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Abstract In order to improve the output efficiency of a photovoltaic (PV) energy system, the real-time maximum power

point (MPP) of the PV array should be tracked closely. The non-linear and time-variant characteristics of the photovoltaic

array and the non-linear and non-minimum phase characteristics of a boost converter make it difficult to track the MPP as

in traditional control strategies. A neural fuzzy controller (NFC) in conjunction with the reasoning capability of fuzzy logical

systems and the learning capability of neural networks is proposed to track the MPP in this paper. A gradient estimator

based on a radial basis function neural network is developed to provide the reference information to the NFC. With a derived

learning algorithm, the parameters of the NFC are updated adaptively. Experimental results show that, compared with the

fuzzy logic control algorithm, the proposed control algorithm provides much better tracking performance.

Keywords photovoltaic array, boost converter, maximum power point tracking (MPPT), neural fuzzy controller (NFC),

radial basis function neural networks (RBFNN)

Introduction

Photovoltaic (PV) energy systems that convert the
solar energy directly to electrical energy are becom-
ing more popular due to the scarcity and adverse en-
vironmental impacts of conventional fossil fuels. In or-
der to improve the output efficiency of PV arrays, it
is crucial to operate PV energy systems near maxi-
mum power point (MPP). Generally, a DC-DC con-
verter linking the PV array and the load is used to carry
out the maximum power point tracking (MPPT) of the
PV system by tuning its duty ratio[1]. The boost con-
verter is preferred due to its advantages over the buck
converter[2]. However, the MPP of the PV array varies
with the solar insolation and environmental tempera-
ture as shown in Fig.1. Furthermore, the PV array ex-
hibits extremely non-linear voltage-current characteris-
tics. Its output power depends on the terminal load
of the PV system. The non-linear and non-minimum
phase characteristics of the boost converter[3] compli-
cate the MPPT further. To overcome these difficul-
ties, some control strategies have been proposed such
as constant voltage[4], perturbing and observing[5], in-
cremental conductance[6], sliding mode[7], fuzzy logic
control[8−9] and neural network[10−11]. However, there

still remains a problem of quickly and accurately deter-
mining the locus of the MPP when parameter variations
and external load disturbances occur.

Both fuzzy logic controller (FLC) and neural network
controller (NNC) have been successfully used in many
applications. The fuzzy IF-THEN rules extracted from
the expert knowledge are used to express proper con-
trol strategy. Therefore, a precise mathematical model
of the plant is not required for the FLC. It is difficult,
however, to design the FLC systematically. Further-
more, the static FLC behavior relies significantly on ex-
pertise knowledge and has no mechanisms for adapting
to the real-time plant change. On the other hand, a
neural network possesses the strong capability of learn-
ing from the process apart from parallelism and fault
tolerance. A learning algorithm is usually used to up-
date the parameters of the network architecture. But it
needs a tremendous amount of training data and takes
a long time to carry out the preliminary offline learning.
It is often difficult to decide how complex a structure
is actually necessary for the desired control. In addi-
tion, the inside operating of the networks are invisible
to the designer. A neural fuzzy controller (NFC)[12−14],
the combination of an FLC and an NNC, is one of the
best controllers to solve these problems. The NNC pro-
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vides the connectionist structure and learning ability to
the FLC; the FLC provides a structural framework with
fuzzy IF-THEN rule reasoning to the NNC.

In this study, a novel control algorithm is developed
for the MPPT of the PV energy system. A four-layer
NFC is designed to track the MPP. The information
extracted from the fuzzy control experiences is used to
initialize the parameters of the NFC. An on-line learn-

ing algorithm based on the back-propagation method
is derived to update the parameters of the NFC adap-
tively. A radial basis function neural network (RBFNN)
is used as the gradient estimator in order to provide the
reference information to the NFC. Compared with the
traditional fuzzy logic controller, some experiments are
performed to validate the efficiency of the proposed con-
trol strategy. Finally, conclusion is presented.
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Fig.1 I-V and P-V characteristic curves of the PV array

1 Photovoltaic energy system

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 system
can be expressed as [15]:
⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

dvPV

dt
=

1
C1

(iPV − iLC ),

diLC

dt
=

1
LC

(vPV − vC2(1 − D)),

dvC2

dt
=

1
C2

(
iLC (1 − D) − vC2

RL

)
.

(1)

1.1 Photovoltaic array
As a function of voltage, the current of the PV array

is defined as [16]:

iPV = npIph − npID

[
exp

(vPV + RsiPV

nsvt

)
− 1

]
, (2)

where ns is the number of PV cells connected in series;
np is the number of the cells in parallel; vt is the thermal
voltage.
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Fig.2 Photovoltaic energy system

The characteristics of the PV array are non-linear
and time-variant in nature. The output power of so-
lar cell increases with an increase in solar radiation and
decreases with an increase in temperature as shown in
Fig.1. There is a unique MPP on each P-V curve. The
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MPP must be tracked using a maximum power point
tracker in order to extract maximum power from the
PV array.

1.2 Boost converter
Boost converter as shown in Fig.2 is used to track the

MPP by tuning its duty ratio D(0 � D � 1). Accord-
ing to the duty ratio given by the MPPT, a pulse width
modulation (PWM) method is used to generate pulse
and drive the MOSFET T . The boost converter is char-
acterized by the non-linearity and non-minimum phase.
The equivalent input resistance of the boost converter
can be calculated by [17]

Req = Ri(1 − D)2. (3)

According to the power transfer theory, the power
delivered to the load is maximized when the equivalent
resistance Req equals to the output resistance of the PV
array[18].

2 Proposed neural fuzzy controller

The proposed intelligent control system is schemat-
ically shown in Fig.3. An adaptive neural fuzzy con-
troller (NFC) is adopted as the maximum power point
tracker. The condition of a maximum power point can
be described as

∂Ppv

∂vpv
=

∂vpvipv

∂vpv
= vpv

∂ipv

∂vpv
+ ipv = 0. (4)
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Fig.3 Adaptive neural fuzzy control system

Hence, input error term of the NFC for the MPP can
be calculated as

s =
∂ipv

∂vpv
+

ipv

vpv

≈

ipv(N) − ipv(N − 1)
vpv(N) − vpv(N − 1)

+
ipv(N)
vpv(N)

, (5)

where N is the number of iterations. The RBFNN-based
estimator is designed to identify the input-output dy-
namic behavior of the controlled plant so as to provide
a reference signal for the NFC parameter tuning.

2.1 Structure of the NFC
Figure 4 depicts the NFC structure, which is a four-

layer feedforward connectionist network to realize a sim-
plified fuzzy inference system[12]. Let each input have n

membership functions, then the input-output relations
between layers are stated precisely as follows:

(i) Layer 1: input layer
The input units in this layer are the tracking error

x1 = k1s and the change of the error x2 = k2ṡ. The
input layer is defined as

{
I
(1)
i = xi, i = 1, 2,

O
(1)
ij = I

(1)
i , j = 1, 2, · · · , n.

(6)
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Fig.4 Structure of the four-layer NFC

(ii) Layer 2: linguistic term layer
In this layer, each node uses a Gaussian function as a

membership function. Thus, the input-output relation-
ship of this layer is defined as
⎧
⎪⎪⎨

⎪⎪⎩

I
(2)
ij = − (O(1)

ij − aij)2

b2
ij

,

O
(2)
ij = exp(I(2)

ij ),

(7)

where aij and bij are, respectively, the center and the
width parameters of the Gaussian function.

(iii) Layer 3: rule layer
Each node in this layer is denoted by Π. The rule

node is represented as
⎧
⎨

⎩

I
(3)
(j−1)n+l = O

(2)
1j O

(2)
2l , l = 1, 2, · · · , n,

O
(3)
k = I

(3)
k , k = 1, 2, · · · , m(= n2).

(8)

(v) Layer 4: output layer
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This layer performs the centroid defuzzification to
obtain the inference output, that is
⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

I(4) =
m∑

k=1

O
(3)
k wk,

O(4) = u =
I(4)

m∑

k=1

O
(3)
k

.
(9)

The control input of the plant is defined as

u∗ = k3u. (10)

2.2 On-line learning algorithm
Once an NFC has been constructed, the learning

aims at determining appropriate values for the quanti-
zation factors (k1, k2), the scale factor (k3), the parame-
ters of the Gaussian membership functions (aij , bij), and
the linking weights (wq). Instead of using random num-
bers in pure neural networks, we suggest in this study
to initialize these parameters using the expert knowl-
edge from the traditional fuzzy control. These initial
settings can generally give more meaningful and stable
starting than random initialization. After the initializa-
tion process, a gradient-descent-based back-propagation
algorithm is employed to adjust the controller parame-
ters.

The error function is defined as

E =
1
2
k1s

2. (11)

The scale factor and the linking weights are updated
by

∂E

∂k3
=

∂E

∂s

∂s

∂u∗
∂u∗

∂k3
= k1s

∂s

∂u∗u, (12)

∂E

∂wq
=

∂E

∂s

∂s

∂u∗
∂u∗

∂u

∂u

∂wq

= k1s
∂s

∂u∗ k3
O

(3)
k

m∑

p=1
O

(3)
p

. (13)

The gradients ∂E
∂a1j

and ∂E
∂k1

can be derived respec-
tively by

∂E

∂a1j
=

∂E

∂s

∂s

∂u∗
∂u∗

∂u

n∑

l=1

∂u

∂O
(3)
(j−1)n+l

·
∂O

(3)
(j−1)n+l

∂O
(2)
1j

∂O
(2)
1j

∂I
(2)
1j

∂I
(2)
1j

∂a1j

= k1s
∂s

∂u
k3

2(O(1)
1j − a1j)O

(2)
1j

b2
1j

( m∑

p=1
O

(3)
p

)2

n∑

l=1

O
(2)
2l

·
(
w(j−1)n+l

m∑

p=1

O(3)
p −

m∑

p=1

O(3)
p wp

)
,

j = 1, 2, · · · , n, (14)

∂E

∂k1
=

n∑

j=1

(
− ∂E

∂a1j

)
s. (15)

In a similar way, the gradients ∂E
∂a2j

and ∂E
∂k2

can be
derived respectively by

∂E

∂a2j
= k1s

∂s

∂u∗ k3

2(O(1)
2j − a2j)O

(2)
2j

b2
2j

( m∑

p=1
O

(3)
p

)2

n∑

l=1

O
(2)
1l

·
(
w(l−1)n+j

m∑

p=1

O(3)
p −

m∑

p=1

O(3)
p wp

)
,

j = 1, 2, · · · , n, (16)

∂E

∂k2
=

n∑

j=1

(
− ∂E

∂a2j

)
ṡ. (17)

The gradients ∂E
∂b1j

and ∂E
∂b2j

can be obtained by

∂E

∂b1j
= k1s

∂s

∂u∗ k3

2(O(1)
1j − a1j)2O

(2)
1j

b3
1j

( m∑

p=1
O

(3)
p

)2

n∑

l=1

O
(2)
2l

·
(
w(j−1)n+l

m∑

p=1

O(3)
p −

m∑

p=1

O(3)
p wp

)
,

j = 1, 2, · · · , n, (18)

∂E

∂b2j
= k1s

∂s

∂u∗ k3

2(O(1)
2j − a2j)2O

(2)
2j

b3
2j

( m∑

p=1
O

(3)
p

)2

n∑

l=1

O
(2)
1l

·
(
w(l−1)n+j

m∑

p=1

O(3)
p −

m∑

p=1

O(3)
p wp

)
,

j = 1, 2, · · · , n. (19)

Then, the NFC parameters can be updated by [12]

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

wq(N + 1) = wq(N) − η
∂E

∂wq
+ βΔwq(N),

aij(N + 1) = aij(N) − η
∂E

∂aij
+ βΔaij(N),

bij(N + 1) = bij(N) − η
∂E

∂bij
+ βΔbij(N),

kc(N + 1) = kc(N) − η
∂E

∂kc
+ βΔkc(N),

(20)

Δχ = χ(N) − χ(N − 1), q = 1, 2, · · · , m, c = 1, 2, 3.
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The only unknown in the proposed learning algo-
rithm is ∂s

∂u∗ the gradient of the system output with
respect to the control input. Many schemes in litera-
ture can be utilized to evaluate this gradient[12−14]. In
this work, we attempt to develop an online gradient es-
timator based on RBFNN.

2.3 RBFNN-based gradient estimator
A three-layer feedforward RBFNN[19] as shown in

Fig.5 is adopted to estimate the gradient ∂s
∂u∗ . The in-

put of the network is the control input (x̃1 = u∗) and
the output of the controlled plant (x̃2 = s). The output
of the RBFNN is the estimated value ŝ of the track-
ing error s. The signal propagation and the activation
function in each layer are introduced as

(i) Input layer

{
net(1)r = x̃r , r = 1, 2,

y(1)
r = net(1)r , r = 1, 2.

(21)

y1
(2)

y1
(1)

y

S

(3)

y (2)y (1)
2

w1x1

x2

u*

wS
m

m

. .
 .

Fig.5 Structure of three-layer RBFNN estimator

(ii) Hidden layer

⎧
⎪⎨

⎪⎩

net(2)v = − (y(1)
1 − φ1v)2 + (y(1)

2 − φ2v)2

2σ2
v

,

y(2)
v = exp(net(2)v ), v = 1, 2, · · · , m̃.

(22)

(iii) Output layer

⎧
⎪⎪⎨

⎪⎪⎩

net(3) =
em∑

v=1

w̃vy(2)
v ,

y(3) = net(3).

(23)

The error function of the RBFNN is defined as

e =
1
2
(s − ŝ)2. (24)

The parameters (φrv, σv, w̃v) can be updated by
⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

w̃v(N + 1) = w̃v(N) − η̃
∂e

∂w̃v
+ β̃Δw̃v(N),

φrv(N + 1) = φrv(N) − η̃
∂e

∂φrv
+ β̃Δφrv(N),

σv(N + 1) = σv(N) − η̃
∂e

∂σv
+ β̃Δσv(N).

(25)

Mean square error (MSE) is employed here to eval-
uate identification results:

MSE =
1
N

N∑

t=1

(s(t) − ŝ(t))2. (26)

From the input-output relationship between ŝ and
u∗ of the RBFNN, we can get the required gradient in-
formation for the NFC as

∂s

∂u∗ ≈ ∂ŝ

∂u∗ =
em∑

v=1

∂ŝ

∂y(3)

∂y(3)

∂y
(2)
v

∂y
(2)
v

net(2)v

net(2)v

∂u∗

=
em∑

v=1

w̃vy(2)
v

(φ1v − y
(1)
1 )

σ2
. (27)

3 Results and discussion

In this section, we shall implement the proposed NFC
to track the MPP of the PV array. The parameters in
the NFC are initialized as follows:

k1 = 1, k2 = 0.50, k3 = 1,

η = 0.30, β = 0.02, n = 7,

[ai1(0), ai2(0), · · · , ain(0)]

= [−1,−2/3,−1/3, 0, 1/3, 2/3, 1], bij(0) = 0.25.

The initial linking weights w are listed in Table 1.
The parameters of the RBFNN are initialized as

η̃ = 0.35, β̃ = 0.05,

w̃v = 0, φrv = 0.10, σv = 3,

r = 1.20, v = 1, · · · , m̃, m̃ = 4.

In order to show the effectiveness of the proposed
control algorithm, a traditional FLC is also used to track
the MPP[8]. The atmospheric conditions (insolation and
temperature) and external load disturbance are shown
in Fig.6. The quantization factors (k1, k2) and scale fac-
tor (k3) are adaptive to condition variations as shown
in Fig.7. The comparison between the experimental er-
ror s and the error ŝ acquired by the RBFNN is shown
in Fig.8. The MSE of the error s is 0.005 4. Figures 9
and 10 depict the voltage and current of the PV array
regulated by MPP tracker, respectively. The traditional
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Table 1 Initial linking weights of the NFC

x1

x2
NB NM NS ZO PS PM PB

NB 1.00(w1) 1.00(w8) 0.66 0.66 0.33 0.33 0.00

NM 1.00(w2) 0.66 0.66 0.33 0.33 0.00 −0.33

NS 0.66 0.66 0.33 0.33 0.00 −0.33 −0.33

ZO 0.66 0.33 0.33 0.00 −0.33 −0.33 −0.66

PS 0.33 0.33 0.00 −0.33 −0.33 −0.66 −0.66

PM 0.33 0.00 −0.33 −0.33 −0.66 −0.66 −1.00(w48)

PB 0.00 −0.33 −0.33 −0.66 −0.66 −1.00(w42) −1.00(w49)

FLC needs 8 ms to reach sable state and its overshoot
is big. Comparatively, the proposed algorithm is better
than the traditional FLC, and it only needs no more
than 2 ms with hardly any overshoot to reach steady
state.

The error s of the maximum power point tracking
is shown in Fig.11. Although both of the FLC and the
proposed NFC can acquire the MPP under the variant
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conditions, the accuracy and stability achieved by the
proposed NFC is better than that of the FLC.

4 Conclusion

In this paper, an intelligent control strategy is pro-
posed for the MPPT of a PV energy system. A four-
layer NFC is adopted as the process feedback controller.
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Fig.9 Regulated voltage (vPV) of photovoltaic energy sys-

tem
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Fig.10 Regulated current (iPV) of photovoltaic energy sys-

tem
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Fig.11 Error (s) of MPPT for the photovoltaic energy sys-

tem

The NFC is initialized using the expert knowledge from
the traditional fuzzy control, which reduces the burden
of the lengthy pre-learning. With a derived learning al-
gorithm, the parameters in the NFC are updated adap-
tively by observing the tracking error s. A radial basis
function neural network (RBFNN) is designed to pro-
vide the NFC with the gradient information, which re-
duces the complexity of the internal system. The exper-
imental results have shown that the NFC can track the
MPP smoothly and quickly, exhibits good robustness to
the parameter variants and external load disturbances,
and performs much better compared with the traditional
FLC.
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