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This article proposes a novel MPPT algorithm based on the firefly algorithm and elite ant system-trained Elman neural network
(FA-EAS-ElmanNN). First, the position of fireflies is randomly initialized by the firefly algorithm (FA), meanwhile the firefly
individuals with higher attractiveness degree value are selected as the optimal solution. Second, the extra pheromones are
artificially released to boost the positive feedback effect and convergence rate of the elite ant system (EAS). Third, the weight
and threshold of the Elman neural network (ElmanNN) are updated by the FA and EAS. Also, the trained ElamnNN is
employed to acquire the maximum voltage of the photovoltaic (PV) array. At last, the PID controller and PWM technology
are adapted to regulate the switch time of the boost converter. Furthermore, MATLAB/Simulink is adopted to acquire the
datasets of irradiance, temperature, and maximum voltage and validate the reliability and superiority of the proposed
algorithm under complex atmospheric conditions. The tracking characteristic, response speed, and efficiency of the proposed
MPPT algorithm are contrasted with the particle swarm optimization (PSO), ant colony optimization (ACO), ACO-artificial
neural network (ACO-ANN), and PSO-RBF neural network (PSO-RBNFNN) algorithm via simulation. The efficiency of the
FA-EAS-ElmanNN algorithm is 99.73%, compared with the ACO-ANN, PSO-RBFNN, PSO, and ACO algorithm, which is
increased by 0.49%, 0.58%, 1.2% %, and 1.5%, respectively. Additionally, the experimental setup is built to demonstrate the
tracking characteristic of the proposed MPPT algorithm.

1. Introduction

With the rapid consumption of conventional reserved fossil
fuel, the energy crisis and environmental degradation have
sparked great attention of humankind [1]. PV power genera-
tion has become one of the most promising technology, which
has the advantages of nonpollution, omnipresent, and cost
effective [2]. However, the irradiance level (G) and ambient
temperature (T) exhibits remarkable impact on the power
generation efficiency of the PV array [3]. In order to collect
the maximum efficiency from the PV array, the MPP of the
PV array is tracked by the MPPT algorithm [4]. Therefore,
the innovation of the MPPT algorithms has become a hot
research area in the PV systems.

Currently, numerous researches have been addressed to
extract from higher efficiency of PV array using different
MPPT algorithms. Conventional MPPT algorithms, such as

the look-up table method, perturbation and observation
(P&O) algorithm, and incremental conductance (INC) algo-
rithm [5]. In spite of the excellent tracking characteristic of
mentioned above methods, the tracking characteristic and sta-
bilization accuracy cannot be balanced. On this basis,
researchers proposed the improved conventional MPPT algo-
rithm to improve the power waveform quality and robustness.
The improved MPPT conventional algorithms, such as adap-
tive P&O (AP&O) method, PSO-AP&O method, and variable
step size INCmethod. The improved conventionalMPPT algo-
rithm has slower convergence rate and higher oscillation com-
pared with the intelligent algorithm.

A review paper [6] has demonstrated that the MPPT
methods can be divided into the hardware and soft comput-
ing MPPT methods. Hardware methods mainly include elec-
tronic compensation and reconstruction. The electronic
compensation method can improve the quality of electric
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energy through the auxiliary circuit. However, the auxiliary
circuit tends to increase the computational complexity of the
PV systems and introduces high-order harmonics. Therefore,
the hardware method is not equipped with universality [7].

At present, the major challenge in the PV system is posed
by the nonlinearity and complexity of the implicit PV array.
Hence, the soft computingMPPTmethod is employed to solve
the nonlinear current-voltage (I-V) equation. Soft computing
MPPT methods, such as PSO algorithm, artificial neural net-
work (ANN), genetic algorithm (GA), butterfly algorithm
(BA), fuzzy logical control (FLC), and slide model control
(SMC) [8]. These soft computing MPPT algorithms can accu-
rately track theMPP of PV systems. However, the convergence
rate of the single intelligence algorithm is slow and the popu-
lation is prone to prematurity [9]. Therefore, the hybrid meta-
heuristic algorithms are proposed to enhance the tracking
characteristic and respond speed of single MPPT algorithms.
The hybrid metaheuristic algorithms, such as PSO-GA, GA-
FLC, PSO-FA, and model prediction-Kalman filtering algo-
rithm (MP-KFA) [10]. These recent hybrid metaheuristic
algorithms have better tracking characteristic and higher effi-
ciency than the single one.

In this context, many hybrid metaheuristic algorithms have
developed in literature to improve the tracking characteristic of
MPPT algorithms. In [11], Shams et al. developed an improved
BA to differentiate the different partial shading patterns and
solar intensity. The authors of [12] presented a new MPPT
algorithm based on the improved squirrel search algorithm
(ISSA). The ISSA has stronger tracking characteristic and
higher efficiency than the conventional SAA. In [13], an
improved differential evolution (DE) algorithm has introduced
for tracking the global MPP (GMPP). In [14], Li et al. intro-
duced an overall distribution PSOMPPT algorithm to improve
the convergence rate and population diversity of the traditional
PSO algorithm. The authors of [15] considered a novel leaky
least mean logarithmic fourth (LLMLF) control strategy to
improve the power quality and provide reactive power com-
pensation for PV system. In [16], Kumar et al. developed a
novel leaky least logarithmic absolute difference based on INC
MPPT algorithm to mitigate the inherent problems of conven-
tional INC algorithm such as tracking characteristic and stabi-
lization accuracy issues. The authors of [17] introduced an
improved optimal control strategy based on KFA to maximize
power extraction from PV array. In [18], Kumar et al. proposed
a self-tuned P&O algorithm to enhance the respond speed and
steady-state oscillation of conventional P&O algorithm.

This article proposes a novel MPPT algorithm based on
the firefly algorithm and elite ant system-trained Elman neu-
ral network (FA-EAS-ElmanNN). The FA and EAS are
adopted to acquire the weight and threshold of the
ElmanNN, and the maximum voltage (Vmp) of the PV array
is predicted by the trained ElmanNN. In addition, the PID
controller and PWM technology are applied to regulate the
switch time of the MOSFET. Specifically, the major contri-
butions are as follows: (1) the tracking characteristics, effi-
ciency, and response speed of the MPPT algorithm are
improved by the FA-EAS-ElmanNN algorithm; (2) the reli-
ability and superiority of the proposed MPPT algorithm
have been validated by MATLAB/Simulink. Additionally,

the FA-EAS-ElmanNN algorithm is contrasted with the
ACO-ANN, PSO-RBFNN, PSO, and ACO algorithms under
five variable atmospheric conditions; (3) an experimental
setup is built to demonstrate the tracking characteristic of
the FA-EAS-ElmanNN algorithm.

The structure is concluded as follows: Section 2 describes
the model of the PV array and boost converter; Section 3
introduces the ElmanNN, FA, and EAS and proposed MPPT
algorithm; Sections 4 and 5 describe the simulation and
experimental results, respectively; Section 6 describes the
conclusion.

2. The Operational Principle of Photovoltaic
Power System

PV power generation system consists of the PV array, PWM,
DC-DC converter, MPPT controller, and load [19]. Figure 1
illustrates the framework of PV system with MPPT algorithm.

As shown in Figure 1, the acquired voltage and current is
fed into the MPPT algorithm to obtain the modulated quan-
tity. In addition, the modulated quantity is compared with
the high-frequency carrier signal to adjust the switch time
of the switch tube. Actually, the internal resistance matches
with the load impedance by adjusting the PV array working
voltage to ensure that the PV system always nearby the MPP.

2.1. Model of PV Array. The single diode model (SDM) has
dark currents and compound losses under lower irradiance
level. Therefore, the dual diode model (DDM) is selected
to thoroughly characterize the output characteristics of PV
array in this study. The PV array DDM model is introduced
in Figure 2.

The output current formula of the PV array DDMmodel
is introduced in

I = nIph‐nID1 exp
U/m + RsI/n

A1VT

� �
‐1

� �
‐nID2 exp

U/m + RsI/n
A2VT

� �
‐1

� �
‐ nU +mIRs

mRsh
,

ð1Þ

where Rs is the series resistance, Rsh is the shunt resistance, I
is the output current of PV array, U is the output voltage of
PV array, Iph is the photoelectric current, Io is the saturation
current, ID1 and ID2 are the diode dark current, A1 and A2
are the ideal parameters for diode, VT = KT/q, K is Boltz-
mann constant (K = 1:38 × 10−23 J/K), q is Coulomb con-
stant (q = 1:6 × 10−19 C), T is the ambient temperature, and
m and n are the series and parallel number of PV array,
respectively [20].

Equation (1) is a transcendental equation, which is diffi-
cult to solve, and the PV array cannot always work nearby
the MPP under standard test conditions (STC, Gref = 1000
W/m2, Tref = 25°C). Therefore, it is essential to modify the
correlation coefficient of PV array. Equations (2)–(7) are
the modified equations of the PV array [21].

ΔG =
G
Gref

− 1, ð2Þ
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ΔT = T − Tref , ð3Þ

Iscc = Isc 1 + aΔTð Þ G
Gref

, ð4Þ

Vocc =Voc 1 − cΔTð ÞIn e + bΔGð Þ, ð5Þ

Imm = Im 1 + aΔTð Þ G
Gref

, ð6Þ

Vmm = Vm 1 − cΔTð ÞIn e + bΔGð Þ, ð7Þ
where A, B, C, Iscc, Vocc, Imm, and Vmm are the modified
parameters. The specific parameters of the PV array under
STC are as follows: open-circuit voltage Uoc = 37:3V,
short-circuit current Isc = 8:66A, MPP voltage Ump = 30:3
V, MPP current Imp = 8:15A, MPP power Pm = 250:205W,
the temperature coefficient of the open-circuit voltage is
-0.36091%/deg.c, and the temperature coefficient of the
short-circuit current is 0.086998%/deg.c. Figure 3 illustrates
the characteristic of PV array at changing G and T .

From Figure 3(a), the characteristics of PV array are the
unimodal function with one MPP, and the MPP will drift
with the irradiance and temperature [22]. In Figure 3(b),
the voltage of PV array (Upv) decreases and the current
(Ipv) increases with the ambient temperature. Therefore, to
maximize the efficiency of the PV array, the MPPT algo-
rithm should be adopted to track the MPP of the PV array.

2.2. Modeling of Boost Converter. Currently, DC–DC con-
verter includes boost converter, Cuk converter, forward con-
verter, push-pull converter, and more. The boost converter
has the characteristics of simple structure and driving [23].
The topology of the PV boost converter is given in
Figure 4. The electrical boost converter parameters are as
follows: filter capacitor C = 100μF, boost inductor L = 2mH,

output resistance R = 20Ω, and output capacitor C1 = 100
μF. Moreover, C1 and L are employed to eliminate the voltage
ripple and high harmonic, respectively. According to the
voltage-second balance principle, the inductor current is a
fixed value, i.e., Ipv = IL.

According to the Kirchhoff Voltage Law (KVL), the state
formula of the PV boost converter is as follows:

dIpv
dt

=
Upv −Uo

L
+ u

Uo
L

,

dUo
dt

= ‐ Uo
RC1

+
Ipv
C1

� �
‐u

Ipv
C1

,

8>>><
>>>:

ð8Þ

where Ipv andUpv are the PV array current and voltage, respec-
tively, Uo represents the output voltage of boost converter, R is
output resistance, C1 is the output capacitor, μ is the control
variable ∈[0, 1], and the boost converter working voltage can
be adjusted by controlling the on-off of the MOSFET.

3. System Structure and Proposed Algorithm

Since the ElmanNN has slow convergence rate and unstable
learning rate, a novel MPPT algorithm based on the firefly
algorithm and elite ant system-trained Elman neural net-
work is proposed in this study. Figure 5 shows the schematic
diagram of the FA-EAS-ElmanNN algorithm.

In Figure 5, Vpv and V ref are the voltage and maximum
reference voltage of the PV array, respectively, G is irradi-
ance, and T is temperature. The specific steps of the pro-
posed MPPT algorithm are as follows. First, the datasets of
irradiance, temperature, and maximum voltage are acquired
by MATLAB. The irradiance and temperature are the PV
system inputs, and the output is the maximum voltage. Sec-
ond, the weight and threshold of ElmanNN are acquired by
the EAS and FA, and the maximum voltage of the PV array
is predicted by the trained ElmanNN. Finally, PID controller
and PWM technology are employed to adjust the switch
time of the MOSFET Q.

3.1. Elman Neural Network. In 1990, ElmanNN was pro-
posed based on the BP neural network (BPNN) by Jeffery L.
ElmanNN is a typical dynamic recurrent neural network,
which consists of the input layer, hidden layer, and connection
layer (state layer) as well as output layer [24]. Figure 6 shows
the basic structure of ElmanNN. The connection layer is a par-
ticular layer of ElmanNN, which is used to memorize the out-
put of hidden layer at the previous moment and input the
previous value prediction to the hidden layer after delay and
storage. The ElmanNN is adopted to predict the maximum
reference voltage (V ref ) according to G and T. In addition,
the mean squared error (MSE) is selected as the cost function
to evaluate the performance and precision of the ElmanNN,
which is given in Equation (9). Figure 7 illustrates the maxi-
mum voltage of the PV array under changing G and T.

MSE =
1
n
〠
n

i=1
〠
m

j=1
Rj ið Þ −N j ið Þ
Â Ã2, ð9Þ
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Figure 1: Framework of PV system with MPPT.
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where n represents the input datasets, m indicates the output
datasets, and RjðiÞ and N jðiÞ are the true value and target
value, respectively.

In this study, a general ElmanNN mathematical model is
described as follows:

V ref = f G kð Þ, T kð Þ½ �, ð10Þ

where GðkÞ represents the irradiance, TðkÞ indicates the
temperature, and V ref is the MPP voltage of PV array.

3.2. Firefly Algorithm (FA). Podder et al. proposed the FA
based on the characteristic of the information exchange
and mutual attraction between firefly individuals [25]. FA
has a good convergence rate and reliability. The firefly indi-
viduals will move toward the brighter one to search the pop-
ulation optimal solution in the competition and cooperation
processes. The brightness value of the fireflies determines the
individual quality and evolution direction, and the attrac-
tiveness value of the fireflies determines the distance and
speed between the firefly individuals and population optimal
solution. In the search process, the light intensity and attrac-
tiveness value determine the performance of the FA.

The relative brightness and attractiveness of each firefly
are expressed as follows [26]:

I = I0e
−γri,j , ð11Þ
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β = β0e
−γr2i,j , ð12Þ

where I0 represents the maximum initial brightness of the fire-
flies, γ is the light absorption coefficient, β0 is the maximum
attraction, and rij is the Cartesian distance between two fireflies.

The position of population is updated by the

xi+1 = xi + β xj − xi
À Á

+ α rand − 1
2

� �
, ð13Þ

where xi and xj are the spatial positions of fireflies, α is the step
factor, α∈[0, 1], and rand is the random number within [0, 1].

3.3. Elite Ant System (EAS). Dr. Gambardella developed the
ant colony system (ACS) to improve the convergence rate
of the conventional ACO algorithm [27, 28]. In fact, the
ACO algorithm approaches the optimal individual through
the competition and cooperation processes among the ant
individuals. The distance of the ant colony is inversely pro-
portional to the pheromone concentration. In the process
of foraging, ants release a certain amount of pheromones,
and the parent and offspring populations will gradually
move toward the individual optimal solution under the pos-
itive feedback [29]. The convergence rate and prediction
accuracy of the ACO algorithm depend on the state transi-
tion and the pheromone update model [30].

The pheromone update model of ACO algorithm mainly
includes ant-cycle, ant-quantity, and ant-density models.
The ant-cycle model is a global pheromone update strategy,
and the pheromone of each ant is updated after the position
information of the population is updated. Ant-quantity and
ant-density models are the local update strategy, and the
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pheromone concentrations of each ant are updated after
each iteration. The pheromone concentration of the ant-
quantity model is related to the initial parameter, while the
pheromone concentration of the ant-density model is the
fixed value. Equations (14) and (15) are the transfer proba-
bility and pheromone update equation of ACO algorithm.

Pk
ij tð Þ =

τij tð Þ
Â Ãa

ηij tð Þ
h iβ

∑s∈Jk ið Þ τij tð Þ
Â Ãa

ηij tð Þ
h iβ , J ∈ Jk ið Þ

0, j ∉ Jk ið Þ

,

8>>>><
>>>>:

ð14Þ

τij t + 1ð Þ = 1 − ρð Þτij tð Þ + Δτij,

Δτij = 〠
m

i=1

Q
Lk

� �
,

8><
>: ð15Þ

where Pk
ijðtÞ represents the selection probability of ants, α is

the importance degree of pheromone, β is the relative impor-
tance of heuristic factor, ηij is the heuristic factor, τijðtÞ is the
pheromone concentration, Q is the sum of pheromone con-
centration, ρ is the pheromone volatility, Δτij is the sum of
pheromone concentration increment, k is the ant number,
and m is the number of the ant.
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Since the ACO algorithm has slow convergence rate and
long search time, an EAS control strategy is proposed in this
paper. Moreover, the extra pheromones are artificially released
to improve the positive feedback effect and convergence rate.
The parent and offspring populations are ranked according
to Equations (16) and (17), only the first w-1 ants can release
pheromones in the search process. In addition, the fitness
value (f ) is employed to judge the population concentration
and improve the convergence rate of the EAS according to
the Equation (18). The pheromone update equations of the
EAS are as follows:

Δτij = 〠
w

k=1
1 − ρð ÞΔτkij + eΔτbestij , ð16Þ

Δτbestij = 〠
w−1

r=1
w − rð ÞQ MSEtrain + MSEtestð Þ

Sl
, ð17Þ

ρi+1 = ρi, f i+1 ≤ f ,i
ρi+1 = 0:95ρi, f i+1 > f i,

(
ð18Þ
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where e is the weight adjustment coefficient, ρ is pheromone
volatility,w is the number of ants,Q is the total amount of pher-
omone released by the first w -1 ants, and f is the loss function.

3.4. Datasets and Proposed MPPT Algorithm (FA-EAS-
ElmanNN). Equations (19)–(21) are employed to acquire
the datasets of irradiance, temperature, and maximum volt-
age (Vmpp). 70% of the datasets is selected as the training
sets, and the rest is the testing sets. The inputs are the G
and T , and the output is the maximum voltage.

G = Gmax − Gminð Þ rand +Gmin, ð19Þ

T = Tmax − Tminð Þ rand + Tmin, ð20Þ

Vmpp =Vmps + beta T − Trefð Þð Þ, ð21Þ

where Gmax = 1000W/m2, Gmin = 0W/m2, Tmax = 40°C,
Tmin = 10°C, rand is the random number within [0, 1],
Vmps is the maximum voltage of PV array under STC
(Gref = 1000W/m2, Tref = 25°C), and beta is the temperature
coefficient (beta = 0:36901). The flow chart of FA-EAS-
ElamnNN algorithm is given in Figure 8. The specific steps
of the proposed MPPT algorithm are as follows:
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(1) Equations (19)–(21) are employed to acquire the
datasets of irradiance, temperature, and maximum
voltage. Meanwhile, the MSE function is adopted to
update the optimal number of hidden layer nodes
of ElmanNN

(2) Initialize the FA and EAS parameters, such as Popu-
lation size nPop, Cross-border coefficients Ub and Lb
, Pheromone concenration tau, maximum attraction
β0, maximum initial brightness of the fireflies I0,
light absorption coefficient I, and maximum number
of iteration Itmax

(3) FA is used to calculate the relative brightness, attrac-
tiveness, and position of each firefly according to
Equations (11)–(13). Furthermore, the position and
attractiveness value of the brightest firefly is recorded,
and the offspring populations are ranked in descend-
ing order. If the search accuracy is satisfied, perform
the EAS algorithm; otherwise, return to step (3) to per-
form the FA

(4) According to Equations (16)–(18), the EAS is
adopted to improve the positive feedback effect of
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pheromones. At the same time, the EAS is employed
to guide the search direction of the ant colonies and
improve the convergence rate

(5) If the current iteration number It is less than the maxi-
mum number of iteration Itmax, then It = It + 1; other-
wise, return to step (4)

(6) The weight and threshold of ElmanNN are updated
by the FA and EAS. Moreover, the maximum voltage
of the PV array is predicted by the trained ElmanNN

(7) The ΔV =Vpv − V ref is used as the input of the PID
controller, and the PWM technology is acquired to
regulate the switch time of boost converter. The best
performance curves of conventional ElmanNN and
trained ElmanNN are given in Figure 9

As shown in Figure 9(a), the MSE and Epochs of the
trained ElmanNN are 1:1152 × 10−5 and 30. In Figure 9(b),
the MSE and Epochs of the conventional ElmanNN are
3:4674 × 10−5 and 127, respectively. Simulation results indicate
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that the trained ElmanNN has better convergence rate and
learning rate. Figure 10 illustrates the prediction error of the
conventional and trained ElmanNN.

In Figure 10, the prediction error of the conventional
ElmanNN is within [-0.08, 0.06]. The prediction error of
the trained ElmanNN is within [-0.004, 0.004]. It should be
mentioned that the prediction errors and convergence rate
of ElmanNN has been improved in this study.

4. Simulation Results

The FA-EAS-ElmanNN algorithm is contrasted with the
ACO-ANN [31], PSO-RBFNN [32], PSO, and ACO algo-
rithms to validate the superiority of the proposed algorithm
under five atmospheric conditions (STC, rapidly changing G
, slowly changing G, suddenly changing T , and rapidly
changing G and T). Furthermore, the tracking characteris-
tics, stabilization accuracy, and efficiency of the five MPPT
algorithms are analyzed.

4.1. Simulation Mode. The simulation model of FA-EAS-
ElmanNN control based MPPT is given in Figure 11, which
is mainly composed of the PV array, trained ElmanNN, PID
controller, PWM generator, and boost converter.

4.2. MPPT Tracking Characteristic at Startup. Figure 12
shows the tracking characteristic of MPPT curve at startup
under STC. The average output maximum power of five
MPPT algorithm is about 250.08W. Additionally, these
MPPT algorithms can accurately track the MPP of the PV
array, and the deviation from the nominal value of the PV
array power is small.

As shown in Figure 12, at startup, the tracking time of
the ACO-ANN, PSO-RBFNN, PSO, and ACO algorithms
is 0.0024 s, 0.0031 s, 0.0061 s, and 0.0064 s, respectively. In
addition, the tracking time of the FA-EAS-ElmanNN algo-
rithm is 0.0011 s under the same condition. It can be seen
clearly that the FA-EAS-ElmanNN algorithm has excellent

tracking characteristic and stabilization accuracy, and the
power chattering is lower.

4.3. MPPT Tracking Characteristics under Rapidly Changing
G (T = 25°C). Commonly, irradiance changes more fre-
quently, and the efficiency of the PV array is highly influenced
by the irradiance. Therefore, the proposed MPPT algorithm is
applied and tested under rapidly changingG and slowly chang-
ing G. The parameters of rapidly changing Gmodel are as fol-
lows: 0 s-0.1 s, G = 0W/m2; 0.101 s-0.2 s, G = 500W/m2;
0.201 s-0.3 s, G = 700W/m2; 0.301 s-0.4 s, G = 1000W/m2;
0.401 s-0.5 s, G = 800W/m2; 0.501 s-0.6 s, G = 0W/m2.
Figure 13 illustrates the output power of the PV array under
rapidly changing G (T = 25°C).

As shown in Figure 13, G beginning from 500W/m2

increase to 700W/m2 and afterward changes to 1000W/m2;
the tracking time of the FA-EAS-ElmanNN algorithm are
0.0011 s and 0.0013 s, respectively. As shown from Figure 13
that the tracking time of the ACO-ANN, PSO-RBFNN, PSO,
and ACO algorithms is 0.0021 s, 0.0026 s, 0.0036 s, and
0.0041 s, respectively. Figure 14 shows the voltage waveform
of the PV array under rapidly changing G.

In Figure 14, the steady state oscillation rate and MPP
voltage of the FA-EAS-ElmanNN algorithm is 0.31% and
31.3V, respectively. However, the steady state oscillation rate
of the ACO-ANN, PSO-RBFNN, ACO, and PSO algorithms
is 0.84%, 0.91%, 2.84%, and 3.14%. Moreover, the MPP volt-
age of the four compared MPPT algorithms is 30.3V, 30.1V,
29.57V, and 29.35V, respectively. Simulation result shows
that the FA-EAS-ElmanNN algorithm has better tracking
characteristic and robustness under rapidly changing G.

4.4. MPPT Tracking Characteristics under Slowly Changing
G (T = 25°C). In this study, a trapezoidal irradiance model is
constructed according to the daily irradiance model of a block
in the western China. The parameters of the slowly changingG
model are as follows: 0 s~0.5 s, G = 1000W/m2; 0.5 s~1 s, G
decreases from 1000W/m2 to 400W/m2; 1 s~1.5 s, G = 400
W/m2; 1.5 s~2 s, G increases from 400W/m2 to 1000W/m2;
2 s~3 s, G = 1000W/m2. Figure 15 illustrates the output power
of the PV array under slowly changing G.

From Figure 15, at startup, it is manifest that the track-
ing time of the FA-EAS-ElmanNN algorithm is 0.001 s,
and the tracking time of the four compared algorithms are
0.0021 s, 0.0027 s, 0.0058 s, and 0.0064 s, respectively. The
four compared algorithms show obvious power trailing phe-
nomenon. Hence, the stabilization accuracy of the FA-EAS-
ElmanNN algorithm is better than the four compared algo-
rithms. It is quite clear that the FA-EAS-ElmanNN algo-
rithm has excellent respond speed and lower oscillation
amplitude under slowly changing G.

In summary, the FA-EAS-ElmanNN algorithm has better
response speed and tracking characteristic, and the power
waveform is smoother. Furthermore, the proposed MPPT
algorithm has a lower waveform oscillation amplitude under
changing G.

4.5. MPPT Tracking Characteristics under Rapidly Changing
T (G = 1000W/m2). Rain and snow weather will cause the T
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changes, and the efficiency is highly influence by the ambient
temperature. Figure 16 describes the simulation waveform of
five MPPT algorithms under the condition that the T
changes from 40°C to 20°C (G = 1000W/m2).

In Figure 16, at startup, the tracking time to the MPP of
the FA-EAS-ElmanNN algorithm is 0.0013 s. However, the
tracking time of the four compared algorithms is 0.0026 s,
0.0031 s, 0.0063 s, and 0.0074 s, respectively. The tracking
time of the FA-EAS-ElmanNN algorithm is 0.0012 s when
T decreases from 40°C to 20°C. However, the tracking time
of the four compared algorithms is 0.0028 s, 0.0035 s,
0.007 s, and 0.009 s, respectively. The results clearly depict
that the FA-EAS-ElmanNN algorithm exists better tracking

characteristic. Figure 17 illustrates the simulation waveform
of the five MPPT algorithms under the condition that T
changes from 20°C to 40°C (G = 1000W/m2).

In Figure 17, T changes from 20°C to 40°C at 0.05 s; the
FA-EAS-ElmanNN algorithm has better tracking character-
istic, respond speed, and stabilization accuracy. It is mani-
fested from the obtained results show that the FA-EAS-
ElmanNN algorithm has better real-time performance and
robustness than the four compared MPPT algorithms.

In summary, the proposed MPPT algorithm can effi-
ciently track MPP of the PV array. Moreover, the FA-EAS-
ElmanNN algorithm has a higher stabilization accuracy
and tracking characteristic under rapidly changing T .
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4.6. MPPT Tracking Characteristics under Rapidly Changing
G and T . PV array has severe nonlinear characteristic, and the
photoelectric conversion efficiency is greatly influenced by the
external environment. Therefore, the control quality of the five
MPPT algorithms is analyzed under rapidly changingG and T
. The parameters of G and T models are as follows: 0 s-0.2 s,
G = 500W/m2, T = 20°C; 0.2 s-0.5 s, G = 1000W/m2, T = 40
°C; 0.5 s-0.7 s, G = 800W/m2, T = 30°C. Figure 18 shows the
simulation waveform of the five algorithms under rapidly
changing G and T.

As shown in Figure 18, G beginning from 500W/m2

increases to 1000W/m2 and afterward decreases to 800W/
m2; the tracking time of the FA-EAS-ElmanNN algorithm
is 0.0011 s and 0.0013 s, respectively. Moreover, the tracking
time of the ACO-ANN, PSO-RBFNN, ACO, and PSO algo-

rithm is 0.0022 s, 0.0028 s, 0.0056 s, and 0.0059 s under the
same condition. It should be noticed from results that the
FA-EAS-ElmanNN algorithm has smaller power oscillation,
and the tracking characteristic and adaptability are better than
the four compared MPPT algorithms. Figure 19 illustrates the
efficiency of the PV array under rapidly changing G and T.

As shown from Figure 19, the efficiency of the FA-EAS-
ElmanNN algorithm is 99.73%. In contrast, the efficiency of
the ACO-ANN, PSO-RBFNN, PSO, and ACO algorithm is
99.24%, 99.15%, 98.53%, and 98.23%, respectively. It can
be observed that the FA-EAS-ElmanNN algorithm can
acquire the maximum efficiency from the PV array, has bet-
ter reliability and photoelectric conversion efficiency under
rapidly G and T . The results of five MPPT algorithms are
shown in Table 1.
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Table 1: The results of five MPPT algorithms.

MPPT algorithm
Steady-state oscillation rate (%) Power amplitude range (W)

0 s~0.2 s 0.2 s~0.5 s 0.5 s~0.7 s 0 s~0.2 s 0.2 s~0.5 s 0.5 s~0.7 s
FA-EAS-ElmanNN 0.31 0.35 0.33 134.6~136.3 238.9~240.7 193.4~195.6
ACO-ANN 0.84 0.89 0.86 131.1~135.6 233.3~239.4 187.3~194.7
PSO-RBFNN 0.91 0.94 0.92 130.5~135.3 232.1~239.3 186.3~194.8
PSO 2.84 2.85 2.84 126.4~137.3 223.5~241.4 181.3~195.5
ACO 3.14 3.17 3.15 116.8~137.6 217.9~241.1 180.2~195.7

MPPT algorithm
Efficiency (%) Tracking time (s)

0 s~0.2 s 0.2 s~0.5 s 0.5 s~0.7 s 0 s~0.2 s 0.2 s~0.5 s 0.5 s~0.7 s
FA-EAS-ElmanNN 99.71 99.73 99.72 0.0011 0.0013 0.0011

ACO-ANN 99.13 99.24 99.19 0.0020 0.0022 0.0021

PSO-RBFNN 99.05 99.15 99.10 0.0027 0.0028 0.0027

PSO 98.39 98.53 98.44 0.0053 0.0056 0.0054

ACO 98.02 98.23 98.14 0.0057 0.0059 0.0057

13International Journal of Photoenergy



Boost
converter

Sampling
circuitMCU Load

Oscilloscope

PV array

Simulation result

Figure 20: Experimental system with MPPT.

Upv/V CH1 : 20.0 V/dim

Ipv/A CH2 : 10.0 A/dim

Ppv/W CH3 : 10.0 W/dim

(a)

Upv/V CH1 : 20.0 V/dim

Ipv/A CH2 : 10.0 A/dim

Ppv/W CH3 : 10.0 W/dim

(b)

Figure 21: Tracking results under varying G (a) FA-EAS-ElmanNN algorithm and (b) PSO algorithm.

14 International Journal of Photoenergy



In conclusion, the obtained results indicate that the FA-
EAS-ElmanNN algorithm can accurately track the MPP and
has better tracking characteristic, efficiency, and anti-
interference ability compared with the ACP-ANN, PSO-
RBFNN, PSO, and ACO algorithm.

5. Experimental Setup and Results

The tracking characteristic of proposed algorithm is vali-
dated by the experimental system, which is shown in
Figure 20. The experimental setup consists of the PV array,
MCU, load, sampling circuit, oscilloscope, etc. Moreover,
the FA-EAS-ElmanNN algorithm is contrasted with the
PSO algorithm under varying G.

The main experimental steps of the FA-EAS-ElmanNN
algorithm are as follows. First, the compiled program is down-
loaded to the controller by using the J-Link V8 simulator. Sec-
ond, a group of lights is adopted to simulate the change of
irradiance. Finally, the PV voltage, current, and power wave-
forms of the FA-EAS-ElmanNN and PSO algorithm are
recorded, respectively. The tracking results under varying G
for different MPPT algorithms are given in Figure 21.

As shown in Figure 21, the two MPPT algorithms can
track the MPP of the PV array. It is evident that the tracking
time to the MPP of the proposed algorithm is 13ms. Fur-
thermore, the tracking time the PSO algorithm is 21ms. It
can be observed from Figures 12–21 that the FA-EAS-
ElmanNN algorithm has stronger tracking characteristic
and stabilization accuracy.

6. Conclusion

Since the drawbacks of MPPT algorithm, such as weak
respond speed and efficiency, a novel MPPT algorithm based
on the firefly algorithm and elite ant system-trained Elman
neural network is presented. The weight and threshold of
the ElmanNN are updated by the FA and EAS. The obtained
results indicated that the convergence rate and prediction
accuracy of trained ElmanNN are optimized. Also, the track-
ing characteristic, stabilization accuracy, and power genera-
tion efficiency of MPPT algorithm are greatly improved.
The most remarkable characteristic of the proposed MPPT
algorithm is that only maximum voltage of the PV array is
acquired by the irradiance level and ambient temperature,
which makes the algorithm simple without other parame-
ters. Through the analysis of simulation and experimental
results, the conclusions are as follows:

(1) The proposed MPPT algorithm has good perfor-
mance and universality under variable atmospheric
conditions (STC, rapidly changing G, slowly chang-
ing G, suddenly changing T , and rapidly changing
G and T)

(2) The comparison Table 1 states that the proposed
MPPT algorithm is superiority to the ACO-ANN,
PSO-RBFNN, PSO, and ACO algorithms in tracking
characteristic, stabilization, and efficiency

(3) The future works will focus on the implementation
of ANN on DC-DC converter practically
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