efficiency [13,18]

Nglobal = "th T Nelec, th
(16)

Nelec
Nelec,th = C

2.4 Neuro-Fuzzy Control for the PVT hybrid air collector.
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Fig -4: Schematic of a PVT system with MPPT control. [2]
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Fig-4 presents the general architecture of a PVT system integrating MPPT control. The MPPT (Maximum Power
Point Tracker) device, associated with a DC-DC converter [2], ensures the permanent operation of the photovoltaic
generator at its maximum power point. The control strategy acts on the converter's duty cycle automatically,
maintaining the system at the optimal operating point despite variations in weather conditions or sudden load
changes.

2.4.1 ANFIS Architecture

ANFIS (Adaptive Neuro-Fuzzy Inference System) uses a Takagi-Sugeno type Fuzzy Inference System (FIS). Its
architecture, represented in Fig-5, consists of five distinct layers [3]. To illustrate its operation, consider a fuzzy
inference system with two inputs (x, y) and one output (s). The Takagi-Sugeno type fuzzy system is defined by the
following rules [16] :

Rulel: if x isA1 and y isB1 then S| =PX+qy+q a7
Rule2:if x isA, and y isB, then S, =p,X+q,y+r1,

A1, Az, By et B are fuzzy sets
pi, qi, i are the consequent parameters of rule i determined during the learning process.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Xy
1!

¢

Fig -5: General architecture of ANFIS.[13]

ANFIS is a multilayer neural network without weights (weights = 1) on the connections. Its nodes are classified into
two categories according to their function [3]: square nodes (adaptive, with parameters) and circular nodes (fixed,

without parameters). Each node executes an operation on its inputs. Thus, the output o%( of node i in layer k (called

node (i, k)) depends on signals from layer (k-1) and the parameters of node (i, k).

kK _pf k1 k-l
o; =flo; ,...,onk_1

N, _, : number of nodes in layer k-1,

aaobacn-“) (18)

a, b, c: parameters of node (i, k). For a circular node these parameters do not exist.

First layer : Fuzzification
Each node in this layer has adjustable parameters. The function of each node corresponds to a membership
function [14], calculating the degree of membership of the inputs to the defined fuzzy sets.

of =f! (x)=mp; (x) (19)

X is input to node i, and A, the linguistic term associated with its function L ;
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0; is the degree of membership of x to A; defined by the membership function W ,; (X)

Second layer : Multiplication of inputs with each other
Also called the first hidden layer, it serves to calculate the firing strength of the premises. Each circular node T
corresponds to a Sugeno-type fuzzy rule. It takes the outputs from the fuzzification nodes and then calculates its

activation.
wi =t (%) g (v) Aveci = 1,2 (20)

Third layer : Normalization of the rule weights
Also called the second hidden layer. The circular nodes N calculate the normalized firing strength of a given fuzzy

rule.

W.
vi=—1— (21
Wl + W2

Fourth layer : Calculation of rule outputs
Called the third hidden layer. The nodes in this layer are square.

0i4 =v.f=v. (aix+biy+ci) Aveci = 1,2 (22)

V,is the output of layer 3

{ai 5 bi R Ci} is the set of adjustable output parameters of rule i.

Fifth layer or output layer: Summation of all inputs
This layer contains a single node. It provides the output of ANFIS.

2.5 Design of an MPPT Controller Based on a Neuro-Fuzzy Network

This section presents the implementation of an MPPT control based on an ANFIS network [15]. The objective of
this intelligent controller is to optimize in real-time the operating point of a photovoltaic system to maximize its
energy production. The block diagram in Fig-6 illustrates the integration of this control into the PVT system.
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Fig -6: Architecture of the PVT system with MPPT control based on a neuro-fuzzy network.
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2.5 Architecture and Principles of the Neuro-Fuzzy MPPT Controller
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Fig -7: Architecture of the ANFIS model.

The detailed architecture of the ANFIS model is presented in Fig-7. The neuro-fuzzy MPPT controller receives as
input the error (E) and its variation (AE), and generates as output the command (D). This latter ensures both the
prediction and optimization of the duty cycle applied to the DC/DC converter, guaranteeing the dynamic adaptation
of the PVT generator's power to the optimal operating point. The system automatically generates its fuzzy rules
according to the Sugeno inference model, while neural learning optimizes the precision and robustness of the
control [13,15]. The complete algorithm of the MPPT control by neuro-fuzzy network is illustrated in Fig-8 [16],
detailing the successive steps of reading, normalization, ANFIS processing, and generation of the optimal

command.

Read vat (1) etIpvt (1)
v
va,[ )=V vt (t).Ipvt (1)
v
Bty = ot O~ Pow (D
V vt 0=V pyg (t=1)
v
v
dE(t) = E(t) - E(t-1)
v *
Normalization Normalization

Fig -8: Algorithm of MPPT control by neuro-fuzzy network [16]
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3. RESULTS AND DISCUSSIONS

This study focuses on the Mahajanga region, located in northwestern Madagascar (15°43' South, 46°19' East). The
meteorological data used come from ASECNA and cover the period 2010-2024. The estimation of global solar
irradiation was performed by applying the Page model [21,22], recognized for its accuracy in tropical regions.

3.1 Variation of Global Irradiation and Ambient Temperature

The comparative analysis of global solar irradiation profiles and ambient temperature in Mahajanga reveals superior
energy performance in October compared to January. Both parameters reach their peak levels between 12:00 PM
(noon) and 14:00, a period corresponding to the most intense thermal flux of the day.
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Fig -9: Global irradiation and ambient temperature

3.2 Variation of Electrical Power

The PVT system reaches a maximum electrical power of 173.3 W in October compared to 126.5 W in January, with
a daily peak systematically observed between 12 :00 pm and 14 :00, the period of optimal solar radiation. The
ANFIS model demonstrates remarkable prediction accuracy, closely following the real data with negligible relative
error. This performance validates the effectiveness of the neuro-fuzzy approach for predicting and optimizing the
electrical performance of the system.
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Fig -10: Electrical power of the PVT model and predicted by ANFIS
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3.3 Variation of Electrical Efficiency

A comparative analysis of the electrical output between the months of October and January reveals superior
performance during the first of these two months. A decrease in performance is observed between 12 :00 pm
and 14 :00 in both cases, attributable to the rise in cell temperature during periods of high solar irradiance. The
perfect match between the outputs predicted by the ANFIS model and the model's outputs confirms the robustness
of the proposed approach.

Electrical Efficiency of PV and PVT Systems [January) Electrical Efficlency of PV and PVT Systems (October)
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Fig-11: Electrical efficiency of the model and predicted by ANFIS

3.4 Variation of Thermal Efficiency

The thermal efficiency of the PVT system (Fig-12) shows superior performance in October, with a maximum
of 58% against 51% in January. Contrary to electrical efficiency, an improvement in thermal performance is
observed between 12:00 pm and 14:00, taking advantage of maximum sunlight for increased thermal recovery. The
agreement between the predicted and reference curves demonstrates the ability of the ANFIS algorithm to
simultaneously model the electrical and thermal components of the hybrid PVT system.
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Fig-12: Thermal efficiencies of the model and predicted by ANFIS

3.5 Variation of Overall Efficiency
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The comparative evolution of overall efficiency (Figure 13) reveals superior energy performance in October, with a
maximum of 91% against 85% in January. This difference is mainly explained by more favorable sunlight
conditions in October, allowing optimized simultaneous energy production. The peak -efficiency located
between 12:00 pm and 14:00 for both months corresponds to the daily maximum solar radiation. These results
validate the accuracy of the ANFIS model for predicting overall efficiency under different seasonal conditions.
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Fig-13: Overall efficiency of the model and predicted by ANFIS

3.6 Characteristic P(V) of PV-PVT System with and without MPPT by P&O and ANFIS

The analysis of the P-V characteristics (Fig-14 and Fig-15) reveals significant differences between the MPPT
approaches. Optimization by P&O limits relative errors to 5.63% for PV and 5.14% for PVT, while the neuro-fuzzy
approach reduces them to 3.02% and 2.12% respectively. This notable reduction in errors demonstrates ANFIS's
ability to faithfully reproduce the behavior of PV/PVT systems while offering superior accuracy to the conventional
P&O method.

1-V Curve and P&0 Tracking in October
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Fig-14: Characteristic (P-V) with and without MPPT by P&O and its relative errors
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PV Curve and ANFIS Tracking in October
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Fig-15: Characteristic (P-V) with and without MPPT by ANFIS and its relative errors

3.7 Characteristics P(V) of PV-PVT system under different irradiations, with MPPT by P&O and ANFIS

The P(V) curves clearly show that the PVT system generates higher power than PV alone at each irradiation level.
This improvement is due to thermal cooling which increases electrical efficiency. This result is verified for both
MPPT methods used. The P&O MPPT allows the PVT to reach a higher power peak. With the ANFIS MPPT, the
PVT maintains this advantage while benefiting from faster and more precise tracking of the maximum power point.
Thus, thermal integration in a PVT system improves electrical production. Moreover, the ANFIS algorithm proves

more performant than the P&O method to fully exploit this energy potential. The obtained curves are consistent
with the experimental study conducted by Bouden Abdelmalek [11].

P-V Characteristic for PV and PVT with PA0 MPPT
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Fig-16: Characteristics P-V of the PV-PVT system under different irradiations, with P&O MPPT and ANFIS MPPT

4. CONCLUSIONS

This study demonstrates the superiority of the ANFIS neuro-fuzzy system for MPPT control of air-based
photovoltaic-thermal systems. The analysis of the P-V curves (Fig. 14-16) reveals that ANFIS effectively eliminates
oscillations around the maximum power point observed with the P&O method, while ensuring more precise and
faster tracking under variable irradiation conditions. Compared to the conventional P&O method, the ANFIS
approach presents significant advantages in terms of precision, stability, and adaptability.

The experimental results confirm that ANFIS reduces relative errors to 3.02% for PV systems and 2.20% for PVT
systems, compared to 5.36% and 5.14% respectively for the P&O method. The strong correlation between ANFIS
predictions and real measurements validates its dynamic adaptation capabilities and robustness in the face of
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environmental variations. These conclusions support the adoption of neuro-fuzzy methods for optimizing hybrid
energy systems and open promising perspectives for the large-scale deployment of renewable energies in the
Mahajanga region.
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