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Abstract— This paper investigates the chaos extension radial basis function neural network of Maximum Power
Point Tracking (MPPT) algorithms based on fault diagnosis method in single-stage three-phase photovoltaic (PV)
systems connected to the grid of Congo-Brazzaville and compares the attributes of various conventional,
significance and in this study, a novel approach was developed to improve accuracy of intelligent controller system
which is radial basis function neural network. However, once a fault occurs, in order to remedy the defect of
unavailable fault diagnosis at any irradiance and temperature in this system chaos synchronization based
intelligent fault diagnosis for photovoltaic systems proposed by others researchers. This paper describes a chaotic
extension fault method combined and with error radial function to overcome this problem. The designed control
functions ensure stable controlled and synchronized states for simulation and comparison, measured current
irradiance and temperature, and used the Maximum Power Point Tracking (MPPT) algorithms for chaotic
extraction of eigenvalue.
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In the current research, the advanced of control was completed, a new strategy is being developed, so this
structure is relatively complex because of their nonlinearity, the proposed of method which is MPPT, and the
conversion efficiency is difficult improved due to increase in transformation series, three-layer artificial network
for fault diagnosis and provided more accurate diagnostic response than on layer—fault diagnosis algorithms, axis
neural network performance and techniques, and others Maximum Power Point Tracking (MPPT) algorithms in
normal and partial shading conditions. The range of extension field was determined by neural network numerical
simulations are implemented for illustration and verification of the effectiveness of radial basis function neural
network control technique to the electrical grid of Republic of Congo and their influences on the dynamic
performance of the system and their impact in reducing the harmonic rate for better injection into the grid,
compared the diagnostic rates with the results indicate a significant increase in accuracy by others. A model of
three single-phase PV grid-connected system is built, and simulation results show the MPPT algorithm has
excellent dynamic and static performances, which verifies fault diagnosis method is effective for MPPT in the
single-stage and three single-phase PV grid-connected system. Finally, the voltage eigenvalue obtained from
current temperature and irradiance was used for the fault diagnosis

Keywords—: Photovoltaic array, Maximum Power Point Tracking, Radial Basis Function Neural Network,

Partial Shading Conditions Chua’s System, State Observer Fault Diagnosis Method.

I. INTRODUCTION
This paper presents the background and the motivation of the chaos extension radial basis function neural
network of Maximum Power Point Tracking (MPPT) algorithms continuing with a short overview of grid —
connected PV system. Furthermore, in details the aims of the project, continuing with a list of the main
contributions and finishing with the outline of the proposed method. This study focused on solar photovoltaic
fault diagnosis. Photovoltaic (PV) energy generation provides several advantages such as harmless to the
environment and renewable.

At present, the solar photovoltaic system has been used in many fields, current research focuses are the use of
this technology, such as efficient storage, environmental issues, and subsequent maintenance. This
continuously increasing energy consumption overloads the distributions grids as well as the power stations.
Therefore, employing a neural network has a positive impact on managing power faults and maintaining
normal operating conditions in [1]. Most of classical fault diagnosis technologies are based on intelligent
control including neural network in [2]. Most of classical fault diagnosis technologies are based on intelligent
control including neural network [3,4,5,6]. In 2011, Shimakage et al. discussed photovoltaic system fault
diagnosis and used an algorithm and observation for diagnosis in [6]. In 2011, Syafaruddin et al. used three-
layer artificial network for fault diagnosis. Also, this method was also time consuming in [7]. In 2012, Zhao
et al, proposed a decision three based diagnostic method for photovoltaic system in [§].

Given the characteristics of photovoltaic (PV), such as their low efficiency and output dependency on
environmental factors, it is crucial to monitor the maximum power point. While there are many strategies for
maximum power point tracking, each with its advantages and disadvantages, some are better than others. For
instance, previous research studies in (e.g. [4] ,[5]) have shown that the perturb and observe (P&O) algorithm
has more strengths than others.

When it comes to photovoltaic systems, MPPT, there are two typical methods. By adjusting the angle of the
module plane concerning the sun’s light, the first method involves mechanically measuring the amount of
solar radiation that hits the PV module plates. This stops the system’s output power from declining as the
intensity of the sun changes. The second method entails in the current research the DC-AC convert’s duty
cycle in order to harness the full power of the PV modules in (e.g. [6], [7], [8], [9], [10], [11], [12], [13], [14]).
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This approach beats the first approach because it provides effective power output without modifying the PV
system’s mechanically components.

This method was difficult to be implemented in [8]. In 2014, Hsiao et al used chaotic extension theory for
diagnosis and the accuracy rate was high and how does to improve it? However, due to the limitation of
extension theory, the diagnostic rate decreased greatly when the temperature and irradiance changed. This
study aims to remedy the defects in the literature in [9]. In the literature in (e.g. [9], [10], [11], [12], [13], [14],
[15], [16], [17], [18], [19], [20]), 10-series 2- parallel solar photovoltaic array was used as the model of fault
diagnosis. Chaotic synchronization system was combined with externals for fault diagnosis.

PV amy

VMV

Fig. 1 10-series 2- parallel schematic diagram

The disadvantage with multi-stage system is that they have a relatively higher efficiency, large size and higher
cost. The single stage has numerous advantages such as simple topology, low cost and high efficiency in (e.g.
[5-6]). Nevertheless, the control strategy has to be designed in order to extract the maximum available power
and to properly transfer it from the PV array to the grid simultaneously. In this case a most important
consideration in the controller design is needed. The performance evaluation of MPPT schemes is imperative
because of their sensitive to various dynamics in (e.g. [1], [2], [7], [8], [9], [10], [11], [12], [13], [14], [15],
[16], [17], [18], [19], [20], [21], [22], [23-24]). This study presents a major innovation as it is the first to be
applied to the specific case of the chaos extension radial basis function neural network of Maximum Power
Point Tracking (MPPT) algorithms based on fault diagnosis method in single-stage three-phase photovoltaic
(PV) systems connected to the grid of Congo-Brazzaville. Whereas MPPT control system schematic diagram
shows as shown in Fig. 2
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Fig. 2 MPPT control system schematic diagram
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This paper is organized as follows. Section2 presents a parallel schematic diagram, MPPT control a schematic
diagram and Chua chaotic system. Section3 presents system description and modeling of PV array system.
Section 3.1 presents the dynamic parameters of the whole system and modeling of solar cell and PV array
model. Section3.2 presents photovoltaic characteristic and grid connected inverter model. Section 3.3
compares the dynamic parameters of Radial Basis Function Neural Networks algorithms and the dynamic
parameters of Perturbation and observation(P&O) and Incremental Conductance (INC) algorithms. Section3.4
presents the whole simulations results. Section4.1 presents perturbation and observation ((P&O) techniques.
Section4.2 presents incremental conductance (INC) (techniques. Section4.3 presents others MPPT schemes.
Section 4.4 discusses the standard evaluating parameters partial shading conditions under different power and
current. Section 5.1 presents a performance by comparing, one of than better of their big size, high cost, low
efficiency and high reliability. Therefore, in three phase single-stage grid connected PV system must achieve
MPPT. Therefore, in order to generate the MPPT stability under Irradiation and Temperature, a robust MPPT
controller of radial basis function neural network has been proposed. Section 6.1 concludes this articles.

I CHUA CHAOTIC SYSTEM
The design of the synchronization system of the Chua’s chaotic system requires the following two methods,
and the simulation is carried out with Matlab software to draw the synchronization error signal curve. The
results indicate a significant increase in accuracy as follows as Drive-Response approach and State observer
method system were analyzed. Untie: Chua’s the equation of state for a chaotic system is as follows:

K=a(y —x —f (x))

W=x -y +z (D
&= Py

1
There into, @ > 0, f > 0,a <b <0, is a system parameter, f(x):bx+§(a—b)(|x+E|—| x—E)
Let the parameter values of the system be as follows as: a =9.0, f=14.87,a =-1.27,b =—-0.68,E =1

A.  Drive —Response

We Design process divide (1) into two subsystems:

= a(y—x— f(x)) Drive

=X—y+z
{}&_ 4 Response @)
&=Ly
Copy the R system and get:
{ )& =x -y +7z
K= - py
3)

Therefore, the synchronization system is designed as follows as:
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Be=a(y —x —f (x))
=X -y +z

B py

4
Then, the synchronization error signal is:
&t)=-e, +e,
)

There into, e, =y — y.,e. =z —Z . Simulation process, take the simulation time range as 0 <t <100, and

take the initial state y , = [1,-0.5,-1,—10,8]" synchronization error signal .

=20 .................

—40 :
0 a0 100
Fig. 3 Synchronization error signal line graph using colors which contrast a chaotic response

Whereas synchronization error signal shows the results indicate a significant increase in accuracy as shown in
Fig. 3

B.  State Observer Method

We designed Chua’s equations of states of a circuit can be rewritten as:
&= Ax + BF (x )+C
Y =Kx +F(x)

(6)
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There into,
-a a 0 - 0
A= 1 -1 1|, B=| 0|, C=|0], F(x)=[f(x1) 0 0]
0 - 0 0 0

f(x,)=hbx, +%(a—b)(|xl+E|—|xl -E|),

Y = Kx + F(x).

For the output of the system, thee into K is a constant to be determined available by (4 — BK) .The

eigenvalue real part is negative. The equation of state for constructing a synchronous system using the method
of state observer is as follows:

£ 4R+ BF(®)+C+BY -Y)
Y = K&+ F(%)

(7
Then, the synchronization error signal is as follows as:
&= (A —BK )e
®
To determine K consider (4—BK) , the ecigenvalue of the matrix as follows as

A =-29,4, =-1+i,A,=—1-i . Then use the place instruction in Matlab to find K as
K =[-2.3333 -2.6811 -2.899q. Take the simulation time range as 0 <t <100, take the initial state
v, =[1,-0.5,-1,-10,8,1 5] . Synchronization error signal follows as:
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Fig. 4 Synchronization error signal line graph using state observer method

The results indicate also a significant increase in accuracy as shown in Fig. 4. As we mentioned, the
purpose of fault diagnosis used in this paper is 10-series 2 parallel photovoltaic systems as shown in figurel
and MPPT, the system description, are shown in figurel. Also the specifications of PV cell are shown in
Fig.5, Fig. 6 which are PV of characteristics MPPT results. The specifications of PV cell are shown Fig. 7,
Fig. 8 and Fig. 9 given as I =534 ,y_=100v , P, =150W, and according to our fault diagnosis used in our
application systems shown as:

Fig. 5 Power and Voltage VersuS Fig. 6 Current and Voltage Versus Fig. 7 Power Shading and Voltage Versus

The photovoltaic cell is set as short circuit to simulate nine fault states to be illustrated by simulations and
the I-V and P-V characteristic curves at different irradiance and temperatures are satisfied functional
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requirements and the shading satisfying performance requirements. This paper puts forward a fault detection
mechanism, which is based on the theories of artificial neural network and probability change point analysis,
to detect the system that fail to satisfy performance requirements.

III. SYSTEM DESCRIPTION AND MODELLING OF PHOTOVOLTAIC SYSTEM
A Solar Cell and PV array Model

In the present modeling, the focus is only on cells. Solar cells consist of a p-n junction. The simplest
equivalent circuit of a solar cell is a current source in parallel with a diode. The diode determines the I-V
characteristics of the cell. Whereas for this paper shows, the electrically equivalent circuit of a solar cell is
shown in Fig.5, as shown in [2].

O Vo us

Fig. 8 Solar cell electrically equivalent

V+ IR, qV +1IR,) V+ IR,
I:[ph_[d-]sh:[ph_ldo_ Rsh :[ph_[() {exp [T]_l} - RSh (9)
T ’ E 1 1
q
I =1 |— £ (——— 10
) do []—;efJ exp[ nk (Tref T)] ( )
1,=t1, S +C,(T-T, )3 (11)
1000
_ _ q(V +1IR)) - qV
I = [ph - Id - [ph - 10 {exp[ T ]_1} ~ [ph - [() {exp [ m ]-1}

(12)

When [=0 in formula (12), the open circuit voltage can be deduced as:

I
Voo = ”k—Tln[LM 1}
q 1

o

(13)
Here, I, is the photocurrent, Ijis the reverse saturation current, Iy, is the average current through the diode, n
is the diode factor, q is the electron charge (q=1.6*10" (-19)), k is the Bolt man’s constant (k=1.38*10"(-23)

J/K), and T is the solar array panel temperature. R is the intrinsic series resistance of the solar cell; this value

is normally very small, R, is the equivalent shunt resistance of the solar array, and its value is very large. I,

Copyright © 2025
ISSN: 2961-6611



10th International Conference on Control Engineering &Information Technology (CEIT-2025)
Proceedings Book Series —PBS- Vol 23, pp.203-242

is photovoltaic battery short-circuit current; S is light intensity; Cr is the temperature coefficient; T is
temperature of cell in Kelvin (K); Tyyris the reference temperature (298K); E, is the characterization of the
width of the forbidden band semiconductor constants(V). In general, the output current of a solar cell is
expressed by: Physical models based on physical mechanisms and mathematical models based on external
characteristic. The model parameter setting based on external characteristic is more realistic. The
photovoltaic array is modeled as follows in (e.g.[3-4]): Under the conditions of any solar radiation intensity

R (w- m—z) and ambient temperature 7, (°C), the Photovoltaic array temperature 7, (°C) is:
I.=T +t,-R (14)

In the formula , R is the light radiation of the Photovoltaic array and tc(w_1 -m*). In the formula, R is the
light radiation of the Photovoltaic array and ¢ (w ™' -m’) is the temperature coefficient of the photovoltaic

array. Under the reference, /. is the short —circuit current , ¥ is the open-circuit voltage, and 7, V, is

the current and voltage at the maximum power point, then when the photovoltaic array voltage is V', its
current , whereas [ is the following equation represents the equivalence of short circuit current and

temperature coefficient, fundamental to relativity, as follows as :
V

I=1,01-C (e“" -1)) (15)

Where C, represents the dynamic of parameter temperature coefficient, as follows as:

Vv

m

C=(1-11/I)e % (16)

Where C, represents also the dynamic of parameter temperature coefficient, as follows as :

C,=(W,/V,~1)/In(1-1, /1) (17)

In the current research considering solar irradiation and temperature changes, as follows as:
V

I=1_(1-C (e“" -1))+ DI (18)

Where DI are the average of current of solar and photovoltaic array, as follows as:

DI=a-R/R,-DT+(R/R,-1)-I, (19)

Where DV are the average of voltage of solar and photovoltaic array, as follows as:

DV =-f-DT —R,-DI (20)

Where DT are the average of temperature of solar and photovoltaic array, as follows as:

DT =T -T,, 1)

Where R T

s are the reference values of solar radiation and photovoltaic array temperature, generally

ref

1kW/ m’ , 25°C ; where «arepresents : Under the reference sunshine, the temperature coefficient of
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current change (Amps/ ° C); Where [ represents : Under the reference sunshine, the temperature coefficient

of voltage change (V/°C); Where R represents : The series resistance of the Photovoltaic array. An

important parameter for evaluating the performance of photovoltaic cell is the fill factor(FF) which is in [5]:

_ Umlm
Ul

oc™ sc

FF

(22)

The molecule in formula (15) is P, and the fill factor reflects the conversion efficiency of the photovoltaic

array to a certain extent. The maximum conversion efficiency that a photovoltaic can obtain is in Ref [5]:
P

= 23
=D (23)

in
B Photovoltaic Characteristic and Grid Connected inverter

According to the characteristics of solar energy photovoltaic battery monomer equation according to of
certain rules of series and parallel form photovoltaic array change different intensity of illumination and
temperature, we applied as shown in Fig. 9 and as shown also in Fig. 10 of photovoltaic array nonlinear output
characteristic curve is:

25

: 60 —
~ T5=273K S5=TTOOWTmZ
/. N\ $4=1000W/,
- T4=208K  \ sl J
20} \
\\
T3=328K
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_15r T2=348K .
5 / =

g T1=370K 2 30p ]
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Fig. 9 PV cell characteristic curves under different-temperature (S=500W/m?)

(T=273K)

Fig. 10 PV cell characteristic curves under different- illuminations

A control strategy is being developed, the analysis of the PV cell characteristic under different —temperature
and PV cell characteristic under different —illuminations of the data reveals significant trends, the experiment
shows a strong result, as shown in Fig. 9 and Fig.10.

Whereas Topology shows a diagram of three-phase photovoltaic system connected to an inverter. As shown in

Fig. 11:

Copyright © 2025
ISSN: 2961-6611



10th International Conference on Control Engineering &Information Technology (CEIT-2025)
Proceedings Book Series —PBS- Vol 23, pp.203-242

Ude

Py T

TZJ T4J T6J

TlJ@i J@x ’ ]
igbe  Labc Rabc  Eabe

Fig. 11 Three phase photovoltaic grid —connected inverter model

PV represents the photovoltaic panel, C is the DC bus capacitor, T1 toT6 are the six IGBTs of the three
inverter bridge in [6-7]. In the three- phase stationary coordinate system, according to Kirchhoff’s current and
voltage laws, the current and voltage equations of the grid —connected inverter can be obtained as shown in

[7]:

du ;
—de = Zstk (24)
di
L—“+Ri, =u,, —u, —u
dt k kn sk on
(25)
Upy = Uge " Sy,
(26)
ukn = uko +uon
(27)

Di=>u, =0 (28)
k k

Because the load of the photovoltaic inverter is symmetrical, the neutral point is 0. According to equations
(25) (29) it can be obtained:

(29)
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Zuka :Zukn _3uon :0
k k

(30)

Where k =a,b,c, represents the switching state of an inverter bridge: When s, =1 indicates the upper arm

of the PV inverter is on and the lower arm is off, and s, = 0 indicates the upper arm is off and the lower arm

is on. The inverter model in the three-phase stationary coordinate system is straightforward, but time-varying
grid components complicate controller design. To simplify, this paper transforms the model from the three-
phase stationary system to the synchronous rotating (d-q) system with the grid frequency. This conversion
changes AC components to DC, easing control design. First, Clarke transformation converts the three-phase
system to a two-phase stationary system, aligned with phase A of the grid in Ref [8]. Whereas Fig 12 shows

the mathematical model of the photovoltaic inverter under synchronous coordinates, as shown in Fig. 12.

sd Lpv
Usd 1 3] " B Udce
LIS+R1 B 2 sCl =
11d
wli1
wlL1
ilq
Usq 1
LIS*RI
Sq

Fig. 12 Mathematical model of the photovoltaic inverter under synchronous coordinates

When the grid voltage is constant and inverter losses are neglected, the DC voltage of the grid-connected
inverter is proportional to the d-axis component of the output current, and the active power p is also
proportional to this current. Whereas the Fig.13 shows the DC voltage can be controlled by regulating the

active power as shown in [9].
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Fig. 13 Grid- connected inverter control block diagram based on grid voltage orientation
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Whereas the Fig. 13 shows that the grid-connected inverter control system has an outer DC voltage loop and
an inner loop for active and reactive currents. The DC voltage loop stabilizes or adjusts the DC side voltage.
Due to the single-stage topology, the system often faces energy accumulation and DC voltage variations,
which can lead to system collapse. DC voltage feedback can be achieved without static control using a PI
controller. The design of the voltage loop primarily aims to enhance the power supply's ability to withstand
interference with the load and is designed according to a type II system. To reduce overshoot, a filter link can
be added to the reference voltage, or a ramp setting can be used to make the reference voltage change
gradually. Assuming that the three-phase currents are symmetrical, the instantaneous power on the three-phase
AC inductor is zero. We designed the data to determine the correlation as follows as:

du . 3
G d_;C'”dc = Ugelpy _Eedld GD
It is further transformed to:
du, . e, .

v T (32)
Yde " 2u, ¢
Since the values of e, and u,. do not change much —3e, /2u,_, it can be represented by the constant K.

Without considering the DC side disturbance, the transfer functions of active current and Dc voltage are
expressed as follows as:

U,s) K
——=— (33)
I,(s) sC
Let the PI regulator control equation be as follows as:
- K, . s+l .
lq = (Kp + ?)(udc - udc) = Kp (7)(udc - udc) (34)
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Knowing the current closed-loop transfer function, w(s)=1/(37,s+1) and considering the DC voltage

sampling delay (e '"), it can be approximated as 1/ (Ts +1) =1/ (4T, +1) .Combine equations (34) and (35)

to get the voltage open—loop transfer function, as follows :

K, K(rs+1)

o, (s)=
(5) Cirs*(Ts+1)

(35)

According to a typical type Il system design there are:

K,K  h+l1
Cr 272

(36)

T
Taking the intermediate bandwidth, /& = E =5, we get as follows as :

N

© -3G
" 20KT,

(37)

Kp
Ke=or (38)

Design of the current loop PI, the sampling period of the current loop is the PWM switching period, 7, the
data acquisition e and e control delays are respectively, the delay link can be equivalent to
1/(1.5T.s +1). The d and g-axis current control is symmetrical control, so taking the d-axis as an example, S-
domain model of the PI controller is as follows as:

+E _ k,(zs+1)

e — (39)

According to the typical 7,= L/ R , the Figure 5 as shown of the PI controller is as follows :

k
W (s)=—
) RS 5Ts4) 40

Then the PI controller parameters can be obtained as follows as:
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K _Rr, L

T 4D
k

k, = - (42)
T

Where k , and k, are the proportion coefficient and integral coefficient, respectively. In this paper, we

connected the photovoltaic system-inverter to the electricity grid of the Republic of Congo. The schematic
representation of the electricity transmission network, shown in a single-line diagram (see Fig. 14), provides a
detailed overview of the elements of this complex network. This representation is crucial for understanding
the layout and operation of the components that ensure electricity distribution across the country. Firstly, the
network consists of five power generation plants: The Congo Electric Power Plant (CEC) at node (1) located
in the Pointe-Noire department, the Imboulou Power Plant at node (34) situated in the Pool department, the
Djeno Power Plant at node (6) in the Pointe-Noire department, the Moukoukoulou Power Plant at node (19) in
the Bouenza department, and finally, the Djoué Power Plant at node (23) in the Pool department, which is
currently out of service. These plants play a crucial role in generating the energy necessary to supply the
country. They are strategically located at various points across the Congolese territory to meet energy needs in
a balanced manner. The geographical distribution of these plants aims to optimize production and minimize
line losses. Regarding consumption, the network includes 22 loads, representing the various locations where
electricity is used. These loads are primarily localities situated across different departments throughout the
network. Effective management of these loads is essential to ensure a stable and reliable supply to end users.
The network also features 24 transmission lines, which transport the electricity produced by the power plants
to the loads. These lines often cover long distances, requiring rigorous planning and careful management to
maintain distribution reliability. The transmission line infrastructure must be meticulously designed to
minimize interruptions and ensure continuous delivery of electricity. Finally, the network comprises 34 nodes,
which are convergence points for the transmission lines. These nodes play a strategic role in the network by
allowing the redistribution of electricity in various directions. Through these nodes, the network can be
organized in a meshed manner, significantly improving supply security. In the event of a failure or
malfunction in part of the network, the nodes enable the redirection of electricity through alternative routes,

thereby ensuring service continuity.

Copyright © 2025
ISSN: 2961-6611



10th International Conference on Control Engineering &Information Technology (CEIT-2025)
Proceedings Book Series —PBS- Vol 23, pp.203-242

NGO DR
200 20KV

Centrak [
MBOLLOU ﬁ\/lef

Bsh
NGOY 2208V WGK1 220K/ IGK2 220KV 1BOU 220KV
-

B B b Bl e 2701

T

Bust Busit

N8O

110KV

=i 30K

Bic! e—

I NKAY
[VF= 1 0867 pu
A

“\'vm

V0751 Cotale e Cerirle de HOLKOLKOULOU

ﬁ__’g i Gango (CEC) —

Centrale DENO BT e

350
30K

kv

= B2}

§I8C 358 SI8A
30V 1k k1Y)

Fig.14 Power transmission network of the Republic of Congo

The geographic and schematic representation of the electricity transmission network of the Republic of
Congo offers a detailed and precise view of the entire system. It clearly visualizes the arrangement of power
plants, loads, transmission lines, and nodes. Whereas shows this comprehensive view is essential for effective

network management, facilitating its maintenance and future improvements as shown in Fig. 14.

C  Principle of MPPT control based on the Radial Basis Function Neural Network Algorithm

The RBFNN consists of three layers which include an input layer, a hidden layer, and an output layer

arranged in a feedforward structure as can be seen in Fig. 15.
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Fig..15 Controller of Radial Basis Function Neural Network

In the current research we developed a novel approach to improve accuracy Maximum for Power Point
tracking (MPPT), is crucial in photovoltaic (PV) systems to ensure maximum efficiency by dynamically
adjusting the operating point. Traditional MPPT methods( such as Perturb & Observe, Incremental
Conductance) have limitations in dynamic performance and and adaptability under rapiddly changing
environmental conditions. Our approach to function approximation that is closely related to distance weighted
regression and also to artificiel neural network is learning with radial basis function. The typical mathematical

structure for an RBFNN can be expressed in this approach, the learned hypothesis is a function of the form :
()= o®(|x—¢|)+b (43)
i=1

The generated RBFNN automatically determines the number of required neurons on hidden layer through
training, training starts from one neuron. It automatically increases neurons by checking the output error until
the error sum of squares is less than the target error or the number of neurons achieves the maximal set value.

Topology diagram of RBFNN system connected to an MPPT. As shown in Fig.16

I | | [

1 t First Second
by Hidden Hidden Output
layer layer layer

Fig.16 Photovoltaic array Radial Basis Function neural network structure

Whereas shows according to the general principle of the RBF network mapping, the proposed of method RBF
network, for a PV array as shown in Fig.16. This comprises three layers: the input layer, the hidden layer and
the output layer. The input layer consists of a three- dimensional vector X whose elements are radiation,

ambient temperature and load voltage. The output layer has only one element, i.e. the load current, though in

general it can be a vector of any dimension. The hidden layer is composed of M RB Fs ¢, (j=LL ,M) that
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are connected directly to all the elements in the input layer. For a data set consisting of N input vectors
together which corresponding output currents, there are N such hidden units, each corresponding to one data

point.

Thus we have:

Ry,
X'\ rly =1 (n=1,2,L ,N)
Vl’l
(44)

The hidden unit can be expressed as a matrix as follows:

4 HL 9,
®=|¢’ 4L ¢,
M M M
4 4 P
(45)
And the weight vector as follows:
.,k
wo=| 22 F o
M
@, .k
(46)

The function ¢j (X") takes the form of a nonlinear distribution. The one commonly used is the Gaussian

function of the following as:

o [IX=C P
9, (X") =exp — (47)
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Where C, (j=1,2,L ,M),a vector having the same dimension as X, represents the center of the RBF ¢,
and 7is a scalar defining the width of an RBF, sometimes called spread constant(sc). Figl7 shows a typical

Gaussian function response at =1 and -5 <|| X"=C, [|<5.

Radial Basis Transfer Function

! T T T T T
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/ \
/ \

/ \
09— / —

08— / \ —
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fos|- i
04— -
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/ \

01— / \ —

Fig..17 Typical radial basis function response at 7 = 1l and -5< || X" — C/ || <5.

Each element of the output vector (in the Photovoltaic array application it is a scalar) Y" is taken to be

linearly weighted sum of M basis functions given as follows as :
n
K= o g (X)+b, @3)
J=l

Where y;(X") is the kth element of Y" (X"), @, and b, are the weighting factor and bias of the linear

layer, respectively, b,. Compensates for the difference between the average value over the dataset of the

RBFs activation and the corresponding average value of the target outputs. In order to improve the goal
optimization ability of the RBFNN and prevent getting trapped in local minima, a chaotic map is introduced.
The chaotic map is used for parameter initialization or weight optimization common chaotic maps include:

-Logistic map as follows as:

X1 = 4, (1=, (49)

Where 4 is a control parameter and x, € (0,1).
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-Tent map as follows:

B gex <l
amy 2

"ol A, 0
/1 2_ n —=°

Where A €(0,2).The chaotic sequence is used to initialize the weights, bias ,and center parameter of the
RBFNN. With the above described structure, the transformation from the input space to hidden layer is

nonlinear, due to the use of Gaussian functions for RBFs. Whereas Table 1: shows the PV array parameters

predicted by RBFNN on April 1-04-2025 in Congo-Brazzaville. Table 1: shows the PV array parameters

Time Instantaneous Irradiation for one | Temperature
(h) Irradiation hour (°C)

(W/m?) (Wh/m®)
7h 00 68 68 24

predicted by RBFNN on April 1-04-2025 in Congo-Brazzaville.
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8h 00 155 155 25
%h 00 158 158 26
10h 00 204 204 28
11h 00 234 234 29
12h 00 245 245 30
13h 00 568 568 32
14h 00 396 396 34
15h 00 195 195 30
16h 00 271 271 29
17h 00 104 104 28,5

The hidden layer linked to the output layer, however, is linear. The main advantages of this configuration are
that, it keeps the intelligence of modern control theory and the computation relatively enhanced. Training an
RBF network involves determining an adequate number of RBFs and optimal values of the centers, weights

and biases. The criterion is to minimize the sum of squared errors(SSE) defined as follows:
1 n n n
SSE==20 2t = v (51)
n k

Where ¢k (in this application k =1) are the target values of the networks output when the network is

presented with input vector X" . Thus it is often only used to provide a set of starting values for an iterative
process. One of the most commonly used schemes in self organizing approaches the orthogonal least-squares
method which is used in this research to train the PV RBF network, in (e. g. [22], [23]). Values of weights are
also determined at the same time. A straightforward procedure for doing this is to use the pseudo inverse

method. In this case, the formal solution of the weights in matrix form is given by:

w' = [cDT cD]cDTT (52)
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The width parameters 7, of the RBFs maybe calculated by many techniques. One heuristic approach is to

choose all widths to be equal and to be given by about twice the average spacing between the basis function
centers. Whereas Fig. 18 shows in the configuration of training data of network diagram, this ensures that the
basis function overlap to some degree and hence give a relatively smooth representation of the distribution of

training data of network diagram as shown in Fig. 18.

|' Metwork Diagram ]

Training Results

Training finished: Met validation criterion &

Training Progress

Unit Initial Value Stopped Value |Target Value
Epoch 0 7 500
Elapsed Time - 00:00:11 -
Performance 3.26e+11 3.87e+10 0.0001
Gradient 1.1e+12 1.89e+10 1e-07
Mu 0.01 1e+09 1e+10
Validation Checks 0 3] 6

Training Algorithms

Data Division: Random dividerand

Training: Levenberg-Marguardt trainlm
Performance: Mean Squared Error mse
Calculations: MEX

Training Plots

[ Performance ] [ Training State |
|

|' Error Histogram ] [ Regression |

Fig.18 Training data of radial basis function neural network diagram

In order to improve the goal optimization ability of the RBFNN and prevent getting trapped in local minima, a
chaotic map is introduced. The chaotic map is used for parameter initialization or weight optimization

common chaotic.

u
Assumptions 1: The basis band of RBFNN is as o =(o,,L ,0,), 0;1s a variance parameter of a simple pole j,

u
the weighted matrix is w =[«,,L 0.l 0, I". In the extension theory, the matter—element is basic describing

things which is the mathematical model applied to extension, defined as follows as in [12].

Whereas Fig. 19 shows an example of algorithm flowchart with adequate resolution of the schematic diagram
as shown in Fig. 19, a new strategy is being developed on the diagnostics results indicate, as shown in Fig.20.
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Fig. 19 System diagnosis process of chaotic extension neural network

The systems are imported into Radial basis neural network system to obtain the extension classical domain
range of chaos center eigenvalue at current irradiance and temperature, and the recorded voltage is imported
Whereas Fig. 20 shows an example of an acquisition data and control
engineering with adequate resolution of the schematic diagram as shown in Fig. 20.

into the chaos synchronization.

Irradiance
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Temperature
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Fig.20. Schematic diagram of system diagnosis of chaotic extension neural network.
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The neural network consists of multiple layers of neurons; the input end is called input layer and the output
end is called output layer. The hidden layer is between the output layer and input layer Radial basis vector is

m B

20

i

uu . . . . . —
H =[h,L ,h,1", h, is the Gaussian basis function of node / , i.e., h, = eXp{M}

D. Performance of Radial Basis Function Neural Network

The proposed of method was completed increase in accuracy, then the training process involves updating the
parameters of the network to minimize the error between the predicted output and the actual output. The error
function can be represented as follows:

E(k){i O®)—, B )

To optimize the parameters gradient based methods or evolutionary algorithms enhanced by chaos
optimization are employed. Fault diagnosis mechanism, the C-ERBFNN model can be trained on normal and
faulty operating conditions of the PV systems partial shading or degradation. After training, the C-ERBFNN
model can classify new input data into one of these fault categories based on the learned patterns. According
to the gradient descent method, the output weighted vector, the node base width parameter and iterative
algorithm of the node center vector, we have this following equations:

w;(k)=a,(k=1)+n-(y(k) =y, (k) -h; +a[o,(k-1)-o,(k-2)] (54)
where 7] is study ratio€[0,1], & is the factor of momentum. The variation of variance parameters as
follows:

[x—c, |’
Ao, =[(y(k)=y,(k)]o, -h,; BTy (55)
j

Where o,(k)=0,(k-1)+n.Ac; +a[c,(k-1)-o,(k-2)]. In obtaining the voltage signal, the input to the

single neuron RBF is the real power deviation signal and weight adjustment is done in using the error surface
as C. The parameter C used to create the error surface. It follows that

AC, =[y(k) =y, ()], — (56)
O

J

Where AC,, = C,.(k-1)+1.C,, +a[C,(k-1)-C,(k-2)], also a is the factor of momentum, 5 is ratio €[0,1] .
Her-Term Yau as in [9], used a proposed method which is Back propagation, a multilayer feed forward

network, in the basic back propagation training algorithm the weights are moved in the direction of the
negative gradient.

Remark1:( e.g. [1], [2], [3], [4], [5], [6], [7], [81, [91, [12], [14], [19], [22], [23-24]), during training the
weights and biases of the network are iteratively adjusted to minimize the network performance function.
From Egs. (57) and Egs. (60), the RBF network can be viewed as approximating a desired function a function
by superposition of non-orthogonal, bell shaped basis functions. The degree of accuracy of these RBF
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AP
networks can be controlled by three parameters of PV load. As an example The scope E can be calculated

using the PV module voltage and current based on P&O algorithm. The incremental conductance algorithm is
derived by differentiating the PV module power with respect to voltage and setting the results equal to zero.
For a direct control scheme which directly controls the converter switching without external control loops, the
considered step is the change in converter duty ratio AD as shown in Equations (57,58,59,60).

AD =N, % (57)
AP = P(k)— P(k —1) (58)
AU =U(k)-U(k-1) (59)
AD = D(k)—D(k —1) (60)

And N, is the scaling factor tuned at the design stage to adjust the conventional step—size AD to compromise

between tracking accuracy as in (e.g.[10],[18] ) and its convergence speed.
E. Figures and Tables

This study purpose to remedy the defect of unavailable diagnosis at varying irradiance and temperature in the
literature in [9], the RBF neural network is adopted. Fig. 20 is showing that the schematic diagram of system
diagnosis at varying irradiation and temperature parameters. Whereas the figure shows an example of the I-V
and P-V characteristic curves are different in different states luminous radiation power, irradiance is a measure
of the power of luminous radiation received per unit area. In other words, it is the amount of light energy
falling on a given surface per unit of time Fig. 21 and Fig. 22 as shown the evolution of luminous radiation
power per unit area in (e.g. [12], [23]). Fig.23 as shown that is used for controlling the voltage of the
converters to grid —connection. Fig.24 is showing that the MPPT of RBFNN method by comparing the
training of data. The fault category is the short circuit in the solar panel of photovoltaic array, one normal state
and fault state, as shown in the Fig. 26, the additional noise makes the kinematic trajectory of chaos system
easier to be identified. Fig. 28 is showing that the system diagnostic of chaotic analysis neural network based
on fault diagnosis on MPPT of RBFNN normal operation and fault operation power, current and voltage

variation.
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Fig. 21 Partial shading conditions under different luminous radiation power

It is observed from Fig.22. that the luminous radiation power is approximately 220 W for an irradiance of 500
W/m?, which corresponds to a surface area of 0.4 m?.

It is also noted that this radiation power decreases proportionally with the irradiance. Current variation with
irradiated area, an increase in irradiance results in an increase in current for all voltage values, illustrated as
shown in Fig. 23 Below.
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Fig.22 Partial shading conditions under different current variation with irradiated area

It is observed that when the irradiated area of a photovoltaic panel decreases, the total number of photons
captured by the panel also decreases. This reduction in the number of photons received leads to a decrease in
the current produced by the panel.

Adjusting the duty ratio is essential to maximize energy efficiency by regulating the energy extracted from the
solar panel, ensuring that the system operates near its maximum power point (MPP) under varying sunlight
conditions. Pulse Width Modulation is used for controlling the voltage of the converters, as shown in Fig. 23.

Fig.23 Sine Pulse width modulation

It is observed that Additionally, by using a sinusoidal reference, the inverter can operate more smoothly and
efficiently, which is essential for maximizing the energy yield of solar panels and ensuring the stability of the
power system. Adjusting the modulation index allows for precise control of the output voltage, which is
especially useful under varying sunlight and temperature conditions.

This reduction in the number of photons received leads to a decrease in the current produced by the panel. As
shown in Fig. 24 shows the variation of the duty cycle. Is also a technique used in inverters to generate an
output of AC voltage from an input of DC with the help of switching circuits to reproduce a sinewave by
generating one or more square pulses of voltages per half cycle.
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Fig.24 Sine Pulse width modulation

The duty cycle determines the duration of the switch is on, thus influencing the voltage and current of the PV

system.

It is observed that the MPPT of RBFNN method by comparing, the results indicate a significant increase in
accuracy, the experiment shows a strong correlation as follows in Fig. 26 and Fig. 27. In this study, a novel
approach was developed to improve accuracy for training data-actual predicted and testing data actual
predicted. The data were analyzed to determine the correlation, as shown in Fig. 26 and Fig. 27.
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Fig.26 Training data actual and RBFNN predicted power under different voltage variation Fig.27 Testing data actual and RBFNN predicted

power under different voltage variation

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, the results indicate a significant increase in accuracy, a new strategy is being developed, the
analysis of the data reveals significant trends, the experiment shows a strong correlation, as shown in Fig. 28.
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Fig. 28 Solar photovoltaic fault diagnosis on MPPT of RBFNN normal operation and Fault operation power, current and voltage variation

It is observed that, in this study a novel approach was developed to improve accuracy of the power, current
and voltage on solar photovoltaic fault diagnosis, the analysis of the data reveals significant trends, a new
strategy is being developed, the analysis of the data reveals significant trends, the experiment shows a strong
correlation, as shown in Fig. 28.

Whereas a novel approach was developed to improve accuracy for RBFNN based on MPPT vs Conventional
MPPT predicted as shown in Fig. 29.
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Fig.29 Solar photovoltaic fault diagnosis on RBFNN based on MPPT vs Conventional MPPT predicted operation and Fault operation on power and
voltage variation

It is observed that, in this study a novel approach was developed to improve accuracy on RBFNN based on
MPPT vs Conventional MPPT predicted on solar photovoltaic fault diagnosis, a new strategy is being
developed, the analysis of the data reveals significant trends, the experiment shows a strong correlation, as
shown in Fig. 29.

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a comparison of PV tracking the results indicate a significant increase in accuracy, a control
strategy is being developed, the analysis of the data reveals significant trends, as shown in Fig. 30.
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Fig. 30 Comparison of PV on Maximum Power Point Tracking and RBFNN Predicted Power

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a comparison of PV tracking the results indicate a significant increase in accuracy, a control
strategy is being developed, the experiment shows a strong correlation, as shown in Fig. 30

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a radial basis functional neural network prediction of mean square error based on data
collection: simulate or measure PV data under varying conditions, a significant increase in accuracy of the
performance of data which is a system diagnosis of chaotic analysis neural network, a control strategy is being
developed, the analysis of the data reveals significant trends, as shown in Fig. 31.
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Fig. 31 System Diagnosis of Chaotic Analysis neural network
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It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a performance of data which is a system diagnosis of chaotic analysis neural network, the
results indicate a significant increase in accuracy, a control strategy is being developed, the experiment shows
a strong correlation, as shown in Fig. 31.

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a radial basis functional neural network of training, testing and validation, a significant
increase in accuracy of the performance of data which is a system diagnosis of chaotic analysis neural network,
a new strategy is being developed, the analysis of the data reveals significant trends, as shown in Fig. 32.
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Fig. 32 Training and Testing of RBFNN System on PV and fault diagnosis

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a performance of data collection simulates or measures PV data under varying conditions, a
control strategy is being developed, the experiment shows a strong correlation, Training and Test as shown in
Fig. 32.

It is observed that, in this study a novel approach was developed to improve accuracy training and testing of
best validation performance on solar photovoltaic fault diagnosis, a radial basis functional neural network, a
significant increase as shown in Fig. 33.
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Best Validation F is 1516.5374 at epoch 0

Mean Squared Error (mse)
3
I

Fig. 33 A performance of mean square error a comparison of data collection,

It is observed that, in this study a novel approach was developed to improve accuracy on solar photovoltaic
fault diagnosis, a performance of mean square error comparison of data collection, a control strategy is being
developed, the experiment shows a strong correlation, the analysis of the data reveals significant trends, as
shown in Fig. 33

Whereas in Fig. 34 shows the MPPT conventional based on Photovoltaic system, it is observed that, in this
study a novel approach was developed to improve accuracy on solar photovoltaic to track that MPP.

MPP

Power [W]

Voltage [V] “:\d_pp
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Fig.34. MPPT Algorithm

AP
Where as an example shows, the scope E can be calculated using the PV module voltage and current based

on P&O algorithm. The incremental conductance algorithm is derived by differentiating the PV module power
with respect to voltage and setting the results equal to zero. For a direct control scheme which directly
controls the converter switching without external control loops, the considered step is the change in converter
duty ratio AD as shown in Egs. (61,62,63,64).

AD = N, % (61)

AP = P(k)— P(k 1) (62)
AU =U(k)-U(k-1) (63)
AD = D(k)— D(k 1) (64)

And N, is the scaling factor tuned at the design stage to adjust the conventional step—size AD to compromise

between tracking accuracy as in [10,18] and its convergence speed.

Whereas the proposed of method of thr perturbation and observation is shown in Fig. 35 and also the proposed
of method of the incremental conductance method is shown in Fig 36.The main advantage of using the
incremental conductance mehthod as in (e.g. [10],[11] ) is that the control strategy, robust and optimal
stability of the MPPT is high.
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MPPT Perturbation and Observation Algorithm
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Fig. 36 MPPT Incremental Conductance Algorithm
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Whereas the neural network shows of multiple layers of neurons; the input end is called input layer and the
output end is called output layer. The hidden layer is between the output layer and input layer as shown in Fig.
37

] . ]
,,,,,,,,,, IEr s
PRI et .
& el e T e el

Fig. 37 Three-dimensional diagram of normal chaotic dynamic error at 1000W/m?

Performance evaluation techniques are discussed on the basis of the dynamic parameters of the PV system
although the control of this structure is relatively advanced technology but the conversion efficiency is
difficult to improve due to increase in transformation series. The range of extension field was determined by
neural network numerical simulations are implemented for illustration and verification of the effectiveness of
radial basis function neural network control strategy which are MPPT algorithm and inverter control to the
electrical grid of Republic of Congo and their influences on the dynamic performance of the system and their
impact in reducing the harmonic rate for better injection into the grid, compared the diagnostic rates with the
results by others. Whereas these harmonics can be reduced by filters to improve the quality of the AC

waveform and, consequently, the active power as shown in Fig. 38 illustrates the harmonic distortion rate.
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Fig. 38 Harmonic distortion rate.

IV. CONCLUSIONS

A case study has been conducted to highlight certain performance issues of MPPT (Maximum Power Point
Tracking) Algorithm. This study presented a representative model of a three-phase photovoltaic system
connected to the electrical of the grid-connected of the Republic of Congo, aiming to diagnostic the MPPT.
We applied the Radial Basis Function Neural Network (RBFNN) method, by comparing while Perturbation &
Observation and Incremental Conductance compares the attributes of various conventional, significance and
novelty of proposed on control strategy, the RBFNN system is integrated into the control scheme of the grid —
connected PV system. The range of extension chaotic field of diagnosis was determined by Radial Basis
Function Neural Network numerical simulations are implemented for illustration and verification of the
effectiveness of Radial Basis Function Neural Network control strategy which are MPPT Algorithm, tracks
the maximum power point using RBFNN the input variables, Irradiance and Temperature are mapped to an
optimal duty cycle and inverter control for a three —phase signal grid connected inverter based on real time
gird conditions Voltage and frequency synchronization. A model of three single-phase PV grid-connected
system is built, and simulation results show the RBFNN MPPT algorithm has excellent dynamic and static
performances, which verifies fault diagnosis method is effective for RBFNN MPPT Algorithm in the single-
stage and three single-phase PV grid-connected system.

A robust and optimal control system of the proposed of method have improved on incremental conductance
algorithms, perturbation and observation control techniques, and other maximum power point tracking
(MPPT) algorithms in normal and partial shading conditions and observed an improvement in the performance
of the grid-connected photovoltaic system.

To minimize potential perturbation errors of the RBFNN algorithm because of the improved of the
incremental conductance algorithm due to rapid irradiation changes also better than P&O algorithm low cost,
the fundamental harmonic frequencies are in the range of 0 to 100 Hz, with a total harmonic distortion rate of
11.69%. Although this harmonic distortion rate has seen high, this paper proposes an enhanced MPPT with
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chaos extension radial basis function neural network of Maximum Power Point Tracking (MPPT) algorithms
based on fault diagnosis method in single-stage three-phase photovoltaic (PV) systems connected to the grid
of Congo-Brazzaville by others. The steady —state and dynamic responses are illustrated according to the
chaos extension radial basis function neural network of Maximum Power Point Tracking (MPPT) algorithms
and advanced circuit structure and appropriate control strategy PV Grid connected with the high cost and low
efficiency, we have investigated the enhanced MPPT with chaos extension radial basis function neural
network of Maximum Power Point Tracking (MPPT) algorithms based on fault diagnosis method in single-
stage three-phase photovoltaic (PV) systems connected to the grid of Congo-Brazzaville. In the future we will
consider the adaptive of RBFNN on fault diagnosis method in single-stage three-phase photovoltaic (PV)
systems connected to the grid of Congo-Brazzaville
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