
ICIC Express Letters
Part B: Applications ICIC International c⃝2024 ISSN 2185-2766
Volume 15, Number 2, February 2024 pp. 129–138

REFERENCE PHOTOVOLTAIC (PV) MODEL BASED MAXIMUM
POWER POINT TRACKING CONTROL SYSTEMS

WITH ARTIFICIAL NEURAL NETWORK

Yunita Arum Sari1, Asminar2, Putri Aisyah Kurnia1, Sri Mawar Said1

Dewiani1 and Syafaruddin1,∗

1Department of Electrical Engineering
Universitas Hasanuddin

Jl. Poros malino Km. 6 Bontomarannu, Gowa, Sulawesi Selatan 92127, Indonesia
Yunita.arumsari@cimbniaga.co.id; kurniapa23d@student.unhas.ac.id

{ srimawarsaid; dewiani }@unhas.ac.id
∗Corresponding author: syafaruddin@unhas.ac.id

2Department of Electrical Engineering
Universitas Halu Oleo

Kampus Hijau Bumi Tridharma Anduonohu, Jl. HEA Mokodompit Kendari
Sulawesi Tenggara 93232, Indonesia

asminar.ft@uho.ac.id

Received April 2023; accepted July 2023

Abstract. Irradiance and temperature have a considerable influence on photovoltaic
(PV) performances. The PV properties and position of the array’s optimal operating
point (MPP) vary when a tiny section of a solar array is shaded. In this condition,
traditional control algorithms just follow the local peak power point and are incapable of
extracting the maximum power from the PV array. Due to variations in optimal output
power and voltage from the local maximum point, a partially shaded PV array might
cause the maximum power point controller to fail. The precise optimal voltage should
be given as the reference for the controller-based voltage to improve control responses on
large variations in operational voltage. The intelligent system based multi-layer perceptron
neural network is used in this study to identify the ideal output power, and the optimum
voltage is easily obtained by dividing the optimum output power by the PV array’s load
current. This paper presents a control technique to address the shading issues. Because
it does not require knowledge of internal system characteristics, the dynamic PV model
performance is supported using a neural network. The neural network is fed from daily
data collections of the average sunlight intensity on selected panels. The optimal power
and voltage were successfully simulated in various linked PV array topologies.
Keywords: Solar panel systems, Three-layered feed-forward network, Shading patterns,
PV topologies, Performance index

1. Introduction. The increase in energy demand and environmental problems global-
ly motivates the improvement research and development activities in renewable energy
sources. Photovoltaic (PV) power is currently considered to be a renewable energy source
and it generates electricity by the direct conversion of the sun’s energy. A great deal of
research has been supported in this field over the last few decades [1,2]. As a result, there
are still open challenges to enhance the quality indicators of PV systems of reliability and
efficiency and to reduce the operational and maintenance costs. One of the opportunities
is to obtain much more power output of systems in overall weather conditions including
the partial shading conditions when reduced irradiance is absorbed by some modules of
PV array. The optimal output power and voltage will be highly useful knowledge in the
future to implement in many research projects. The optimal output power can be utilized
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to predict the power/energy production of solar panels, whilst the optimal voltage might
be utilized to create a voltage control signal for maximum power point management.
The mathematical modelling of the solar module’s output characteristic is non-linear,

and its output power characteristic is convex; therefore, artificial intelligence rules for the
maximum power point may be simply developed as control algorithms. One method based
on artificial intelligence is an artificial neural network (ANN). The ANN method has be-
come an attractive option in solving estimation and optimization in engineering problems.
The advantages of this method compared to conventional computational methods are sim-
ple and it has good pattern recognition capabilities [3,4]. By using the ANN method, the
internal knowledge parameter of a system is no longer needed, the computational process
is fairly enough and the method can be used to solve multi-objective problems [5]. In some
cases, it only takes the data training process to get the optimal solution without solving
non-linear mathematical equations or making statistical assumptions as commonly used
in conventional optimization methods [6]. Therefore, the ANN technique has proven to be
suitable for system modeling, process identification, optimization, prediction, forecasting
and control of complex systems.
Because the power and energy production of solar panels are variable owing to fluctua-

tions in sunlight intensity and ambient temperature, their output power and energy should
be estimated. The artificial neural network method has been intensively used to track the
maximum point of a photovoltaic system. The three-layered feed-forward neural network
(TFFN) type is very simple to utilize as the fault diagnosis and classification methods
considering multi-output tasks [7,8]. However, this multi-layer perceptron (MLP) struc-
ture is sometimes constrained by slow computational efforts during the training process.
Despite the fact, the TFFN structure is the most popular structure among all artificial
neural network structures used for the optimization of photovoltaic systems. In order
to maximize the performance of the TFFN structure in relation to achieving the con-
vergence level during the training process, the selection of data for the training process
is important. Meanwhile, the radial basis function (RBF) method is used for controller
reference in maximum power point tracking applications of solar pumping systems [9].
For the efficient technique, the RBF structure can be used to determine the output effi-
ciency and maximum power point tracking control of photovoltaic systems [10]. In terms
of the adaptive neuro-fuzzy inference system structure, it seems that it is rarely used
for optimization processes in photovoltaic system applications, except for one study that
attempted to carry out a training process to determine the estimated sunlight intensity
and ambient temperature [11]. In terms of real-time modeling and simulation, artificial
neural networks have been considered an established method to evaluate the performance
of high-scale of grid connected solar panels [12]. All of the above facts show that the
artificial neural network method is still quite interesting to be developed for the process
of control and optimizing output of photovoltaic systems.
The goal of this study is to use the ANN approach to calculate the optimal power point

of a PV array under shading conditions. One of the current problems in the non-uniform
sunlight intensity conditions is the decreasing performance of power tracking control to
enhance the output energy conversion of solar panel operation. The performance designed
control is mostly operating around the local maximum point; however, they fail to detect
the shifting point during shading conditions. By promoting the optimal voltage as the
voltage reference via artificial neural network approach, it drives the controller to perform
control signal around the optimum voltage. In this research, the optimal output power
is determined directly from the ANN output, but the optimum voltage is produced by
dividing the optimum power by the load current of the PV array. This procedure is
incredibly easy because no additional equipment is required. The findings of the proposed
method can help to improve the controller performance to the point near the optimal
voltage in overall environmental conditions.
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The article is organized as follows. The literature and critical reviews about the utiliza-
tion of artificial neural network as one of the popular techniques for the estimation and
prediction of output parameters of PV systems are consecutively explained with recent
references in Section 1. Then, the benchmarking of our proposed method with different
PV array connections and proposed artificial neural network is presented in Section 2.
The following Section 3 outlines the control performance of the proposed method includ-
ing the discussion for different scenarios. Finally, the conclusion of this study is given in
Section 4 with the summary of important results and the stated potential further study.

2. Benchmarks of Proposed System. PV modules are constructed in different con-
figuration of array of photovoltaic cells with a maximum power point (MPP). In Figure
1, the proposed system comprises solar panel model and neural network structures. The
input signals are the irradiance intensity (Em) in W/m2 and the temperature of cell (Tc)
in degrees Celsius, while the output terminal may monitor three dc output parameters:
Vdc, Idc, and Pdc. Only the power at maximum power point is chosen as the goal output
from the ANN block in order to fulfil the optimal output power (Pdc

∗) as a function of
Em and Tc during the neural network training process. Another goal of this research is
to determine the optimal voltage (Vdc

∗), which can be calculated by simply dividing the
optimum output power by the load current. The optimal output power (Pdc

∗) and voltage
(Vdc

∗) are highly useful information for determining the estimated output power of PV
systems and the reference of voltage for maximum power point regulation, respectively.

Figure 1. Schematic diagram of the proposed systems

2.1. Configuration of PV systems. The PV array is made up of 3×3 mono-crystalline
Silicon modules with connections of SP, BL and TCT. The technical benefit of this solar
module is the capacity to provide high energy conversion performance in low sunlight
intensity by structured pyramidal textured surface. Table 1 shows the electrical specifi-
cations of this module under regular test conditions.

Table 1. Electrical data of mono-crystalline Silicon modules

Current at maximum power point (Impp) 3.15 A

Voltage at maximum power point (Vmpp) 17.4 V

Short-circuit current (Isc) 3.45 A

Open-circuit voltage (Voc) 21.7 V

Power at maximum power point (Pmpp) 55 W

STC: AM function = 1.5; Eo = 1000 W/m2; To = 25◦C
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According to the previous study, the PV array model may be built using three alter-
native connections, i.e., SP, BL, and TCT [7,8]. Figure 2 depicts these linked arrays. In
series connected solar panels and they are shaded; the shaded panels will prevent and
compel the produced current of the normal panels to follow the shaded ones. Current
routes are constructed by attaching extra wires to the module connection, and the output
current of non-shaded panels flows to the output terminal. Large amount of power is ex-
pected to be extracted when panels are shaded. However, the approach is only applicable
in limited situations. For example, if just M1 is shaded, the BL and TCT connections
can still send much output power. When modules M1 and M2 receive less intensity of
sunlight, only the TCT connection can transmit significant power output. When the M1
to M3 are shaded, there are significant impacts of connection to the power losses because
the shaded modules are blocking the output power from the non-shaded ones.

Figure 2. Different PV array topologies

In this study, the created PV array’s input is changed for connection to the ANN
block. Normally, pyranometers are used to measure both the irradiance level and the cell
temperature in each module. Only four sets of pyranometers are employed to measure
the average of incoming irradiance level (Em) on selected modules to limit the amount of
equipment. In the case of cell temperature, it is fixed to be constant at 50◦C since the
temperature of solar panel increases to significant level above the surrounded temperature
with extremely modest variations in normal solar panel operation. Figure 3 depicts the
adjustment of the measured irradiance level.

Figure 3. Modification of irradiance measurement for ANN input

In Figure 3, E1, E2, E3, and E4 are the averages of the incoming irradiance levels on
the modules (M1, M2, M4, M5), (M2, M3, M5, M6), (M4, M5, M7, M8), and (M5, M6,
M8, M9), respectively.

2.2. Configuration of artificial neural network. Because of its strong pattern recog-
nition capability, ANN has recently been used as an estimating approach in a variety
of engineering domains. In this case, multi-layer perceptron neural network as shown in
Figure 4 is used to compute the estimated power (Pdc

∗) of solar panels: an input, a hidden
layer, and an output layer. The input layer is made up of nodes for the average irradiance
levels E1, E2, E3, and E4, as well as a bias signal of 1.0. The average irradiation is taken
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Figure 4. The ANN configuration

from normal irradiance measurements from 6:00 a.m. to 6:00 p.m. The number of nodes
in the hidden layer is determined by the training process’s minimal error. The predicted
output power is provided by the output layer.

For the reference PV model, different network sizes have been implemented by varying
the number of nodes and hidden layers. The optimum network is realized with three-
layer feed-forward neural network with sigmoid activation function. The input layer has 4
nodes, the hidden layer has 11 nodes, and the output layer has 1 node. The input layer in
this case consists of a four-dimensional vector of irradiance profiles and the output vector
is single dimensional vector of power at maximum power point of PV array. All data
are scaled down to the range {−1; 1}. The learning stage of the network is performed by
updating the weights and biases using conjugate gradient back propagation. With the
proposed neural network model, the PV equivalent circuit parameters can be determined
easily using the irradiance profile signal as input without knowing any other physical
parameters. Then these parameters are used in the plant PV model.

The sigmoid function is used for the input-output properties of the nodes in the hidden
layer. The output Oi(k) for each node i in the hidden and output layers is as follows [13]:

Oi(k) =
1

1 + e−Ii(k)
(1)

In Equation (1), Ii(k) denotes the input signal to node i at the kth sample. The weighted
sum of the input nodes yields the input Ii(k) as follows:

Ii(k) =
∑
j

wij(k)Oj(k) (2)

where wij is the weight of the link from node j to node i and Oj(k) denotes the output
from node j.

The training process is conducted to precisely determine the optimal output power and
the connection weights wij must be computed using common patterns. The pattern of
input-output for training process is quite necessary. During training process, the weights
wij are iteratively tweaked until the best vector for the matching of input-output data
is attained based on the minimum value of the sum of the squared errors (E) which is
calculated as follows:

E =
N∑
k=1

(t(k)−O(k))2 (3)
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where N represents the total number of training patterns, t(k) represents the kth target
output from the output node, and O(k) represents the calculated value. The connection
weights wij are first set to random values. The error function is assessed for the patterns
of data training, and the weights wij are modified to the minimum error in Equation (3).
Table 2 shows how the training data set for input-output was arbitrarily picked on three

separate PV array connections based on criteria to improve learning data recognition. The
power at maximum power point for the provided situation is the training process’s target
output. Due to these input-output constraints, there are approximately 370 of input-
output data combination, which encompass uniform irradiance settings ranging from 100
to 1000 W/m2. The learning and momentum rates are set to 0.2 and 0.85 during the
training phase, respectively.

Table 2. Scenarios of training data set

Reference irradiance

(W/m2)
Arbitrary shaded patterns (W/m2) on selected modules

1000 100; 200; 300; 400; 500; 600; 700; 800; 900

900 100; 200; 300; 400; 500; 600; 700; 800

800 100; 200; 300; 400; 500; 600; 700

700 100; 200; 300; 400; 500; 600

600 100; 200; 300; 400; 500

500 100; 200; 300; 400

400 100; 200; 300

300 100; 200

200 100

The total minimum error throughout the training procedure is used to determine the
number of hidden nodes (nh). When the number of hidden nodes is 11, the overall mini-
mum errors for all connections of solar panel are about 0.03. It signifies that all connection
weights wij have the same dimension. Because the additional wiring only distinguishes
these connections, a single set of weights may be chosen to represent all connections
following the index (J), which is stated as follows:

J =

∫
(Pdc

∗ − Pdc)dt (4)

where Pdc
∗ denotes the estimated optimal output power and Pdc denotes the actual output

power. This index was generated using three alternative sets of weights on the irradiance
variation displayed in Figure 5.

Figure 5. Typical one-day irradiance measurement
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Table 3 shows the total outcomes of the training process. The weights acquired from
the BL training data set might be used to represent the three PV array connections based
on the index result. With a single group of weights, there is no longer any association
between the kind of connection and the output characteristics of the PV array. Figure
6 depicts the simulation result of optimal output power and voltage by utilizing these
weights in BL connection under normal irradiance conditions.

Table 3. Summary results of training process

Parameters
PV array connections
SP BL TCT

nh 11 11 11
SSE 0.03191 0.032 0.0298
J 12.07 10.68 54.85

Figure 6. Performance of BL connection under normal conditions

3. Results of Controller Performance. The control outcomes will demonstrate the
usefulness of the neural network method in determining the estimated power and voltage
of solar panels under shading conditions. The technique can perform relatively accurately
under different non-uniform irradiance conditions and a vast region of shade in solar panel
configuration by employing a single set of weights as a consequence of the training process.
The shading scenarios in this result were set arbitrarily from 10:00 a.m. to 15:00 p.m. as
the peak time operating of the PV array with 25%, 50%, and 50% of light intensity
entering the modules. The shading regions of arrays are also evaluated from small (1M),
medium (5M), to large (8M).

The first result illustrates the performance of controller on the solar panel with series-
parallel with 5 modules shaded. Because of the presence of about three maximum points,
this shaded area of modules might be regarded one of the worst cases. Furthermore, with
lower light intensities, the optimal voltage might drop to a lower level, reducing output
power. If modules only get 25% of the maximum light intensity, the optimal voltage
drops from 40V to 30V and the optimum output power drops by nearly 4 times. Figure 7
clearly shows that even with extensive shade, the best power and voltage conditions can
be tracked although the voltage is shifting far away from the normal maximum point.
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Figure 7. Performance of SP connection with 5 modules shading

In other scenarios, only M1 receives 25%, 50%, and 75% of the light intensity in a BL
connection. Because just a tiny portion of the array is under shadow, this shading pattern
is dubbed light shading. As a result, output power decreases less significantly while voltage
remains at its local maximum. Figure 8 again demonstrates that the proposed technique
may approach the best-fit power and voltage near the local maximum point.

Figure 8. Performance of BL connection with 1 module shading

The controller performance on the total cross-tied connection is simulated with 8 mod-
ules shading. Despite the fact that this shading pattern is characterized as wide shading
area, the reference voltage does not deviate from the local maximum point. In this case,
only the output power is greatly lowered. It is because the PV array nearly always oper-
ates in a uniform irradiance state with extremely low light intensity. Figure 9 depicts the
efficacy of the proposed method for determining the optimal output power and voltage
under these conditions.
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Figure 9. Performance of TCT connection with 8 modules shading

The implementation of our proposed method is noticeable when solar panels are grid-
connected installation where daily, monthly, and annual projections are critical for plan-
ning the operation of the entire power grid. The predicted output power is particularly
valuable in stand-alone and hybrid systems for optimal operation of balance of system
components. Furthermore, the scheduled operation of various power plants may be care-
fully set for supply dependability and cost savings. Meanwhile, the prediction of energy
output of solar panels might gain the significant revenue in solar energy project.

4. Conclusions. The optimal operating point of a PV array under partially shadowed
conditions was determined using an artificial neural network (ANN) technique. The opti-
mal output power is determined directly from the ANN output, but the optimum voltage
is produced by dividing the optimal output power by the load current. Following the
training procedure, a single set of weights is successfully acting on the PV array’s SP,
BL, and TCT connections. The study results have a number of implications, such as fore-
casting the power and energy output of solar panels and the readiness of voltage signal
near the optimum voltage. Therefore, the findings of this study can help to improve the
MPP control algorithms to the point where they perform properly in both uniform and
non-uniform irradiance situations. For further study, the scheduling of various generation
units in hybrid systems may be determined based on supply dependability and cost sav-
ings to gain the solar energy investment by using the precisely predicted output energy
of PV arrays.
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