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Abstract: To extract the maximum power from a photovoltaic (PV) energy system, the real-time maximum power point (MPP)
of the PV array must be tracked closely. The non-linear and time-variant characteristics of the PV array and the non-linear and
non-minimum phase characteristics of a boost converter make it difficult to track the MPP for traditional control strategies. We
propose a fuzzy neural network controller (FNNC), which combines the reasoning capability of fuzzy logical systems and the
learning capability of neural networks, to track the MPP. With a derived learning algorithm, the parameters of the FNNC are
updated adaptively. A gradient estimator based on a radial basis function neural network is developed to provide the reference
information to the FNNC. Simulation results show that the proposed control algorithm provides much better tracking performance
compared with the fuzzy logic control algorithm.
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INTRODUCTION
Due to the scarcity and adverse environmental
impacts of conventional fossil fuels, photovoltaic (PV)
energy has been attracting more attention in the last
few years as a kind of clean and renewable resource.
In order to increase the output efficiency of a PV
energy system, it is crucial to operate the PV array
near the maximum power point (MPP). Generally, a
DC-DC converter linking the PV array and the load is
used to carry out the maximum power point tracking
(MPPT) (Xiao et al., 2007a). The boost converter is
preferred due to its advantages over the buck converter (Xiao et al., 2007b). However, the MPP of the
PV array varies with the solar insolation and environmental temperature, as shown in Fig.1. Furthermore, the PV array exhibits extremely non-linear
*
Project (No. 20576071) supported by the National Natural Science
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current-voltage characteristic. Its output power depends on the terminal load of the PV system. The
non-linear and non-minimum phase characteristics of
the boost converter (Shtessel et al., 2003) complicate
the MPPT further. To overcome these difficulties,
some control strategies have been proposed, such as
constant voltage (Swiegers and Enslin, 1998), perturb
and observe (Santos et al., 2006), incremental conductance (Brambilla, 1999), sliding mode (Valenciaga
et al., 2001), fuzzy logic controller (Patcharaprakiti et
al., 2005; Altas and Sharaf, 2008), and neural network
(Hiyama et al., 1995; Torres and Antunes, 1998).
However, there still remains a problem of quickly and
steadily determining the locus of the MPP when plant
parameter variations and external load disturbances
occur.
Both the fuzzy logic controller (FLC) and the
neural network controller (NNC) have been successfully used in many applications. The fuzzy IF-THEN
rules extracted from expert knowledge are used to
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rived to update the parameters of the FNNC adaptively. In order to provide the reference information to
the FNNC, a radial basis function neural network
(RBFNN) is used as the gradient estimator. Compared
with the traditional FLC, the proposed control approach performs much better.
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A schematic overview of the PV energy system
is shown in Fig.2. This system consists of a PV array
and a boost converter. The dynamic model of the PV
energy system can be expressed as (Das et al., 2005)

Fig.1 I-V and P-V characteristic curves of the PV array
(a) I-V curves at constant temperature T=298.15 K; (b) P-V
curves at constant temperature T=298.15 K; (c) I-V curves at
constant insolation G=1000 W/m2; (d) P-V curves at constant
insolation G=1000 W/m2

express a proper control strategy. Therefore, a precise
mathematical model of the plant is not required for
the FLC. It is difficult, however, to design the FLC
systematically. Furthermore, the static FLC behavior
relies significantly on the expert knowledge and has
no mechanisms for adapting to the real-time plant
change. On the other hand, a neural network possesses the strong ability of learning from the process
apart from parallelism and fault tolerance. A learning
algorithm is usually used to update the parameters of
the network architecture. However, a tremendous
amount of training data and a long time are needed to
carry out the preliminary off-line learning. It is often
difficult to decide the complexity of a structure for the
desired control. In addition, the inner workings of the
network are invisible to the designer. A fuzzy neural
network controller (FNNC) (Lee and Teng, 2000; Lin
and Wai, 2002; Lin and Lin, 2004), the combination
of an FLC and an NNC, is one of the best controllers
to overcome these problems. The NNC provides the
connection structure and learning ability to the FLC;
the FLC provides a structural framework with the
fuzzy IF-THEN rule reasoning to the NNC.
In this study, a four-layer FNNC is designed to
track the MPP. The information extracted from the
fuzzy control experiences is used to initialize the
parameters of the FNNC. An on-line learning algorithm based on the back-propagation method is de-

⎧ dvpv
1
= (ipv − iLc ),
⎪
C1
⎪ dt
⎪⎪ diL
1
c
= [vpv − vC2 (1 − D)],
⎨
Lc
⎪ dt
⎪ dv
1
⎪ C2 = [iL (1 − D ) − vC / RL ],
c
2
t
C
d
⎪⎩
2

(1)

where C1 and C2 are the input and output capacitors
(or capacitance), respectively; Lc is the inductor (or
inductance); RL and Rs are the load and series resistance, respectively; vpv and vC2 are the voltage of the
PV array and the voltage of C2, respectively; ipv, ID,
iLc and iL are the current through PV array, diode D,
Lc, and the load, respectively; Iph is the photon
current.
ipv
Lc

Rs

Iph

ID

PV array

D

vpv

iLc

C1

Boost converter
MPPT

iL
T

vC2

C2

RL

Load

PWM

Fig.2 Schematic overview of the PV energy system

Photovoltaic array
As a function of voltage, the current of the PV
array is defined by (Xiao et al., 2004)
ipv = np I ph − np I D {exp[(vpv + Rsipv ) / (nsVt )] − 1}, (2)
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as the MPP tracker. The RBFNN-based estimator is
designed to provide a reference signal for the FNNC
parameter tuning. The condition of an MPP can be
described by

where ns is the number of PV cells connected in series,
np is the number of the cells in parallel, and Vt is the
thermal voltage.
The PV array is non-linear and time-variant in
nature. The output power of the cells increases with
an increase in solar radiation and decreases with an
increase in temperature, as shown in Fig.1. There
exists a unique MPP on each P-V curve. In order to
extract the maximum power from the PV array, the
MPP must be tracked using an MPP tracker.

∂Ppv
∂vpv

(3)

d
dt

s( N )

K2

∂vpv

+ ipv = 0,

(4)

∂ipv
∂vpv

+

ipv
vpv

.

(5)

(6)

where I is the input vector of the nodes, O is their
output vector, ki is the quantization factor, and N is the
number of iterations.
(2) Layer 2: membership layer
In this layer, each node uses a Gaussian function
as a membership function.

∂sˆ( N )
∂u * ( N )

Fuzzy neural
u(N+1)
network
K3
(FNN)

∂ipv

⎧⎪ I1(1) = s ( N ), I 2(1) = s( N ),
⎨ (1)
(1)
⎪⎩Oij = ki ( N ) I i , i = 1, 2; j = 1, 2, ..., m,

The proposed intelligent controller is schematically shown in Fig.3. An adaptive FNNC is adopted

K1

= vpv

Structure of the FNNC
Fig.4 depicts the FNNC structure, which is a
four-layer feedforward connectionist network to realize a simplified fuzzy inference system (Lin and Lin,
2004). The inputs of the FNNC are the tracking error
s(N) and the change of the error, s( N ). The output is
the control signal u(N+1) of the PV energy system.
Let each input have m membership functions, then the
input-output relations between layers are stated as
follows:
(1) Layer 1: input layer

FUZZY NEURAL NETWORK CONTROLLER

s( N )

∂vpv

s=

According to the power transfer theory, the
power delivered to the load is maximized when the
equivalent resistance Req equals the output resistance
of the PV array (Mukerjee and Dasgupta, 2007;
Zhong et al., 2008).

On-line
learning
algorithm

∂vpv ipv

where Ppv is the output power of the PV array. Hence,
the tracking error of the MPP can be calculated as

Boost converter
The boost converter as shown in Fig.2 is used to
track the MPP by tuning its duty ratio D (0≤D≤1).
According to the duty ratio given by the MPPT, a
pulse width modulation (PWM) method is used to
generate pulse to drive the MOSFET T of the boost
converter.
The boost converter is characterized by the
non-linearity and non-minimum phase (Shtessel et al.,
2003). The equivalent resistance of the boost converter can be calculated by (Kazimierczuk and Starman, 1999)

Req = RL (1 − D) 2 .

=

RBF
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s ( N − 1)

Plant
*
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vpv
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+
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+
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Fig.3 A schematic of the proposed intelligent fuzzy neural network controller
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erally give more meaningful and stable starting than
random initialization. After the initialization process,
a gradient-descent-based back-propagation algorithm
is employed to adjust the controller parameters.
The energy function is defined as
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#

#

( 2)
O22
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In Layer 4, the error term to be propagated is given by
∏

O2( 2m)

1
k1 ( N ) × ( s ( N )) 2 .
2

∂E ∂s
∂s ( N )
= k1 s ( N ) *
.
*
∂s ∂u
∂u ( N )

δ4 =

Fig.4 Structure of fuzzy neural network controller

⎧ (2)
(O − aij ( N ))
,
⎪ I ij = −
(bij ( N )) 2
⎨
⎪ (2)
(2)
⎩Oij = exp( I ij ),
(1)
ij

The scale factor and the linking weights are updated
by

2

(7)

where aij and bij are the center and width of the
Gaussian function, respectively.
(3) Layer 3: rule layer
(2)
⎧⎪ I l(3) = O1(2)
l O2 l ,
l = 1, 2, ..., m.
⎨ (3)
(3)
⎪⎩Ol = I l ,

(12)

(8)

∂E ∂E ∂s ∂u *
=
= δ 4u ( N ),
∂k3 ∂s ∂u * ∂k3

(13)

∂E ∂E ∂s ∂u * ∂u
=
= δ 4 k3 ( N )Ok(3) . (14)
∂wk ∂s ∂u * ∂u ∂wk

In Layer 2, the error term is computed as

δ12j =

(3)
(2)
∂E ∂s ∂u * ∂u ∂O j ∂O1 j
(2)
∂s ∂u * ∂u ∂O (3)
∂O1(2)
j
j ∂I1 j

= δ k3 ( N ) wl ( N )O O
4

(2)
2j

(2)
1j

(15)

=δ .
2
2j

(4) Layer 4: output layer

⎧ (4) m (3)
⎪ Ι = ∑ Ok wk ( N ),
k =1
⎨
⎪O (4) = u ( N + 1) = I (4) ,
⎩

The centers and the widths of the membership functions are updated by
(9)

where wk is the connecting weight.
The control input of the plant is defined by
u * ( N + 1) = k3 ( N ) × u ( N + 1),

(2)
2(Oij(1) − aij ( N ))
∂E
∂E ∂I
= (2) ij = δ ij2
,
∂aij ∂I ij ∂aij
(bij ( N ))2

(16)

(2)
2(Oij(1) − aij ( N ))2
∂E
∂E ∂I ij
2
=
= δ ij
.
∂bij ∂I ij(2) ∂bij
(bij ( N ))3

(17)

(10)

The quantization factors are updated by
where k3 is the scale factor.
On-line learning algorithm
Once an FNNC has been constructed, the
learning algorithm aims at determining appropriate
values for k1, k2, k3, aij, bij, and wk. Instead of using
random numbers, we suggest these parameters be
initialized using the expert knowledge from the traditional fuzzy control. These initial settings can gen-

(2)
(1)
m
∂E
∂E ∂I ij ∂Oij
=∑
∂ki j =1 ∂I ij(2) ∂Oij(1) ∂ki
m

= ∑δ
j =1

2
ij

−2(Oij(1) − aij ( N ))
(bij ( N ))2

(18)
(1)
i

I .

Then, the FNNC parameters can be updated by (Lin
and Lin, 2004)
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∂E
⎧
⎪ wk ( N + 1) = wk ( N ) − η ∂w + βΔwk ( N ),
k
⎪
⎪
∂E
+ βΔaij ( N ),
⎪aij ( N + 1) = aij ( N ) − η
∂
aij
⎪
(19)
⎨
⎪b ( N + 1) = b ( N ) − η ∂E + βΔb ( N ),
ij
ij
⎪ ij
∂bij
⎪
∂E
⎪
⎪kc ( N + 1) = kc ( N ) − η ∂k + βΔkc ( N ), c = 1, 2, 3,
c
⎩
Δχ = χ ( N ) − χ ( N − 1),
(20)

where η and β are the leaning rate and the momentum
factor, respectively. The only unknown in the pro∂s ( N )
—the gradient of
posed learning algorithm is
∂u * ( N )
the system output with respect to the control input.
Many schemes in the literature can be utilized to
evaluate this gradient (Lee and Teng, 2000; Lin and
Wai, 2002; Lin and Lin, 2004). In this work, we attempt to develop an on-line gradient estimator based
on an RBFNN.

RBFNN-based gradient estimator
A three-layered feedforward RBFNN as shown
∂s ( N )
.
in Fig.5 is adopted to estimate the gradient *
∂u ( N )
Generally, the RBFNN can uniformly approximate
any continuous function to a prospected accuracy.
Due to its simple learning algorithm and network
structure, the RBFNN possesses a fast-convergence
property (Huang et al., 2003). Therefore, the RBFNN
is adopted to identify the input-output dynamic behavior of the controlled plant and to provide the gradient information to the FNNC. The inputs of the
network are the current control input u*(N) and the
most recent output of the plant s(N−1). The output of
the network is the estimated value ŝ(N) of the tracking
error s(N). The signal propagation and the activation
function in each layer are introduced as follows:
(1) Input layer
⎧⎪ x1(1) = u * ( N ), x2(1) = s ( N − 1),
⎨ (1)
(1)
⎪⎩ yr = xr , r = 1, 2,

y1(2)
y1(1)

y2(2) w 1
w 2

u* ( N )

#

#
s ( N − 1)

y2(1)

y (3)
sˆ( N )

ym(2)


w m

Fig.5 Structure of the three-layer RBFNN-based estimator

(2) Hidden layer
⎧ (2)
( y1(1) − φ1v ( N ))2 + ( y2(1) − φ2 v ( N )) 2
=
−
x
,
⎪ v
2(σ v ( N )) 2
(22)
⎨
⎪ y (2) = exp( x (2) ), v = 1, 2, ..., m ,
v
⎩ v
where φrv (r=1, 2) and σv are the center and width of
the Gaussian function, respectively, and m is the
number of the hidden-layer nodes.
(3) Output layer
⎧ (3) m
(2)
⎪ x = ∑ w v ( N ) × yv ,
v =1
⎨
⎪ y (3) = sˆ( N ) = x (3) ,
⎩

(23)

where w v is the connecting weight. The energy function of the RBFNN is defined by
1
e = ( s ( N ) − sˆ( N )) 2 .
2

(24)

The parameters φrv, σv and w v can be updated by
⎧
∂e
+ βΔw v ( N ),
⎪ w v ( N + 1) = w v ( N ) − η
∂
w
v
⎪
⎪⎪
∂e
+ βΔφrv ( N ),
⎨φrv ( N + 1) = φrv ( N ) − η
φ
∂
rv
⎪
⎪
∂e
+ βΔσ v ( N ),
⎪σ v ( N + 1) = σ v ( N ) − η
∂σ v
⎪⎩

(25)

(21)

where x is the input vector of the nodes, and y is their
output vector.

where η and β are the learning rate and the momentum factor, respectively. Mean square error MSE
is employed here to evaluate the identification results,
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MSE =

1 N
∑ (s(t ) − sˆ(t ))2 .
N t =1

(26)

By the input-output relationship between ŝ and
u* of the RBFNN, we can obtain the required gradient
information for the FNNC as follows:
m
∂s ( N )
∂sˆ( N )
∂sˆ ∂y (3) ∂yv(2) xv(2)
≈
=
∑
∂u * ( N ) ∂u * ( N ) v =1 ∂y (3) ∂yv(2) xv(2) ∂u *
m

= ∑ w v ( N ) yv(2)
v =1

φ 1v ( N ) − y1(1)
.
(σ v ( N )) 2

approximating accuracy and fast convergent speed of
the RBFNN, the effect due to the improper selection
of the initialized parameters can be retrieved by the
on-line updating (Huang et al., 2003). Therefore, for
simplicity, the parameters of the RBFNN are initialized as follows:

η = 0.35; β = 0.05; w v = 0; φrv = 0.1; σ v = 3;
r = 1, 2; v = 1, 2, ..., m ; m = 4.
(27)

SIMULATION
In this section, we implement the proposed control strategy to track the MPP of the PV energy system.
A corresponding duty ratio D is given by the FNNC
when the changes of the operating conditions occur.
According to the duty ratio, the PV energy system is
driven to a new MPP by adjusting the equivalent input
resistance Req of the boost converter. As shown in
Fig.3, the FNNC is used as the MPP tracker and the
RBFNN is used to provide the reference information
to the FNNC. A PV array with the surface area of
1.12 m2 and the highest conversation efficiency of
14% was used in this study. The input capacitance C1
of the boost converter is 520 μF, its output capacitance C2 is 420 μF, and its inductance Lc is 76 μH.
Initialization of the controller parameters
Based on the Lyapunov stability approach, rigorous proofs have been presented to guarantee the
convergence of the FNNC by choosing appropriate
learning rates (Lee and Teng, 2000; Lin and Wai,
2002). In this study, the learning rates are chosen as
η=0.18 and β=0.02, which are good enough to obtain
satisfactory controlling results. The initial linking
weights wj are listed in Table 1. The other parameters
of the FNNC are initialized as follows:

k1=0.6; k2=0.6; k3=1;
[ai1(0), ai2(0), …, aim(0)]=[−1, −23/24, …, 23/24, 1];
bij(0)=0.25; i=1, 2; j=1, 2, …, m; m=49.
Some heuristics can be used to roughly initialize
the parameters of the RBFNN. Considering the high

Table 1 The initial linking weights of the FNNC
s
NB
NM
NS
ZO
PS
PM
PB

s=NB NM
1 (w1) 1 (w8)
1 (w2) 2/3
2/3
2/3
2/3
1/3
1/3
1/3
1/3
0
0 (w7) −1/3

Initial linking weight
NS ZO PS
PM
PB
2/3 2/3 1/3
1/3
0 (w43)
2/3 1/3 1/3
0
−1/3
1/3 1/3
0
−1/3
−1/3
1/3
0 −1/3 −1/3
−2/3
0 −1/3 −1/3 −2/3
−2/3
−1/3 −1/3 −2/3 −2/3 −1 (w48)
−1/3 −2/3 −2/3 −1 (w42) −1 (w49)

s: experimental MPP tracking error; s : the change of s. NB:
negative big; NM: negative middle; NS: negative small; ZO:
zero; PS: positive small; PM: positive middle; PB: positive big

Results and discussion
In order to show the effectiveness of the proposed control algorithm, a traditional FLC is also
used to track the MPP (Patcharaprakiti et al., 2005).
The atmospheric conditions (insolation and temperature) and load disturbance are shown in Fig.6.
The quantization factors k1, k2 and scale factor k3 are
adaptive to condition variations, as shown in Fig.7.
The comparison between the experimental error s and
the error ŝ acquired by the RBFNN is shown in Fig.8.
The MSE of the error s is 0.0041. This approximating
accuracy is acceptable for the control purpose.
Figs.9a~9c depict the output voltage, current, and
power of the PV array regulated by the MPPT, respectively. By incorporating the expert knowledge
into the neural network, the convergence speed and
stability of the FNNC are improved, especially in the
first cycle of periodic step-commands. The traditional
FLC needs 10 ms to reach the stable state and its
overshoot is big. The reason is that the initial setting
of the FLC is unsuitable and cannot be updated
on-line. Comparatively, the proposed algorithm is
much better than the traditional FLC, and it needs
only not more than 2 ms with small overshoots and
oscillations to reach the steady state.
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CONCLUSION
In this paper, an intelligent control strategy has
been proposed for the MPPT of a PV energy system.
A four-layer FNNC is adopted as the process feedback controller. The FNNC is initialized using the
expert knowledge from the traditional fuzzy control,
which alleviates the burden of the lengthy prelearning. With a derived learning algorithm, the parameters in the FNNC are updated adaptively by observing the tracking error. An RBFNN is designed to
provide the FNNC with the gradient information,
which avoids the complexity of the PV energy system.
The experimental results show that the FNNC tracks
the MPP quickly and steadily, exhibits good robustness to the parameter variants and external load disturbances, and performs much better compared with
the traditional FLC.
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