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Abstract
In this paper, a metaheuristic optimized multilayer feed-forward artificial neural network (ANN) controller is proposed to
extract the maximum power from available solar energy for a three-phase shunt active power filter (APF) grid connected
photovoltaic (PV) system supplying an arc welding machine. Firstly, in order to improve the maximum power point (MPP)
delivered by PV arrays and to overcome the drawbacks in the conventional MPPT method under irradiation variation, a
hybrid MPPT controller is designed, in which the input parameters include the PV array voltage and current, and the output
parameter is the duty cycle of the DC/DC boost converter. The proposed approach abbreviated as ANN-ACO MPPT
controller is based on an ant colony optimization (ACO) algorithm which is useful to train the developed ANN and to
evolve the connection weights and biases to get the optimal values of duty cycle converter corresponding to the MPP of a
PV array. Secondly, aiming to meet the various grid requirements such as power quality improvement, distortion free
signals etc., a three-phase shunt APF is utilized, and a direct power control algorithm is designed for distributing the solar
energy between the DC-link capacitor, arc welding machine and the AC grid. Finally, the performance of proposed control
system is confirmed by simulation tests on a 12.2 kW PV system. Both simulation and experimental results have
demonstrated that the deigned ANN-ACO MPPT controller can provide a better MPP tracking with a faster speed and a
high robustness with a minimal steady-state oscillation than those obtained with the conventional INC method. Also, with
the use of a three-phase shunt APF, all the power fluctuations from the arc welding machine disturbances are damped out
and the output active and reactive power become controllable.
Keywords Solar photovoltaic (PV) system  DC/DC boost converter  Three-phase shunt APF  Hybrid ACO-ANN MPPT
control  Feed-forward artificial neural network (ANN)  Ant colony optimization (ACO) algorithm  Arc welding
machine  Total harmonic distortion (THD)
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Welding process has been widely utilized in manufacturing
technologies and it gained more importance in industries
[1]. Different kinds of welding process were developed,
such as the gas welding, resistance spot welding, arc
welding, newer welding, solid state welding, and so on.
Among all these welding kinds, more attention and popularity is focused on arc welding in recent years because of
its flexible automation, and high efficiency [2]. Arc welding power supply (AWPS) is a device that provides an
electric current to perform welding. The main task of a
modern arc welding is to develop an economical and efficient AWPS with unity power factor (PF) [3], which
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process the limit for the input harmonic current emissions.
A single-phase half/full-bridge buck converter with
uncontrolled six-diode bridge rectifier installed at the point
of common coupling (PCC) has been extensively used for
interfacing arc welding machine with the AC grid. These
have led to several power qualities (PQ) disturbances at the
AC grid, such as non-sinusoidal input current (THD of
consumption current about 50–60%), voltage fluctuations,
low power factor (PF ranges from 0.4 to 0.7) [4], and
flicker, which increasing the energy losses, degrading the
reliability of electrical equipments connected to the arc
welding machine, creating interference in power lines and
affecting the arc welding process quality.
To overcome these drawbacks with conventional
AWPS, different topologies based-AWPS have been
introduced to meet the PQ requirements and the stringent
international restrictions, such as EN 61000-3-2 and IEEE
519-1992. Generally, these topologies cans be classified
into three broad categories; passive filters, active power
filters (APFs) and power factor corrections (PFCs). The
purpose of these topologies is to make the input current a
pure sinusoidal waveform, so as to reduce the THD. The
use of passive filters at the input side reduces the THD of
the input line current, but the PF at the input AC-side
remains low. In addition, the losses as well the size of the
AWPS also get augmented, which is accentuated for higher
power ratings. Boost circuit based AWPS has been investigated by Casanueva et al. [5]. to get PF correction at the
input AC-side. Diode bridge rectifier being a rich source of
harmonics, is unfit to be utilized in any system such as arc
welding, where stringent international power quality standard norms are to be followed. It has also been evolved
from the existing literature that so far a three-phase shunt
(APFs) based AWPS has not been considered by the
researchers. Thus, an effort has been made in this article to
decrease the source current harmonics and to achieve a
high PF at the PCC via a three-phase shunt APF circuit at
the front end of the arc welding machine. The selection in
favor of shunt APF is obvious apparent in view of the nonstationary loads due to the arc welding process. Shunt APF
is a shunt coupled device effectively for mitigating power
quality issues related to AWPSs along with reduction in the
rating [6]. Usage of such devices for AWPS makes it
possible to ensure the power supply electromagnetic
compatibility with the power grid and to improve its energy
efficiency. The three-phase shunt APF is also employed to
suppress voltage harmonics, to adjust terminal voltage, to
eliminate voltage flicker, and to improve voltage balance in
three-phase supply systems [6]. In operation, the shunt APF
injects the current in the same amplitude but in opposite
phase of the load current to mitigate the harmonic of the
source current and compensate for reactive power, simultaneously. In this way, the purpose of this paper can be
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formulated as to develop a novel topology of AWPS
associated with a three-phase shunt APF, which is utilizes
Direct Power Control (DPC) technique to achieve both
harmonic and reactive power compensations. The DPC
method has received a wide interest due to its simplicity
and very fast power dynamic response [7]. with this control
strategy, the considered shunt APF is able of providing fast
corrective action, even with dynamically changing AWPS
(local nonlinear load).
In recent years, it has been marked that grid integrated
PV system has proved to be prominent in providing continuity of power supply under serious power quality
problems of the power grid [8]. With respect to increasing
rate of distributed generation penetration (DPG), this work
also aims to investigate the application of shunt APF in arc
welding machine associated with a distribution network
that employs solar photovoltaic (SPV) systems as the
source of electrical power. Solar power is one of the most
promising forms of renewable energies as it is directly
electric power source, daily available and environmentfriendly [9]. A combination of PV generating system,
AWPS, and shunt APF forms a power distribution system
that could be utilized in industrial and domestic appliances.
On one side, the proposed distribution system should be
capable of receiving the maximum sun rays that they are
exposed to throughout the day and converting it to electricity with high efficiency. On the other side, it is important to track the maximum power point on PV solar energy
systems under adverse weather conditions and local nonlinear load variations.
Here, in order to optimize the ratio between output
power and installation cost, a DC/DC boost converter must
be employed to extract maximum available solar energy
from the PV units as it has low input current ripple and
high power tracking capability compared to other DC/DC
converters. In this situation, a DC/DC boost converter feeds
a shunt APF with the converter output voltage via a DClink capacitor. To date, various methods have been developed and implemented in literature to regulate the duty
cycle of the DC/DC boost converter for maximum power
point tracking (MPPT), such as Hill Climbing (HC) technique [10], Perturb-and-Observe (P&O) technique [8],
Incremental Conductance (INC) technique [11], Constant
or Fractional Current/Voltage technique [12], Fuzzy Logic
(FL) technique [13], Artificial Neural Network (ANN)
technique [14], etc. Unfortunately, the majority of these
MPPT algorithms lack accurate convergence analysis, and
thus, only approximate MPPT is achieved. Although ANN
algorithms can offer better MPPT convergence than conventional and FLC algorithms, ANN algorithms need large
training data to track strict optimal power under adverse
operating conditions. Numerous researchers are interested
to reduce the data dimension. The transformation and
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reduction of the redundant or irrelevant training data may
shorten the running time and yield more generalized results
[15].
Most training algorithm of ANNs, e.g., the back-propagation (BP) technique, is based on gradient descent
algorithm and has been successfully applied to train ANNs.
However, the BP method has restriction since it often gets
trapped in local optimum of error function, because it is a
local optimization algorithm [15]. This limitation has
inspired researchers to exploit other kinds of techniques to
train ANNs, such as nonlinear hypothesis method [16],
self-organizing fuzzy modified least-square (SOFMLS)
network [17], wavelet-based EEG processing [18], modified Levenberg–Marquardt algorithm [19], and stochastic
gradient descent method [20], as their stochastic nature
contributes to remarkable performance in finding global
optimal results. These techniques achieve satisfactory
performances, but require large amount of data for ANN
training process limiting its exploitation.
An alternative approach is to employ evolutionary
ANNs (EANNs) techniques, i.e., to adjust the value of the
connection weights and biases of ANNs, in which global
optimization algorithms are employed to find near to the
global optimum combinations for the connection weights
unlike the BP algorithm in which local optimum. Motivated by the aforementioned weaknesses of existing MPPT
methods in the literature and training algorithms of ANNs,
this study aims to formulate a new hybrid MPPT control
methodology for the PV generator in order to overcome the
above limitations. This is based on combining intelligent
ANN system and ant colony optimization (ACO) algorithm, herein named hybrid ACO-ANN MPPT controller.
To the best of the author’s knowledge, the feasibility of the
proposed hybrid ACO-ANN MPPT controller is investigated firstly to the PV system MPPT control issue of theephase shunt APF supplying arc welding machine. ACO
method is a multi-agent organism and less stochastic search
strategy in which the activities of each individual-agent
named artificial-ant is inspired by the activities of real-ants
[21]. ACO algorithm has been successfully employed to
search for continuous variable for optimization problems in
enormous number of power system [22].
The feature of ACO method is different from other
optimization techniques since it can implemented easily
and flexible for several problems. Because of its ability in
avoiding the occurrences of local optimum, ACO has
demonstrated to be an effective and competitive method for
the optimization problem in discrete and continuous spaces
[23]. In our application, the ACO algorithm provides a
mechanism of global search for adjusting on-line the connection weights and biases of a Multi-layer Perceptron
(MLP) Feed-forward ANN with minimum error to gives
the optimum value of duty cycle of DC/DC boost converter
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corresponding to the MPP of PV array. In this situation, the
ANN system acts as a platform to provide an up-to-date
value of the duty cycle to get MPP in a smaller time and at
the same time operate the PV generator near the MPP. In
the present study, the considered ANN is formed and
adapted using electrical input measures only. The optimization step of the proposed hybrid ACO-ANN MPPT
controller is formulated as an optimization problem, and
ACO is employed to search for the optimal duty cycle. By
minimizing the time domain objective function representing the root-mean squared error (RMSE) between optimal
power and actual power during the global search of the ant
colony, the PV system performance is enhanced. In continue, the considered hybrid MPPT method is compared
with the classical INC method to verify and demonstrate its
MPPT accuracy, effectiveness, and adaptivity with wide
range of operating point of PV systems under rapid
atmospheric changes, because the INC method balances
between admitted response time, good steady-state performance, and low implementation complexity.

1.1 Research gap, motivation and novelty
The research gaps of previous studies can be summarized
as follow:
i. Most of the previous MPPT methods depended on
traditional ANN controllers. However, few MPPT
methods have implemented the optimized ANN
controller.
ii. Previous MPPT methods related to the use of ANN
controllers depended on traditional techniques that
require parameters selection in the training algorithm
software. Therefore, this work applies a metaheuristic optimization algorithm with additional
features, such as a short time to achieve the best
solution and a high convergence rate.
iii. Few previous MPPT methods have considered the
effect of solar PV system unceartintues and the
nonlinearties of arc welding machine [24, 25].
iv. Few previous studies have validated the effectiveness of the ACO-ANN MPPT controller in real-time
execution.
The above shortcomings in the previous studies motivated authors to develop an intelligent-robust MPPT controller using an existing traditional control scheme which
must be capable enough to deal at a higher tracking efficiency (up to 96%). Furthermore, the modern arc welding
machine has become more complex as the welding load
and generation sources have expanded. As a result, to deal
with the system complexity, system parameter variations,
and high fluctuations caused by renewable penetrations,
traditional control techniques should be replaced by
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effective ones in modern arc welding machines. Motivated
by these observations, this paper presents a new optimal
ANN MPPT controller that combines ACO algorithm with
the ANN control technique for solving the MPPT problem
of modern arc welding machines especially in the case of
welding loads and solar PV systems uncertainties.
The novelty of this work is to utilize the metaheuristic
optimization technique with the well-known artificial
neural network (ANN) system to achieve a better tracking
system that harvests the maximum possible power from
solar PV systems. The ACO algorithm is exploited to adapt
the ANN system for MPPT control. In turn, the ACO is
exploited to assist the choice of the suitable weights and
biases of the ANN system for MPPT control. So, a proposed combination of the two artificial intelgent (AI) systems is presented to exploit the superiority of each of them
for MPPT controller. Specifically, we introduce a novel
ACO-ANN-based MPPT method that combines ACO and
ANN to exploits the best of them.

1.2 Contributions and paper organization
The key contributions of this work, are summarized as
follows:
v.

vi.

vii.

viii.

ix.

x.

A new hybrid MPPT control abbreviated as ACOANN MPPT controller is developed based on the
ACO and ANN algorithms to improve the performance of the PV system under various atmospheric and welding load conditions.
A simplified implementation of an improved
MPPT method is presented using only electrical
parameters of the PV system. Transient response
in MPPT of the PV system get improved.
Unity power factor operation at grid side by
compensating the reactive power of the welding
load.
Improving PQ by removing harmonics in the grid
current thus helps in maintaining grid current
sinusoidal.
A comparative analysis of the proposed hybrid
ACO-ANN MPPT method over the hybrid PSOANN MPPT method and the classical INC method
is presented by evaluating the PV power efficiency
and energy difference of these methods under
different operating conditions to offer better PV
system performance and robustness.
Experimental validation of the developed hybrid
ACO-ANN method has been performed under
various conditions, such as variable welding load
conditions, and intermittent solar insolation
conditions.
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The article is prepared in the following sequence as
follows: Sect. 2 clarifies the configuration of the considered system and its control method. Section 3 discusses
control structure of the proposed system. Section 4 analyzes the performance of the proposed system when subjected to variable welding load and different irradiation
conditions. Section 5 provides the experimental test results
and finally it is concluded in Sect. 6.

2 Overall system configuration
Figure 1 depicts the power circuit topology of the proposed
system that contains of a solar PV generator connected to a
three-phase shunt APF for interfacing to the AC grid via an
energy storage DC-link capacitor (Cdc) in order to satisfy
the high requirement of the arc welding machine. Also, a
DC/DC boost converter can be added between the solar PV
generator and the shunt APF to optimize the value of the
output voltage and/or current of solar PV generator. An
inductive filter (LF) is connected on the AC-side of the
three-phase shunt APF. A three-phase diode rectifier supplying an arc welding machine is connected at the point of
common coupling (PCC) as a local nonlinear-load. The
shunt APF control is designed to compensate the AWPS
current harmonics and AWPS power factor, and regulate
the PV power flow to the PCC.
The considered PV array is implemented on MATLAB/
SIMULINK software as a 12.2 kW solar panel form SunPower SPR-305 shown in Table 1 obtained by the connection of four parallel strings, where each string
comprises of a 10 PV modules of 305 W, connected in
series. The characteristic (Ppv - Vpv) and (Ipv - Vpv) of
the overall PV generator are depicted in Fig. 2a, b,
respectively.

3 Control strategies
This section talks about the design of the proposed control
scheme DPC i.e., hybrid ACO-ANN MPPT control design
and arc welding control loop. The proposed control
scheme provides robustness against the disturbances in the
arc welding machine and PV system. For capturing the
maximum solar energy, an improved hybrid ACO-ANN
MPPT algorithm is employed. For suppressing the disturbances caused in the arc welding machine, a dual loop
control scheme is used.
For handling the grid distortions and adjusting the output power to satisfy the consume demand, a DPC algorithm
is designed. The block diagram of the overall system with
different control loops is illustrated in Fig. 3. The detailed
explanation of the DPC algorithm, hybrid ACO-ANN
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Fig. 1 System configuration employed with the MPPT algorithm
Array type: SunPower SPR-305-WHT; 10 series modules; 4 parallel strings

Current (A)

Table 1 Parameters used for solar PV array under standard test
conditions (STC)

25

1 kW/m2

20

0.75 kW/m2

15

0.5 kW/m2

10

0.25 kW/m2

Parameter

Values

Maximum power

305 W

Current at the MPP

5.58 A

5

Voltage at the MPP

54.7 V

0

Open circuit voltage

64.2 V

Short circuit current

5.96 A
0.038 X
993.5 X

Number of cells per module

96 Cell

MPPT algorithm and arc welding control blocks is as
follows:

3.1 Control scheme design for DC/DC boost
converter
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Fig. 2 Output characteristics of the employed PV array: a Ipv–Vpv
characteristics and b Ppv–Vpv characteristics

3.1.1 ACO training ANN for hybrid MPPT controller
In the present study, a multilayer feed-forward ANN with
ACO learning algorithm was developed and utilized to
evaluate and achieve MPP of a solar PV array, because it is
simple and fast as compare to other maximum power
extracting method [14]. The artificial neural network
toolbox developed by MATLAB mathematical software
was utilized to build the considered ANN model. According to the analysis in introduction section, two inputs of the
ANN were the PV array voltage (Vpv) and current (Ipv) are
transmitted to the hidden layer through the two neurons of

the input layer. The determination of suitable activation
function is another one of the important parameters to
effective performance of the ANN.
The most commonly used transfer functions to solve
non-linear and linear regression problems are hyperbolic
tangent sigmoid transfer function (tansig), log-sigmoid
transfer function (logsig) and linear transfer function
(purelin) [26]. In this work, tansig was used as transfer
function between input and hidden layer, while purelin was
used as transfer functionbetween hidden and output layer.
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Fig. 3 The block diagram of the proposed system

The mathematical descriptions for tansig relation is specified by Eq. (1):
fh ¼

2
1
1 þ e2u

ð1Þ

where u is the input signals comprises the PV array voltage
(Vpv) and current (Ipv). The output activation x of the
hidden layer neurons are therefore calculated using the
following equation:


ð2Þ
x ¼ fh wh ½VPV IPV T þbh
where wh is the synaptic weight coefficient of the input of
the processing unit, and bh is the bias value of the input
layer node. The output layer of the ANN model was the
duty cycle of the DC/DC boost converter corresponding to
the MPP.
The transfer functions between the hidden layer and the
output layer was set to be a linear function (purelin), represented by the following equation
fo ¼ x

ð3Þ

This neuron provides the predicted optimum duty cycle
(dopt) using the following equation
dopt ¼ fo ðwo x þ bo Þ

ð4Þ

where dopt is the output of the processing unit, wo is the
synaptic weight coefficient of the output of the processing
unit, and bo is the bias value of the output layer node. The
input and output variables where normalized between a
uniform range of [0, 1] using a (mapminmax) function
according to following equation
ynorm ¼

ðy  ymin Þ
ðymax  ymin Þ

ð5Þ

where y is variable which has various unit and interval
value, ymax is maximum value and ymin is minimum value.
ynorm is normalized input and output variables which have
0 to 1 interval value and unitless. It has been noticed here,
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that the ACO method was adopted in the learning algorithm for adjusting the connection weights and biases of the
synapses. The quest for searching the path for food by ants
is the fundamental concept of this ACO method. The nature of finding the random and shortest paths between food
sources and their nest in the ACO method is illustrated in
Fig. 4.
The general idea behind ACO training is to use global
optimization to find near-optimal connection weights and
biases. The ACO algorithm training feed-forward ANN can
be designed as follows:
When the architecture of a multilayer feed-forward
ANN is fixed, it needs to be trained before used. Given that
there are ‘‘n’’ parameters in the network, which consist of
all the weights and biases. We can regard the ANNs’
evolution as the process of searching the optimal combination of the ‘‘n’’ parameters in their solution spaces. There
are numerous candidate points for each parameter, so the
candidate combination solutions are also numerous. It is in
all probability that the combinatorial optimization function
has a multimodal distribution. As the above-mentioned,
ACO method becomes the best choice to solve the combinatorial optimization.
In order to apply ACO algorithm, each parameter’s
definition space should be split into a set of discrete points.
Thus each point is a candidate value of the corresponding
parameter. As far as an ant is concerned, it can and only
can choose a value for each parameter among the candidate
points, just like an ant visiting a city only once in the (Tag,
Split calibration, Pheromone intensity) TSP problem, and
remembers its tag simultaneously.
A pheromone table is needed for each parameter. They
can be formed as the Table 2.
where wi is the i-th parameter to be optimized, ai is the
split calibration, we call it a point; s(i) represents the
pheromone intensity of point ai, and m is the number of
shares that the space is divided. So there are m ? 1 points
totally for every parameter. When an ant reaches the
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Fig. 4 Random and shortest paths followed in ACO method

Tag

1

2

…

m?1

according to the existing pheromone trails. An ant finishes
a tour when it selects values for all the parameters. Then it
returns to its nest and updates the pheromone table simultaneously according to the equation:

Split calibration

a1

a2

…

am?1

sði þ 1Þ ¼ qsðiÞ þ DsðiÞ

Pheromone intensity

s(1)

s(2)

…

s(m ? 1)

Table 2 Pheromone table for each weight or bias
wi

parameter wi, it selects the value according to the probability obtained by the following equation:
sðiÞ
pðiÞ ¼ Pm
j¼1 sðjÞ

ð6Þ

For example, in Fig. 5, an ant has already selected
values a2, a10, a7, and a42 for connection weights w1, w2,
w3 and w4, respectively, and selects a value for w5

Fig. 5 Diagram of ant choosing a value for connection weight w5 in
an ANN

ð7Þ

where r [ (0, 1) is a constant that determines the pheromone duration. The pheromone duration helps to eliminate bad decisions made in the past. Dsiz denotes the
increment of pheromone, which is defined as follows:
Dszi ¼

Q
E

ð8Þ

where Q is a constant (a good value is Q = 1) and E is the
ANN error function, in this situation the Root Mean
Squared Error (RMSE) percentage between the k-th output
target and actual values of MPP power was employed as an
error function to adjust the connection weights of the ANN
model, according to [16, 19]:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
Ns 
u1 X
2
RMSE ¼ t
ð9Þ
Popt ðNs Þ  Ppv ðNs Þ
Ns i¼1
where Ppv and Popt are the actual and the optimal (target)
values of the PV array power, respectively, and Ns is the
total number of samples. The less ANN error the more
pheromone is deposited. So the basic idea of the hybrid
algorithm of ACO and ANN (ACO-ANN) is simple, using
ACO algorithm to search the optimal combination of all the
network parameters. The framework of ACO-ANN
scheme is shown as Fig. 5.
The optimization processes by the ACO method for the
ANN system in MPPT control of PV system, is depicted
below in Fig. 6.
Six kinds of ANN structure with different number of
hidden layers and neurons were evaluated here to get a
proper ANN topology for the proposed ACO-ANN MPPT
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Fig. 6 Global search of the ant
colony and optimization of
ANN by the ACO algorithm

controller. Results of the RMSE obtained by a hybrid
MPPT algorithm based on the ANN-ACO method are
summarized in Table 3, which demonstrates that one hidden layer with 20 neurons is the suitable arrangement for
the ACO-ANN MPPT controller.
This topology will be employed in the second modification to find the optimal initial weights of the ANN
model. A schematic diagram of the training methodology
of the considered ACO-ANN MPPT controller with one
hidden layer with 20 neurons is presented in Fig. 7, and the
ACO-ANN MPPT controller architecture obtained from
MATLAB software is shown in Fig. 8.
The lower and upper boundaries of the weight values in
this hybrid ACO-ANN MPPT controller are -1 to 1. As a
result of running this hybrid MPPT controller the optimized initial weights are obtained.
The convergence error for the hybrid ACO-ANN training process is presented in Fig. 9. Consequently, the performance of the ANN model based on the optimized ACO
training strategy achieves better results than using PSO
training strategy [27] and conventional ANN model [28].
This is because of lesser number of iterations and lower
RMSE as depicted in Fig. 9.
Two estimation score metrics, the coefficient of determination (R2), and mean square error (MSE), were computed using the following equations to evaluate the fitting

Table 3 Results for different
structures of ACO-ANN model
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Structure No

Fig. 7 Schematic diagram of the ANN combined with ACO algorithm

and the estimation accuracy of the constructed ACO-ANN
model:
PN
ðdsim ðNÞ  dest ðNÞÞ2
2
R ¼ 1  PNi¼1 
ð10Þ
2
i¼1 dsim ðNÞ  d est ðNÞ
MSE ¼

Number of neurons

N
1X
ðdsim ðNÞ  dest ðNÞÞ
N i¼1

ð11Þ

Number of hidden layers

RMSE

No. 1

5

1

2.03 9 101

No. 2

5

2

2.76 9 101

No. 3

10

1

1.28 9 101

No. 4

10

2

1.09 9 101

No. 5

20

1

0.93 9 100

No. 6

20

2

1.32 9 100
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Fig. 10 Estimation performance of the ACO-ANN model
Fig. 8 Hybrid ACO-ANN structure for MPPT control

Fig. 9 Curves on RMSE for hybrid ACO-ANN, hybrid PSO-ANN,
and conventional ANN during the training process

where N is the number of data, dsim(N), dest(N) and d est ðNÞ
stand for the simulated, estimated and mean duty cycle
values respectively.
The hybrid ACO-ANN model has been trained using a
set of 300 simulated field responses. Using both training
and testing data sets, the hybrid ACO-ANN model outperformed nonlinear multivariate models for estimating the
duty cycle (d). After performing the hybrid ACO-ANN
model, the correlation coefficient (R2), mean square error
(MSE), and root mean squared error (RMSE) were calculated as criterion of ACO-ANN model’s efficiency. These
paramaters have values of 0.97217, 0.0010014, and
0.031646, respectively for all data (Figs. 10, 11). The

Fig. 11 The ACO-ANN simulated and estimated duty cycles during
the training process

concordance between simulated d and estimated d in test
data of this model along with error can be seen in the
Fig. 11. These results demonstrate the excellent performance of this hybrid ACO-ANN model that can guarantee
a high reliability. To further validate the accuracy of the
presented hybrid ACO-ANN model, simulation tests were
adopted in Sect. 4 for the comparison analysis.
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3.2 Control scheme design for three-phase shunt
APF
The purpose of the proposed system is to supply adequate
power to the arc welding machine when enough solar
irradiation is available, and to transfer the excess power to
the utility grid with a high quality current. In this case, the
current that the PV system transfers to the grid should be
sinusoidal, and have a low THD value according to the
standard limit. To guarantee these conditions, the threephase shunt APF is appropriately controlled in order to
ensure simultaneously two main functions, the injection of
the power in the grid and the active power filtering to
eliminate harmonic and reactive currents introduced by the
arc welding machine. In this aim, the DPC algorithm of the
three-phase shunt APF is used. Figure 12 depicted the
circuit diagram and corresponding DPC algorithm for a
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three-phase shunt APF connected PV System supplying an
arc welding machine. The DPC algorithm consists of the
following key operation; instantaneous active and reactive
power calculation, grid-side current/voltage detector, angle
detector, a DC-link PI controller, abc/dq and dq/abc
transformation, and the switching table. The instantaneous
active and reactive powers of the shunt APF indicated as Pg
and Qg, respectively, are computed in the synchronous
frame as follows:
8

2
>
>
Vgd Igd þ Vgq Igq
< Pg ¼
3
ð12Þ

>
2
>
: Qg ¼
Vgq Igd þ Vgd Igq
3
where Vgd and Vgq are the d-coordinate and q-coordinate of
the grid-side voltage, respectively. Igd and Igq are d-coordinate and q-coordinate of the grid-side current, respectively. The relation between the inverter vector (Vk),

Fig. 12 Control algorithm for three-phase SAPF system using DPC algorithm [7]

123

Neural Computing and Applications (2022) 34:299–317

309

inverter vector position (hk), grid vector and inverter power
change can be defined as follows:
8
i
dPg
3 h 2
>
>
¼
Vgd  Vgd Vk cosðhg  hk Þ
<
2Lg
dt
ð13Þ
dQg
3
>
>
¼
Vgd Vk sinðhg  hk Þ
:
2Lg
dt
The hysteresis comparators can be expressed as follows:

1
dPg [ Dp
Dp
ð14Þ
1 dPg \  Dp
And
8
2
>
>
<
1
DQ
1
>
>
:
2

dQg [ 0 and dQg \DQ
dQg [ DQ
dQg \0 and dQg [  DQ
dQg [ DQ

ð15Þ

where DP and DQ indicate the hysteresis band of the
instantaneous active power and reactive power,
respectively.
The other parameter to choose the next vector from the
switching table is the sector of the present voltage vector.
The hexagonal space vector is divided to 12 sectors as
expressed in the following equation:
ðn  2Þ  p=6\hn \ðn  1Þ  p=6; n ¼ 1; 2; . . .; 12
ð16Þ
Depending on the grid vector position, the corresponding sector can be estimated from:

p
Sector ¼ floor hg =
þ1
ð17Þ
6
The three-phase shunt APF structure provides a wide
degree of freedom for choosing the suitable vector as it has
8 voltage vectors. Depending on the power errors (DP and
DQ) and grid vector position (hg), the proper invertervector
is chosen to fulfill the control objective. The DC-link
voltage (Vdc) must be maintained constant by a conventional PI controller at the reference value to guarantee
correct injection of the power to the grid under change in
solar irradiance and to improve the power quality at the
PCC. The relation of the reference active power (Pg*)
absorbed by the shunt APF and Vdc can be described in the
following equation:
Pg ðkÞ ¼ Pg ðk  1Þ þ Kp1 fVer ðkÞ  Ver ðk  1Þg
þ Ki1 Ver ðkÞ

Kp1 ¼ 0:15; Ki1 ¼ 20

3.3 Control scheme design for arc welding
machine
Figure 13 illustrates system configuration of a three phase
arc welding machine using full-bridge isolated DC/DC
converter. In this, a three-phase AC supply of a PCC is fed
to the diode bridge rectifier with a storage capacitor C1,
cascaded to an isolated full-bridge buck converter and a
High Frequency Transformer (HFT) connected to a welding load. Two diodes D1 and D2 are connected at the
secondary windings of HFT to rectify the transformer
output voltage. On one side, the proposed arc welding
machine is desired to maintain constant arc voltage during
the rated and light load conditions. On the other side, it
must adjust the welding current during severe overloading
situation to guarantee excellent weld bead. Owing to this,
dual loop control scheme is utilized for the isolated fullbridge buck converter as illustrated in Fig. 13.
In the following, two important and the most implemented controllers on arc welding machine are designed.
These two controllers are hysteresis and PI controllers. The
reference–actual couple of the arc voltage and welding
current are utilized to design PI and hysteresis controllers,
respectively. Relation of the output of PI controller at the
k-th sampling period is defined as:
Iw ðkÞ ¼ Iw ðk  1Þ  Kp2 fVe ðkÞ  Ve ðk  1Þg þ Ki2 Ve ðkÞ
ð20Þ
where Ve(k) is the arc voltage error at k-th sampling period
is given by the following equation:
Ve ðkÞ ¼ Vw ðkÞ  Vw ðkÞ

ð18Þ

ð19Þ

Through the second-order transfer function of the system, Kp1 and Ki1 are calculated by [7]. The following

ð21Þ

Vw* and Iw* are the desired values of the arc voltage and
welding current, respectively. The parameters Kp2 and Ki2.
are the contro ller proportional and integral terms constants, respectively. The following values of the PI controller parameters have been computed using the Ziegler
Nichols tuning method [28]:
Kp2 ¼ 0:05; Ki2 ¼ 3;

The error in the DC-link voltage Vdc at k-th sampling
period is calculated as:

Ver ðkÞ ¼ Vdc
ðkÞ  Vdc ðkÞ

values of the PI controller parameters have been obtained
based on:

ð22Þ

The output of the PI current controller Iw*(k) is supplied
to the hysteresis controller where it is compared with the
actual welding current Iw(k) to generate the gating pulses
for power switches according to the error Ie(k):
Ie ðkÞ ¼ Iw ðkÞ  Iw ðkÞ

ð23Þ

The switching logic S(k) is:
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Fig. 13 Block diagram of
control scheme for arc welding
machine


SðkÞ

1
1

Iw ðkÞ  Iw ðkÞ þ DI
Iw ðkÞ  Iw ðkÞ  DI

ð24Þ

where DI is the hysteresis band. The actual welding current
is organized to follow the reference welding current by
forcing the actual welding current to stay within the hysteresis band. The duty cycle of a full-bridge buck converter
is regulated in accordance with variations required in the
arc voltage and welding current. The closed-control loop of
the arc welding machine is designed as depicted in Fig. 13.

system under the welding load changing and the variations
of the solar irradiation (G).
Several simulation tests and measurements have been
carried out with and without installing the PV array. The
MPPT capability of the PV system with hybrid ACO-ANN
MPPT controller is validated through simulation and
compared with traditional INC MPPT control method in
terms of MPP tracking speed and oscillations around it.
The comprehensive simulation results are presented below.

4.1 PV System performance under MPPT mode

4 Simulations and discussions
The overall proposed system is implemented in MATLAB/
SIMULINK software and is shown in Fig. 14. The performance of the proposed system is evaluated in both
transient and steady-state conditions by simulating this

This case is designed to test the MPPT operating modes of
the proposed hybrid ACO-ANN MPPT controller, hybrid
PSO-ANN MPPT controller, and conventional INC MPPT
controller. Figures 15 and 16 present the waveforms of PV
output current (Ipv), voltage (Vpv), and power (Ppv) at MPP,
which is being tracked by the proposed ACO-ANN MPPT
controller at constant temperature (T = 25 C) and

Fig. 14 The MATLAB/SIMULINK block diagram of the proposed system
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Fig. 15 PV array output by proposed ACO-ANN tracker and
conventional INC method
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A sudden increase irradiation change from 400 to
600 W/m2 is occurred. Then the irradiance level is
decreased gradually from 600 to 300 W/m2 pending 0.1 s.
Finally, a sudden increase irradiation change from 300 to
800 W/m2 is occurred at 0.5 s. The proposed hybrid ACOANN MPP tracker showed a good performance tracking
than the hybrid PSO-ANN MPP tracker, and traditional
INC MPP tracker, where the proposed ACO-ANN MPPT
controller is taking only 0.021 s to attain the MPP whereas
the hybrid PSO-ANN MPP tracker and traditional INC
MPPT method request 0.036 and 0.055 s, respectively, to
track the MPP as depicted in Figs. 15 and 16. In another
hand, the proposed method presents a high performance in
term of power oscillation compared to the hybrid PSOANN MPP tracker and traditional INC MPPT method.
Where the oscillation widths around MPPs, by using the
proposed ACO-ANN MPPT method, under different steady
irradiations levels (400, 600, 300 and 800 W/m2) are
[4567, 4558], [7079, 7019], [3220, 3205], [9629, 9562],
respectively. In counterpart, the widths of power oscillation
by using the hybrid PSO-ANN MPP tracker are [4574,
4561], [7086, 7021], [3346, 3337], [9638, 9380], and by
using INC MPPT method are [4532, 4480], [7061, 6908],
[3224, 3207], [9624, 9376] respectively.
It concludes that the proposed ACO-ANN MPP tracker
achieves a quick starting and a stable steady-state performance as compared to the hybrid PSO-ANN MPP tracker
and the conventional INC MPPT controller. Thus, the
proposed ACO-ANN MPP tracker can be applied to PV
systems under different irradiation conditions.

4.2 Global system performance under steady
state operation

Fig. 16 PV array output by proposed ACO-ANN and PSO-ANN MPP
tracker

different irradiation conditions (G). As illustrated in
Figs. 15 and 16, initially at t = 0 s the irradiance level is set
to 400 W/m2, after that, at t = 0.2 s.

The steady-state operation when the welding load is constant, and is supplied power by utility only, is illustrated in
Fig. 17. The waveforms of the instantaneous DC-side
parameters i.e. solar irradiation (G), PV voltage (Vpv),
current (Ipv) and power (Ppv), and DC-link voltage (Vdc)
can be seen in Fig. 17. It can be renowned that the solar PV
system is not available (G = 0 W/m2).
The nonlinear load current (IL), filter current (IF), grid
current (Ig) and voltage (Vg) and are depicted in Fig. 17.
The grid current (Ig) and voltage (Vg) are in phase with
each other, since the real power (Pg [ 0) is absorbed by the
arc welding machine (PLoad = 0). The nonlinear load
reactive power is compensated by the shunt APF making
zero reactive power in the grid (Qg = 0). The measured
THD of the Ig after compensation is 11.39% while the
measured THD of the PCC voltage is less than 5% as
clearly presented in Table 4.
The steady state behavior when the welding load is
constant, and is supplied power by solar PV system only, is
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Fig. 17 PV Performance of the proposed system when the PV system is not available (G = 0 W/m2)
Table 4 Total harmonic
distortions

Parameter

Signal

THD%

Grid current

Ig

11.39

Load current

IL

45.62

PCC voltage

Vga

1.29

illustrated in Fig. 18. The waveforms of the instantaneous
DC-side parameters i.e. G, Vdc, Vpv, Ipv, Ppv, d, Vw and Iw
can be seen in this figure. From Fig. 18, it can be declared
that the solar PV system is working in MPP at solar insolation of 1000 W/m2 by adjusting the duty cycle (d) of the
DC/DC boost converter. Furthermore, the proposed shunt
APF converter proves its capability for keeping the DClink capacitor voltage constant (Vdc* = 600 V). The
waveforms of the IL, IF, Ig and Vg are illustrated in Fig. 18.

The grid current (Ig) and voltage (Vg) are out of phase with
each other, since the PV power (Ppv [ PLoad) is absorbed
by the grid and the arc welding machine. The THD% in
currents and voltage are presented in Table 5. The data
reveal that the harmonic components contained in Ig can be
eliminated.

4.3 Global system performance under welding
load step-change
The simulated response of the system under step-change in
the welding load is presented in Fig. 19. The irradiation
(G) is kept constant at 500 W/m2. The waveforms illustrated are Vdc, Ig, IL, IF, Ipv, Vg, Vw, Iw, Ppv, PLoad, Pg and
Qg. A step-change is given to the welding load resistance at

Fig. 18 Performance of the proposed system when the shuntAPF was operated at solar insolation of 500 W/m2
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Table 5 Total harmonic
distortions
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Parameter

Signal

THD%

Grid current

Ig

3.18

Load current

IL

45.58

PCC voltage

Vga

1.27

0.3 s. It is observed that the shunt APF compensates for the
harmonic currents and reactive power drawn by the arc
welding machine and thus it maintains the grid current (Ig)
sinusoidal at unity power factor. It can be noticed that the
Vdc is regulated at its preferred value Vdc* = 600 V.
The current supplied by the solar PV array (Ipv) is
approximately maintained constant at the MPP with small
variations duo to the change of the welding current (Iw). It
can be seen that the regulation of the welding current (Iw)
of the arc welding machine is accomplished successfully in
a transient state. The arc voltage (Vw) can be kept constant
at 20 V, although the resistance of the welding load is
decreased from 0.2 to 0.1 X. The grid current (Ig) voltage
(Vg) and are out of phase with each other, since the PV
power (Ppv [ PLoad) is absorbed by the grid and the arc
welding machine.

4.4 Global system performance under varying
solar irradiation
The transient response of the overall operating waveforms
of the proposed system under gradually decreasing in solar
irradiation with constant welding load is given in Fig. 20.
The waveforms presented are G, Vdc, Ig, IL, IF, Ipv, Vg, Vw,
Iw, Ppv, PLoad and Pg and Qg. In Fig. 20, at time t = 0.3 s,
the system is subjected to a step change in the solar

irradiation from 1000 to 500 W/m2 to test its MPP tracking
performance as well the dynamic behavior of the system
under dynamic insolation condition. The DC-link voltage
can be kept constant at 600 V, although the solar irradiation is decreased from 1000 to 500 W/m2.
The active power injected by the shunt APF into the
PCC reduces (Pg) as a consequence of reduction in solar
irradiation. The reactive power is adjusted in accordance
with the demand of the arc welding machine in order to
keep the terminal grid voltage Vg at the desired value
(220 V RMS). There is a reduction in ripple of the DC-link
voltage (Vdc) due to reduced active power flow through the
DC-Link capacitor. As seen from Fig. 20, during irradiation change from 1000 to 500 W/m2, the PV power
delivered by PV array (PPV) decreases, thus the shunt APF
current (IF) as well as the grid current (Ig) decreases.
In addition to this, the harmonics contained in the grid
current can be cancelled successfully, as is obviously
illustrated in the Ig’s waveforms. The MPPT control
accuracy in Fig. 20 is extremely high with the proposed
ACO-ANN tracker under conditions of 1000 and 500 W/
m 2.

4.5 Tracking efficiency test under varying solar
irradiation
On the other hand, to approve the performance of the
proposed ACO-ANN MPP tracker; we calculate the efficiency by the following equation:

Ppv  PACOANN
Efficiency ¼ 1 
ð25Þ
Ppv

Fig. 19 Performance of the proposed system under step- change in solar irradiation
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Fig. 20 Simulation results for a step-up change in the out-put voltage reference

The tracking efficiency of the proposed ACO-ANN
MPP tracker under conditions of 1000 and 500 W/m2 is
shown in Fig. 21.
From Fig. 21, it can be observed that in both these cases
the average tracking efficiency of the proposed ACO-ANN
MPP tracker is above 99.2%. At 0.8 s, the extracted solar
energy with the proposed ACO-ANN MPP tracker is.
6.7% higher than the one with the traditional INC MPP
tracker and 3.5% than of the PSO-ANN MPP tracker due to
an accurate tracking of the MPP. The average tracking
efficiency and respond time of each method are presented
in Table 6.

Fig. 21 The efficiency of the generated power of the PV array under
varying solar irradiation
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5 Real-time test results
Figure 22 shows real-time test results of the proposed
control structure, which is executed through dSPACE-1103
simulator. The real-time testing becomes important
because it makes the proposed system to run at physical
clock time as a real-life system would perform in the
practical installation.
The experimental results belonging to the proposed
ACO-ANN MPPT controller are shown in Fig. 23 under
the same environmental conditions of the simulation
model. The experimental results show that the the PV
system is effectively worked at its maximum power under
the swiftly changing solar radiance because the MPPs are
properly tracked by using the developed ACO-ANN MPPT
controller.
Figures 24 and 25 depict the SAPF dynamic response
under solar insolation change at 25 C. It is evident from
the system performance that the filter current (IF) is
dependent on insolation. As the insolation is reduced to
half, IF also reduces to half, and vice versa. The variation in
insolation does not affect the DC-linck capacitor voltage
(Vdc). The grid currant (Ig) also shows a decrease as the
insolation decreases, and vice versa.
The evaluation of the total harmonic distortion (THD) is
presented in Fig. 26. Here, the SAPF delivers the real
power in such a way that the grid current (Ig) becomes
sinusoidal with reduced THD.
The dynamic performance of the arc welding machine is
evaluated in real-time. Figure 27 shows that the regulation
of the arc voltage (Vw) and welding output current (Iw) are
successfully accomplished in a transient condition, which
results in good arc stability.

Neural Computing and Applications (2022) 34:299–317
Table 6 Tracking efficiency and
response-time comparison for
different MPPT techniques
under irradiance variation
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Algorithm

Tracking efficiency (%)avg

Response time (s)avg

Oscillation around MPP (W)avg

Hybrid ACO-ANN

99.20

0.18

Hybrid PSO-ANN

95.70

0.26

65

Conventional INC

92.50

0.20

153

60

Fig. 22 Real-time test of the proposed system
Fig. 25 Dynamic state performance of SAPF in real-time

Fig. 23 Dynamic state performance of PV system in real-time
Fig. 26 Grid current waveform and THD in at 1000 W/m2

6 Conclusion

Fig. 24 Dynamic state performance of SAPF in real-time

A comprehensive investigation on a new configuration of
grid interfaced solar PV power generating system via a
three-phase shunt APF for high-strength arc welding
machine has been performed throughout this article. The
performance of the proposed system has been investigated
for arc welding reactive power compensation and harmonic
elimination under unity power factor operation along with
MPPT control. The MPP of the solar PV array has been
achieved using the proposed hybrid ACO-ANN MPPT
method through the control of the duty cycle of the DC–DC
boost converter. The proposed hybrid ANN based ACO
algorithm tracks MPP efficiently under irradiation changes,
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Design parameters of arc welding machine
Three-phase bridge rectifiers with C1 = 300 pF, output
filter parameters are L0 = 8 lH and C0 = 4 lF, respectively. The output resistor is R0 = 0.2 X. The turns Ratio of
HFT is N = 16. The switching frequency of full bridge
buck circuit is Fs2 = 50 kHz. The output DC voltage of arc
welding machine is Vw = 20 V. the arc voltage PI regulator
parameters are Kp2 = 0.05 and Ki2, = 3, respectively. The
hysteresis band of welding current regulator is DI = 0.1A.
Acknowledgements The first author thanks the LEPCI Laboratory of
the University of Ferhat Abbas Setif-1, Algeria for the special support
that made possible the preparation of this work.
Fig. 27 Dynamic state performance of arc welding system in realtime

with fewer fluctuations at MPP than those of the traditional
INC method. Moreover, the proposed DPC algorithm of the
shunt APF injects the solar power delivered by the PV
array into the AC grid with high grid current quality and in
conformity with international normal (IEEE-519) in all
irradiance levels. Furthermore, the applicability of the
proposed MPPT controller based on optimized ANN by
using ACO algorithm in real-time has been easily
demonstrated using a dSPACE-1103 simulator. In future
work, we will apply and extend ACO algorithm to other
ANN structures to improve the accuracy of the ANN
model, specifically in the context of rapid change in
atmospheric conditions.

Appendix

Design parameters of DC-DC boost converter
The Switching frequency of DC-DC boost circuit is Fs1= 12 kHz. The inductor of the DC-DC boost converter is
L = 3 mH, and the capacitor is Cpv = 100 lF, respectively.

Design parameters of three-phase shunt APF
The DC link voltage of shunt APF is Vdc = 600 V, the AC
inductor of shunt APF is LF = 3 mH, the DC voltage PI
regulator parameters are Kp1 = 0.15 and Ki1 = 20.
The DC-link capacitance of shunt APF is Cdc = 1100
lF, the line to line grid voltage is Vg = 220 V (RMS), the
grid frequency is fg = 50 Hz, Line parameters are Rg= 0.023 X and Lg = 3 mH, respectively.
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