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strong network with high accuracy output during training and
validation process. The accuracy of this method is likely
depending on the type and number of membership function for
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I. INTRODUCTION

Intelligent system by means the artificial neural network
(ANN) has been satisfactorily used to solve the optimization
tasks of engineering problems. The advantages of ANN
methods over the other optimization methods are simple
computational techniques and high pattern recognition
abilities [1-4]. As the mature optimization techniques, there
are many different ANN architectures. These may have their
own advantages as well as disadvantages over the others in
different applications. For example, radial basis function
(RBF) neural network is found very fast during the training
process and the structure is directly confirmed after training.
However, there might be trivial errors occur in RBF method
during the validation process. On the other hand, adaptive
neuro-fuzzy inference system (ANFIS) method is also a very

for a single output. Therefore, for multi-objective optimization
problems, it requires multi ANFIS network and each network
must be separately trained. In comparison, the three layered
feed-forward neural (TFFN) method needs intuitive decision
of users to determine the best network structure. The problem
of this method is too many possible network structures that
can be selected during the training process [5].

The artificial neural network is successfully compatible
with the optimization problem of PV system due to their
abilities to deal with non-linear characteristics [6]. In the
maximum power point tracking (MPPT) control application,
the ANN method is very useful to identify the global MPP
points directly without solving any non-linear equations. One
of the MPPT methods utilizes the optimum voltage as the
reference signal [7-9]. The optimum voltage is taken into
consideration because this parameter is varied due to the
environmental factors and their trends are unique in different
type of solar cells. Moreover, under partially shaded or
mismatched cell conditions, the optimum voltage might move
significantly in the I-V characteristic. From this point of view,
much more attentions are still necessary to deal with MPP
optimization problems of PV systems under any scenarios.

Enormous studies of using ANN in the PV system
application have been proposed so far [10-26]. Mostly, the
ANN methods are utilized to forecast the generating power of
system by estimating the insolation level [10-12]. In other
papers, the ANN methods were combined with other
optimization techniques [13, 14] and to determine the optimal
power dispatch under random load [15]; with heuristic
optimization approach to optimize operating costs of a
representative PV based microgrid system [16] and with
evolutionary programming to quantify the optimum values for
the number of hidden nodes [17]. More specific study using
ANN to optimize the solar power battery charger operation for
MPPT controller was explained in [18]. The ANN was also
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Fig. 2. Flow chart of training process of TFFN structure

TABLE II
RESULTS OF ANN TRAINING PROCESS
RBF ANFIS TFEN
PV modules
ny SSE ny SSE ny SSE

MST-43MV 12 0.000375 21 0.004373 4 0.001429

US-32 4 0.000608 21 0.000146 4 0.000114

ST-40 0.000948 21 0.000914 4 0.000227

FS-50 11 0.000739 21 0.003154 7 0.001087

III. SIMULATION RESULTS

The last stage of using ANN method is the validation error
using different input signals. The trained ANN structures in
the previous section are validated with four different input
signals. These are defined as follows:

a. Ramp signal:
E=90t+100(W/m’) and T, =5.5t+10(°C)  (2)

where 0 < time (t) < 10sec.

b. Random number, where the mean of E and T, are
800W/m’ and 50°C, respectively, with variance=1.0

c. Repeating sequence:
E=450t+100(W/m’) and T, =27.5t +15(°C) (3)

where the periodic time (t) is 2 sec with 10 sec of time
simulation

d. Uniform random  number; Enin=1 00W/m> and
Ena=1000W/m* and T,min=10°C and T,max=65°C.

The performance index (J,) has been taken from [32] to
measure the accuracy of proposed method. This index is
calculated as follows:

Ny i SN VERRY
J, = E(\/op_VMPP) E(\/MPP_VMPP) “4)

where N is the number validation data set, i is the i" sample of
data, Vpp is the ideal voltage at maximum power point, V,, is

the estimated optimum voltage and V\pp is the average of
VMPP~

The simulation results for Vypp estimation are presented in
Fig. 3. The figures are only presented in the random number
signal. This kind of signal is necessary to be considered
following the randomly characteristic nature of the irradiance
level. The results confirm that the RBF method is likely
suitable to map between the optimum voltage and the input
signals for 2j a-Si cell technology. On the other hand, ANFIS
network is effectively used in the 3j a-Si technology. In other
results, ANFIS and TFFN methods are giving similar
responses in CIS technology; while RBF and TFFN methods
are producing the same outcomes in thin-film CdTe
technology. For random number signal, the deviation between
the ideal and the optimum voltage is almost the same. From
this result, a bias can be set in the ANN output to shift the
optimum values to the ideal ones. For example, with the TFFN
network for ST-40, the average deviation is 0.0709. This value
can be used as the proposed bias. The overall performance
index for all validation signals is shown in Table III.

In this study, three indicators are used to measure the
selection of ANN structure in the application for non c-Si cells
technology. They are the flexible of training process, the
simplicity of network structure and the accuracy of validation
error. To reach such kind of goals, the ANN network
structures are denoted with ranks; high, modest and low. The
overall result of this approach is shown in Table I'V.

IV. CONCLUSION

This paper has presented different models of artificial
neural network to deal with the Vypp of non crystalline Si PV
modules. The trained configurations are verified using ramp,
random, repeating sequence and uniform random signals of
irradiance and cell temperature. The simulation results
confirm that RBF and ANFIS methods have the flexible
training process; while the TFFN method has simpler network
structure than others. For the accuracy of validation error,
RBF and ANFIS models are more suitable for 2j a-Si and 3; a-
Si PV models, respectively. On the other hand, ANFIS and
TFFN are effectively used in CIS technology. For thin film
CdTe technology, the RBF and TFFN methods are the best
option.



TABLE III
PERFORMANNCE INDEX DURING VALIDATION PROCESS

PV modul ramp signal random signal repeating sequence signal uniform random signal
modules
RBF | ANFIS | TFFN | RBF | ANFIS | TFFN | RBF | ANFIS | TFFN | RBF | ANFIS | TFFN
MST-43MV 0.035 | 0.096 | 0.065 | 0.258 | 0.982 | 0.992 | 0.035 0.113 0.070 | 0.035 0.092 0.065
US-32 0.143 0.007 0.059 | 2.474 | 0.036 | 0418 | 0.128 | 0.007 | 0.059 | 0.146 | 0.008 0.060
ST-40 0.221 0.146 | 0.143 | 1912 1.003 1.023 | 0.236 | 0.171 0.158 | 0.217 | 0.137 0.146
FS-50 0.063 | 0.115 0.081 | 0.205 | 2.009 | 0.868 | 0.071 0.133 0.064 | 0.067 | 0.112 0.080
TABLE IV
EVALUATION PERFORMANCE OF ANN MODELS
ANN Flexibility Training Simplicity of network Accuracy of validation error
models process structure MST-43MV Us-32 ST-40 FS-50
RBF high moderate high low moderate high
ANFIS high low low high high moderate
TFFN moderate high moderate moderate high high
a. Solarex MST-43MV (2] a-Si) b.  USSC Unisolar US-32 (3] a-Si)
with RBF network with ANFIS network
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Fig. 3. Validation results for ramp and random signals for all PV modules



