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� In this study, different neural networks are used for modeling PVT/N systems.
� Experiments are performed on ZnO/water nanofluid (0.2 wt%).
� Particle Swarm Optimization (PSO) is used to find optimum structure of each model.
� Results of three models are compared and validated with the experiments.
� Neural networks can be well used in modeling nanofluid based solar systems.
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The present study introduces a new approach to model a photovoltaic thermal nanofluid based collector
system (PVT/N). Two artificial neural networks of radial-basis function artificial neural network
(RBFANN) and multi-layer perception artificial neural network (MLPANN), as well as adaptive neuro
fuzzy inference system (ANFIS) model are used to identify a complex non-linear relationship between
input and output parameters of the PVT/N system. Fluid outlet temperature of the collector and the elec-
trical efficiency of the photovoltaic unit (PV) are selected as two essential output parameters of the PVT/N
system. In each model, the optimized structure is obtained through a Particle Swarm Optimization (PSO)
technique. Zinc-oxide/water nanofluid is considered as the working fluid of the PVT/N setup. Experiments
are repeated in ten days with thirteen data points in each day such that different environmental condi-
tions are included in the measurements. Results of the three above-mentioned models are compared and
validated with those of the measurements. All three models were found to be reasonably capable of esti-
mating the performance of the PVT/N system. Moreover, the analysis of variance (ANOVA) results indi-
cated that the ANFIS and RBFANN were more accurate in predicting the electrical efficiency and fluid
outlet temperature, respectively.

� 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Photovoltaic thermal (PVT) systems consist of a heat recovery
mechanism integrated with a conventional photovoltaic module.
These systems, by absorbing the extra heat of the photovoltaic
cells, in addition to an increase of the electrical efficiency, can pro-
duce useful thermal energy that leads to more system performance
[1]. The PVT systems have been studied considerably in the
literature by all means of analytical solutions [2,3], experimental
measurements [1,4,5], and numerical simulations [6,7]. By using
a nanofluid as the coolant in the PVT systems, a large portion of pri-
mary materials used to fabricate the system can be eliminated
based on the scaling of the overall percentage weight of the collec-
tor. Employing nanofluids in solar collectors results in more energy
savings using a smaller size system with less CO2 emission.

Recently, artificial neural networks (ANNs) have been signifi-
cantly employed in different fields by researchers, especially in
energy systems [8]. Ability to find the relationship between
inputs/outputs and also to have high speed simulations are the
known benefits of these networks [9]. Renno et al. [10] applied
the ANN models for predicting the solar radiation as input of a
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concentrating PVT system. They used multi-layer perceptron arti-
ficial neural network (MLPANN) for predicting solar global radia-
tion and direct normal solar irradiance. They showed that the
ANNs models can estimate daily global radiation and direct normal
solar irradiance with a reasonable accuracy. Celik [11] used the
generalized regression neural network to forecast the operating
current of mono-crystalline photovoltaic modules. He compared
the estimated results with those of the analytical model. He con-
cluded that the ANN modeling provides a better prediction of the
current than the analytical model. A similar study can be seen in
the works of Leva et al. [12], Mellit et al. [13] and Ceylan et al. [14].

The ANN model is not only useful in predicting the electrical
performance of the systems, but also it can be employed to predict
the thermal performance of the mechanical systems such as heat
exchangers [15]. Therefore, using the ANN can be an appropriate
Fig. 1. Structural diagram of the ANN: (a) MLPA

Fig. 2. Structural diag
methodology to predict the dynamic behavior of a photovoltaic
thermal systems under internal and external conditions such as cli-
mate changes, the fluid mass flow rate, and the system design.
Gunasekar et al. [16] used the ANN for medeling a photovoltaic-
thermal evaporator of solar assisted heat pumps. They used exper-
imental results in training the network. Their results indicated that
solar intensity and ambient temperature are the most influencing
parameters on the energy performance of PVT evaporators.

Many studies showed that the ANNs are capable in simulating
and predicting variables in nanofluids, such as thermal conductiv-
ity [17–19], viscosity [20,21], density [22] and heat transfer [23,24]
in various conditions. As a result, the ANNs can be used in the sys-
tems involving nanofluids. These systems have been studied con-
siderably in the literature by all means of analytical solutions,
experimental measurements, and numerical simulations.
NN architecture; (b) RBFANN architecture.

ram of the ANFIS.



Fig. 3. Flowchart of the PSO method.

Table 1
Optimization parameters in different neural methods.

MLPANN � number of hidden layers: {1, 2}
� number of neuron in each hidden layers: {5, 25}
� Activation function in each hidden layers: {logsig and tansig}

RBFANN � spread of the Gaussian basis function {1, 10}
� number of neurons: {5, 20}

ANFIS � number of Membership function for each inputs {2, 3}
� type of input membership functions: {Product of two
sigmoidal, Difference between two sigmoidal functions,
Gaussian curve, Generalized bell-shaped, P-shaped,
Trapezoidal-shaped, Triangular-shaped}
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Although the ANN has been studied in many applications, to the
best of authors knowledge, there is few works reported on
modeling of the PVT/N systems by these methods. In this study,
Fig. 4. Block diagram of th
therefore, three methods of the MLPANN, RBFANN and ANFIS are
used to model a PVT/N system. These methods are explained in
Section 2. In Section 3, the PSO is used to find the best structure
for each method in modeling the PVT/N system. The experimental
setup and protocol are explained in Section 4. Finally, the perfor-
mance of the MLPANN, RBFANN and ANFIS in predicting the output
parameters is presented in Section 5.
2. Artificial neural network and ANFIS models

Neural networks are the remarkable methods in pattern classi-
fication problems. Radial-basis function artificial neural network
(RBFANN) and Multi-Layer Perceptron artificial neural network
(MLPANN) are two of the most widely used neural network archi-
tecture. These two methods are both known as universal approxi-
mates for nonlinear input-output mapping. It should be noted that,
the main difference between the MLPANN and RBFANN is that the
output of a MLPANN is calculated by linear combinations of the
outputs of hidden layer nodes that are obtained by a weighted
average of the inputs through a sigmoid function. Although out-
puts of RBFANN are produced by mapping distances between input
vectors and center vectors to output through a nonlinear kernel.
Moreover, the MLPANN can have more than one hidden layer,
while the RBFANN network has only a single hidden layer. A Leven-
berg Marquardt (LM) algorithm is used for back-propagation train-
ing of the network. A schematic of the MLPANN and RBFANN are
shown in Fig. 1a and b, respectively. To enhance the ability of a
neural network in learning, a fuzzy logic is employed. The combi-
nation of the ANN and fuzzy logic is called the adaptive neuro-
fuzzy inference system (ANFIS). In this paper, a hybrid algorithm
is used to learn the ANFIS which is a combination of gradient des-
cent and the least-squares method. Fig. 2 shows the structure of
the ANFIS with two inputs and one output. In this study, we
assume that the MLPANN, RBFANN and ANFIS have three inputs
and one output.
3. Choice of structural parameters by PSO

In this work, the PSO is employed to obtain optimized parame-
ters in each method. The PSO has widely been used in the literature
for optimization of complicated dynamic systems. Kennedy and
Russell [25] proposed this method in 1995. The PSO is appropriated
e proposed technique.
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for the derivation of the global optimum. It is also simple and has a
high tracing accuracy as well as fast convergence [29]. The PSO is
capable of exploring the solution space of a given problem to find
the best answers given a particular objective function. This method
is inspired by the natural social behavior and movement of insects,
birds and fishes [25–28]. In comparison with genetic algorithm
where mutation and crossover are used as evolutionary operators,
in the PSO a flock of particles is placed in the search space. Each
particle updates its travelling speed dynamically based on the fly-
ing experiences of itself and its colleagues, meaning each particle
improves its position based on (1) its current position, (2) its cur-
rent velocity, (3) the distance between its current position and the
best particle (p-best) and finally the distance between its current
position and the global best particle (g-best) [25–29]. Fig. 3 depicts
the general schematic of the PSO method. Table 1, shows the
parameters that are optimized in the MLPANN, RBFANN and ANFIS.
Based on Fig. 4, the role of the PSO is to find the best reference
value for the prediction process, while the ANN (MLPANN and
RBFANN) and ANFIS search for the best mapping function to
Fig. 5. Experimental setup installed at the Ferdowsi University of Mashhad (FUM
predict the targets based on the schematic provided by the PSO.
On the other hand, to obtain the best possible results, a fitness
function is denoted based on the error of the methods, as follows:

F ¼ jjy� ŷjj þmaxðy� ŷÞ þ stdðy� ŷÞ ð1Þ
where y and ŷ represent the target and output vectors of the train-
ing process, respectively. The absolute values of error, the maxi-
mum and standard deviation are used in the fitness function,
which forces the algorithm to focus on reducing the maximum
and minimum error ranges.

The optimized parameters for each method are obtained sepa-
rately. After the optimized network is found, the evaluation criteria
are used to validate the trained model. These criteria are root mean
square error (RMSE), variance accounted for (VAF) and mean abso-
lute percentage error (MAPE) that are formulated as given below

RSME ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
ðyi � ŷiÞ2

r
ð2Þ
), Mashhad, Iran. (a) Front view, (b) side view and (c) schematic diagram.
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VAF ¼ 1� varðy� ŷÞ
varðyÞ

� �
ð3Þ
MAPE ¼ 1
n

Xn

i¼1

yi � ŷi
yi

����
���� ð4Þ

where yi and ŷi are the measured and the estimated output, respec-
tively, and n is the number of samples.

From the experiments, the proposed system was trained by 130
points (ten sets of the experiments) of the recorded data, while
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Fig. 6. Artificial neural network regression diagram for the first output (flui
validation was performed with thirteen points (a set of the exper-
iment) of a different experimental condition. Ambient tempera-
ture, incident radiation and fluid inlet temperature are used as
inputs. On the other hands, fluid outlet temperature and electrical
efficiency are set as output parameters of the system.
4. Experimental setup

The experimental setup consisted of 40 W mono crystalline sil-
icon photovoltaic module. As a PVT system the photovoltaic unit is
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d outlet temperature) and for the second output (electrical efficiency).
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equipped with a cupper sheet and tube collector and system. A
view of the experimental setup is shown in Fig. 5(a–c). Because
of having a closed circulation of working fluid in the thermal col-
lector, in order to prepare the fluid for the next cycle of circulation,
the working fluid must be cooled. This operation can be done by a
heat exchanger. Working fluid have a closed flow circuit with a
shell and tube heat exchanger with a counter flow designed to cool
Table 2
The performance of each model for two outputs.

Outputs Methods RMSE (%)

Fluid outlet temperature MLPANN 0.3875
RBFANN 0.3911
ANFIS 0.3638

Electrical efficiency MLPANN 0.3621
RBFANN 0.2562
ANFIS 0.2675

Fig. 7. Comparison absolute residual error between measurements and predicted resu
the working fluids after absorbing the heat in the collectors. Work-
ing fluid considered in the experiments is the zinc-oxide (ZnO)/
water nanofluid. The ZnO nanoparticles, 100 nm in diameter, were
dispersed in the water, with 0.2 wt.%, with an ultrasound mecha-
nism and acetic acid (CH3COOH) as surfactant. Fluid flow temper-
atures at the inlet and outlet of the heat exchanger and that of the
collector are measured by K-type sensors that data are stored by a
VAF (%) MAPE (R2)

98.7644 0.7777 0.9879
99.2171 0.7481 0.9923
99.3222 0.8110 0.9934

93.3276 0.6330 0.9363
99.0387 0.5054 0.9906
98.9542 0.4882 0.9896

lts from three models for (a) fluid outlet temperature and (b) electrical efficiency.



Table 3
The p-values for comparing the accuracy (in terms of %RMSE) of all models.

1st output (fluid outlet temperature) 2nd output (electrical efficiency)

MLPANN RBFANN ANFIS MLPANN RBFANN ANFIS

P-value MLPANN ⁄ <0.01+ <0.002� ⁄ <0.1+ <0.04+
RBFANN ⁄ ⁄ <0.001� ⁄ ⁄ <0.0003+
ANFIS ⁄ ⁄ ⁄ ⁄ ⁄ ⁄

Plus/minus signs show that the method in each row have a better/worse performance that the method in corresponding columns.
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k-type data logger; different points of photovoltaic (PV) surface
temperature is measured by a portable K-type surface thermocou-
ple. Digital multimeters are used to measure short-circuit and load
currents, and open-circuit and load voltages. The total incident
radiation is measured by a solar power meter (parallel to the pho-
tovoltaic surfaces). Working fluid mass flow rates are controlled
and measured by a rotary flow meter. Experiments are performed
at ten days with different weather condition. A set of the experi-
ments consisted of thirteen data with different weather condition
(solar radiation, ambient temperature, etc.) that recorded
continuously each half an hour from 9:30 AM till 15:30 PM. More
details of the experiments can be seen in previous work [1]. Exper-
iments are repeated for ten days with different weather condition.
5. Results and discussion

In this work, the ability of the MLPANN, RBFANN and ANFIS for
the prediction of fluid outlet temperature (first output) and electri-
cal efficiency (second output) are examined. As it is mentioned
before, these methods are constructed using three inputs and one
output. Therefore, we have three methods for the first output and
three methods for the second. The obtained results of the present
paper are as follows:

(a) First, a cross-correlation between the observed and pre-
dicted values is obtained. As shown in Fig. 6, each of the
six models has a high accuracy to predict the output. To have
a better view about the models, the RMSE, the VAF, the
MAPE and the R2 values are also tabulated in Table 2. This
table shows that despite the high ability of all models, the
ANFIS for the first output and the RBFANN for the second
output provides more reliable predication than the others.

(b) Next, Fig. 7 shows the absolute residual error between mea-
sures and the model output. The error bars displayed in this
figure indicate that the deviation interval (0.053–0.999) of
the predicted values from the ANFIS is smaller than that of
the RBFANN (0.000787–1.07224) and MLPANNN (0.077–
1.09483) for the first output (fluid outlet temperature).
However, deviation interval of RBFANN (0.0019–0.44) to
predict second output (electrical efficiency) is smaller than
ANFIS (0.00219–0.52011) and MLPANN (0.0449–0.7079).

Moreover, one-way analysis of variance (ANOVA) and multiple
comparisons were performed on three groups of predictions (two
outputs) to compare the performance of the MLPANN, RBFANN
and ANFIS. The %RMSE analysis statistically was verified significant
for a p-value less than 0.05. The p-values for the three groups are
shown in Table 3. In general, it was concluded that to predict the
fluid outlet temperature, ANFIS provided lower %RMSE compared
to those of the other two methods mentioned above. The reduction
of the %RMSE in the ANFIS compared to that of the MLPANN
(p < 0.002) and RBFANN (p < 0.001) was significant. Furthermore,
for electrical efficiency, the RBFANN provides a significant reduc-
tion in the %RMSE (p < 0.0003) compared to that of the ANFIS. This,
however, did not hold for prediction of electrical efficiency by
MLPANN (p < 0.1).
6. Conclusion

In the recent years, the ANNs and fuzzy inference systems were
employed for developing the predictive models to estimate the
required parameters. In this study, the MLPANN, RBFANN and
ANFIS were employed for modeling of a PVT/N system in various
conditions. In general, the results showed that: (1) the MLPANN,
RBFANN and ANFIS methods are capable of providing reasonably
accurate estimations of outputs parameters, and (2) the input
parameters (weather conditions) contain important information
about modeling of the PVT. The accuracy of the MLPANN and
RBFANN models was found to be similar in predicting electrical
efficiency (p < 0.1). However, the RBFANN provided significantly
lower %RMSE compared to that of the ANFIS (p < 0.0003). More-
over, the constructed ANFIS was found to result in a higher perfor-
mance than the MLPANN (p < 0.002) and RBFANN (p < 0.001) in
predicting fluid outlet temperature. Therefore, the results of this
study reveal that the ANFIS, MLPANN and RBFANN are well suited
for modeling nanofluids applications in solar systems.

The main focus of the paper is to find a simulation model for the
PVT systems to help engineers to obtain an optimized design. Hav-
ing a proper simulation modeling for the PVT systems, an opti-
mized design can be obtained without any further experiments.
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