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a b s t r a c t

Accurate prediction of collector performance is important for optimal planning of solar thermal
systems. Here, a novel prediction method combining clustering of data with artificial neural network
(ANN) model is presented. A novel all-glass straight-through tube solar collector is employed as
reference solar technology. In the present approach, experimental collector performance data was
first collected during different weather conditions (sunny, cloudy, rainy days) subject to a clustering
analysis to screen out outlier samples. The data was then used to train and verify the neural network
models. For the ANN, the Back Propagation (BP) and Convolutional Neural Network (CNN) models
were used. For predicting the performance (thermal efficiency) of the solar collector, solar radiation
intensity, ambient temperature, wind speed, fluid flow rate, and fluid inlet temperature were used
as the input parameters in the model. The prediction accuracy of the neural network models after
full-data-screening were superior to that of the pre-screening and partial-screening models. The CNN
model provided somewhat better efficiency predictions than the BP model. The R2, RMSE and MAE
of the CNN model prediction in sunny conditions with full-screening was 0.9693, 0.0039 and 0.0030,
respectively. The average MAPE of the BP and CNN models for all three weather types dropped by 30.7%
and 13.8%, respectively, when applying data pre-screening and partial-screening only. The accuracy of
the ANN collector prediction model can thus be improved through data clustering, which provides an
effective method for performance prediction of solar collectors.

© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Performance prediction of solar energy systems is vital for
heir optimal planning and operation. The prediction accuracy
irectly influences the planning accuracy, and hence also the
echno-economic uncertainty of a solar energy system. The sub-
ect of this paper is the performance prediction of solar thermal
echnologies. As reference case we employ an all-glass straight-
hrough evacuated tube collector (ETC), which overcomes the
roblems in convective circulation and salt precipitation found
n traditional Dewar-tubes (Kim and Seo, 2007; Salgado-Conrado
nd Lopez-Montelongo, 2019) typically used in ETC systems. This
ew technology has obvious advantages in enhancing heat trans-
er and improving the water quality, and it outperforms the
raditional Dewar-type evacuated tube collector in optical and
verall efficiency (Li et al., 2020; Sobhansarbandi et al., 2017;
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Budihardjo et al., 2007b; Morrison et al., 2005), the understand-
ing of its thermal performance, modelling and analysis is still
incomplete.

The performance of solar thermal systems is typically assessed
through experimental studies or computational tools (Elsheikh
et al., 2019; Bellos and Tzivanidis, 2018; Salazar et al., 2017),
which often are resource intensive. Moreover, theoretical per-
formance simulations are often based on simplified models of
actual devices (Ghritlahre and Prasad, 2018a). Several models
require solving highly non-linear partial differential equations
and using simplifying assumptions (Elsheikh et al., 2019; Bel-
los and Tzivanidis, 2018), which reduce the prediction accuracy.
However, a neural network approach has an inherent ability
to learn and find out the nonlinear relationship between the
system inputs and outputs and is therefore superior to traditional
computational methods (Ghritlahre and Prasad, 2018a). Artificial
neural networks (ANNs) mimic the ‘human brain’ to deal with
various problems based on their capability to learn and discover
the relationship between the input and output variables of a

system (Elsheikh et al., 2019). Neural networks are simple, fast
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Nomenclature

Symbols

Ap Area of evacuated tube, m2

a Output of activation function
b Bias
B Additional bias in convolutional neural

network
Cp Specific heat, J/(kg K)
Hn Number of neurons
I Solar radiation intensity, W/m2

K Convolution kernel
mf Mass flow rate, kg/s
M Neuron number in the input layer
n Total number of data
N Neuron number in the output layer
Q̇ Heat transfer rate, W
R2 Coefficient of determination
T Temperature, K
Tn Number of training data
w Weights
X Input of convolution layer
Z Output of convolution operation
XA Actual value
Xp Predicted value

Greek letters

ηth Thermal efficiency
σ Activation function

Abbreviations

ANN Artificial Neural Network
BP Back Propagation
CNN Convolutional Neural Network
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
RMSE Root Mean Square Error

Subscripts

fi Inlet of working fluid
fo Outlet of working fluid
u Useful

and effective in solving complex nonlinear relationships between
variables and extracted data (Ghritlahre and Prasad, 2018a) hav-
ing many applications in engineering and industries. The aim of
this paper is to develop an ANN-based model enabling thermal
simulation and performance estimation of the all-glass straight
through evacuated tube solar collector and to investigate how to
improve the prediction accuracy of the model. For this purpose,
clustering analysis to screen out outliers from the original data
was employed. To improve the accuracy of the neural network
model, it is combined with clustering approaches which has not
been tried out before to our best knowledge. The application of
such a combination of artificial intelligence (AI) techniques for
solar thermal technologies represents a novel approach and an
effective new way for predicting the performance of solar energy
systems. ANN has been applied in solar energy, e.g., for solar
radiation prediction (Vakili et al., 2017; Mghouchi et al., 2019;
Bou-Rabee et al., 2017; Shaddel et al., 2016; Kashyap et al., 2015),
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photovoltaic applications (Hussain et al., 2020; Yadav et al., 2018;
Almonacid et al., 2017) and solar drying (Prakash et al., 2016).
ANN is also the subject of this paper.

Examples of applying neural networks to solar energy include
the use of neural networks to simulate a flat plate solar collec-
tor using a nanofluid, and to analyse the influence of radiation
energy, fluid flow rate and fluid inlet temperature on the heat
transfer (Tomy et al., 2016). Delfani et al. (2019) determined
the thermal performance of nanofluid direct absorption solar
collector based on ANN and analysed the influence of collec-
tor depth and length on collector efficiency and the Nusselt
number. Shafieian et al. (2020) proposed several data-based and
energy balance-based modelling methods for a heat pipe solar
collector to predict its performance concluding that the artifi-
cial neural network gave the best result. Sadeghi et al. (2020)
investigated factors affecting the energy and exergy efficiency
of a solar collector with neural networks and found that using
copper oxide/water nanofluid in a parabolic concentrator en-
hanced the thermal characteristics of the collector. Ghritlahre and
Prasad (2018b) compared three types of neural network models
in determining the exergy efficiency of a solar air heater and
found that the radial basis function (RBF) model was superior
in accuracy. ANN methods were used in Ghritlahre and Prasad
(2018c) to forecast the thermal performance of a unidirectional
flow porous bed solar air heater. Diez et al. (2019) concluded
that the generalized regression neural network performed the
best for predicting the outlet temperature of the heat transfer
fluid. The ANN technique using surface temperature and collector
parameters as input for determining the efficiency of flat-plate
solar collectors has also been demonstrated. And the comparison
with conventional testing methods indicates the advantages of
ANN models (Sozenm et al., 2008). Cetiner et al. (2005) built
an experimental solar hot water generator and trained neural
network models to reach better prediction accuracy. Kalogiroum
(2006) developed six ANN models to predict the flat-plate collec-
tor performance. The results indicated that the proposed method
can successfully be used for determining the performance pa-
rameters of the investigated solar collectors. Evacuated tube solar
collectors have also been subject to intensive research. Modelling
efforts have mainly focused on thermal performance. For exam-
ple, Li et al. (2020) modelled a horizontal single-ended evacuated
tube with secondary flow improving the performance prediction
from standard models. Heat transfer and fluid flow in single-
evacuated tubes were modelled in Budihardjo et al. (2007a).
Morrison et al. (2005) found that circumferential heat distribution
has a significant impact on the performance of such tubes. Here
the main focus is on the performance prediction of the all-glass
straight through evacuated tube collector (ETC) using ANN (Li
et al., 2020; Morrison et al., 2005; Budihardjo et al., 2007a), but
the method is applicable to other collector systems as well.

The quality of input data directly affects the forecast accuracy
of an ANN model. In actual operation and testing, errors may
occur during data collection leading in wrong or missing records
in the data set (Khatib et al., 2012). In particular, when the
weather varies much, the sample data may contain outlier data.
The ANN may not in such a case correctly mimic the actual
situation. Therefore, screening the sample data may be necessary
to improve the accuracy of the ANN model. The present work
seeks for such an improvement by applying a clustering analysis
to the input data. In clustering analysis, which is linked to data
mining, similar data vectors are divided into the same group
according to the distance or similarity among single vectors and
vector groups (Batmaz et al., 2017; Viscondi and Alves-Souza,
2019). Clustering analysis has recently been applied to solar ra-
diation prediction (Sun et al., 2018; Cheng, 2017; Jimenez-Perez

and Mora-Lopez, 2016; Ghayekhloo et al., 2015) and photovoltaic
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Fig. 1. All-glass straight-through evacuated tube.
Fig. 2. Experimental rig.
systems (Liu et al., 2020; Zhu et al., 2018; Velilla et al., 2017;
Munshi et al., 2016), but not for ETC performance predictions.
The combination of neural networks and data mining for solar
thermal technologies proposed could therefore be a new direction
for solar thermal performance prediction.

The paper is structured as follows. First, the structure of the
all-glass straight-through evacuated tube solar collector is de-
scribed and the experimental set-up to collect data is explained.
Then, the principle of clustering analysis, Back Propagation (BP)
and Convolutional Neural Network (CNN) type of ANNs is de-
scribed. Finally, the main results of the analysis and conclusions
are discussed.

2. Experimental set-up

The neural network technique requires a lot of data points to
train the neural network (Ghritlahre and Prasad, 2018a). There-
fore, an experimental set-up was built here for data collection.
The key element in the set-up is an all-glass straight-through
evacuated tube solar collector shown in Fig. 1. It consists of an
absorption tube (inner glass tube) and cover glass tube (outer
glass tube) which are fused together. A high-quality borosilicate
glass with a low thermal expansion coefficient is used to make
the tube to stand thermal stress (Mathioulakis et al., 2017; Jamar
et al., 2016; Suman et al., 2015; Shukla et al., 2013; Sabiha et al.,
2015). The outer diameter and inner diameter of the tube is
58 mm and 47 mm, respectively. The length is 1.8 m. The outer
surface of the inner glass tube is coated with an absorption layer.
The absorptivity of the selective absorption coating is 0.96 and
the transmittance of the cover glass is 0.96.
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There is normally a vacuum between the inner and outer glass
tubes (pressure <0.013 Pa), but in the experiment, the tubes
used did not have adequate vacuum and the collector performed
more like a flat-plate selective surface collector. However, for the
purpose of this study, the performance was adequate to produce
the data needed in the analysis.

The experimental rig includes the evacuated tube, pyranome-
ter, data logger, supporting steel frame, pipes and connecting
parts, temperature measuring instrument, rotameter, anemome-
ter, etc, as illustrated in Figs. 2 and 3. In the experiment, the
inlet and outlet fluid temperature of the tube and the ambient
temperature are measured. Water is used as the heat transfer
medium. The pipeline connected with a rotameter is equipped
with a control valve. During the experiment, the water is pumped
through the collector only once and is adjusted and stabilized by
the valve. The rotameter measuring the flow rate is arranged at
the inlet of the evacuated tube. The inlet water temperature was
not controlled because the temperature difference of water em-
ployed during the experiment was very small. The sensors were
connected to Agilent34970 A data logger. The experiments were
run from 10 am to 4 pm daily. The experimental site was located
in Nanjing, China, longitude:118◦E, latitude:32◦N. The evacuated
tube faces South and is placed at 35◦ to the horizontal plane. The
solar radiation is measured by a pyranometer (parallel to the all-
glass straight-through evacuated tube solar collector surface). The
main data recorded were the solar radiation intensity, ambient
temperature, wind speed which is measured by an anemometer,
water flow rate and water inlet and outlet temperature. Data
was logged at 30 min intervals, which has also been employed
in similar solar collector experiments and modelling (Ghritlahre
and Praad, 2018).
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Fig. 3. The experimental setup schematic.

The uncertainty in the experimental data can be estimated by
dentifying the main sources of errors in the measurements (Mof-
at, 1988; Zirkel-Hofer et al., 2016). The measurement errors in
olar radiation, water flow rate and temperature were ±1.5%,
2.5% and ±0.1 ◦C. Denoting Y = f (X1, . . . , Xn) as the measured
1, . . . , Xn values, the uncertainty represents the standard devia-
ion of the distribution of Y and is calculated from the following
quation (Moffat, 1988; Zirkel-Hofer et al., 2016; Akdag et al.,
016):

c (Y ) =

√ n∑
i=1

(
∂Y
∂Xi

u (Xi)

)2

(1)

The average uncertainty in the measured thermal efficiency
was ±3.5%.

Most of the solar radiation absorbed by the evacuated tube is
transferred to the inner wall of the tube through heat conduction,
and then to the fluid in the tube. The other part of solar energy is
transferred to the inner wall of the outer glass tube by radiation
and convection, and then transferred through the outer glass
tube by heat conduction. The outer wall of the outer glass tube
lose heat to the environment by convection and to the sky by
radiation.

The performance of the solar collector is evaluated using its
thermal efficiency defined as follows (Duffie and Beckman, 1991;
Tiwari, 2004):

ηth =
Qu

IAp
(2)

where I is the solar radiation intensity reaching the tube surface
which is measured by the pyranometer at the experimental site,
Qu is the useful energy absorbed, Ap is the tube collector surface
area which is calculated from the inner tube (Shafieian et al.,
2020; Sadeghi et al., 2020; Hei et al., 2012; Esen et al., 2009;
Tagliafico et al., 2014). Qu can furthermore be written as (Delfani
et al., 2019; Shafieian et al., 2020; Esen et al., 2009; Tagliafico
et al., 2014):

Qu = ṁf Cp
(
Tfo − Tfi

)
(3)

where ṁf is water flow rate, Cp is the specific heat of water, Tfi,
Tfo represent the inlet and outlet temperature of water.

Consequently, the thermal efficiency of the solar collector can
finally be written in the following form (Delfani et al., 2019; Esen
et al., 2009; Tagliafico et al., 2014; Shafieian et al., 2019):

ηth =
ṁf Cp

(
Tfo − Tfi

)
(4)
IAp
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3. ANN modelling

Thermal efficiency is used here as the parameter to describe
the performance of the solar collector defined in Eq. (4). When
employing the ANN for performance prediction, solving the math-
ematical equations of the collector is not necessary. The Back
Propagation neural network (BP) and Convolutional Neural Net-
work (CNN) methods are used here (Ghritlahre and Prasad, 2018a;
Ghimire et al., 2019; Heo et al., 2020; Zhang et al., 2020). In the
next, the screening of data using the clustering analysis followed
by the BP and CNN methods are explained.

3.1. Clustering analysis

In actual condition the weather will vary over time affecting
the performance of the collector, also causing uncertainty in the
measurement data. This leads to some outlier data which differ
from the data in a normal situation. These sample data points
are far from the main data set, forming outliers. In this study,
they are defined as ‘‘invalid samples’’. Clustering analysis helps
to screen the original data and eliminate the invalid samples. It
also decreases the degree of data dispersion and improves the
accuracy of the prediction.

Clustering analysis is a process of dividing the observed ob-
jects into several groups or classes according to some data char-
acteristics (Ferraro and Giordani, 2019). This process makes the
data objects within the same class to have high similarity, but
the similarity among different data objects is low. The key of the
clustering is to gather similar data together.

The purpose of the clustering analysis in this work is to deal
with outlier data (invalid samples) in the actual data and improve
the quality of the original data. Therefore, a hierarchical clustering
method is employed. The main calculation steps of the algorithm
are as follows Govender and Sivakumar (2020) and Tang et al.
(2014): (1) convert the data points in the set; (2) divide the pro-
cessed objects into n classes, each class containing one sample;
(3) calculate the distance between each two classes according to
the measurement standard; (4) merge the nearest two classes
into a new class; (5) calculate the distance between the new and
the current class, and merge the two classes with the nearest
distance into one. Continue this step until all classes are merged
into one class.

3.2. Back propagation neural network

The Back Propagation neural network (BP) is the most com-
mon neural network model available and is used as a benchmark
for comparing prediction performance. BP is a kind of multi-layer
feedforward neural network with error back-propagation (Zhang
et al., 2019a; Wang et al., 2011; Jiang, 2009), which is composed
of signal forward transmission and error back-propagation. BP
consists input, hidden, and output layers. The input signal is
transmitted to each hidden layer through the input layer, and
finally to the output layer. The error signal is sent back to the
hidden layer and the input layer. Then, the gradient descent
algorithm is applied to adjust the weight and threshold of each
neuron, so that the BP analogy output is close to the expected out-
put. As illustrated in Fig. 4, for the ith neuron, x1, x2, . . . , xj are the
inputs of the neuron, these inputs are independent variables that
have a major impact on the system model, and w1, w2, . . . , wj are
the connection weights to adjust the weight ratio of each input.

The output of layer l is expressed as:

a[l] = σ
(
w[l]

· a[l−1]
+ b[l]

)
(5)

where σ is the activation function, w[l] is the weight matrix, a[l] is
the output of activation function of l-layer neurons, b[l] represents

the bias of neurons in the lth layer.
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Fig. 4. Structure of the Back Propagation (BP) neural network model.
Relu function is used as the activation function (Wang et al.,
2019):

Relu (x) = max {0, x} =

{
x if x ≥ 0

0 if x < 0
(6)

In the neural network model, the selection of the neuron
number in the hidden layer is based on repeated experiments to
optimize the performance of the neural network. There are many
empirical rules to guide the determination of the neuron number.
Here, the following equation is chosen to calculate the neuron
number in the hidden layer (Elsheikh et al., 2019; Ghritlahre and
Prasad, 2018a):

Hn =
M + N

2
+

√
Tn (7)

where M and N represent the neuron number in the input layer
and the output layer respectively, Tn is the number of training
data.

The approximate number of neurons is estimated according
to Eq. (7). After the calculation and comparison, the 32 neurons
in the single hidden layer are selected in the BP model. The Relu
function is the activation function of the hidden layer, and a linear
equation is employed for output layer (Elsheikh et al., 2019), in
which the output is proportional to the input:

ψ (vk) = cvk (8)

where c represents the slope of the output of the function.

3.3. Convolutional neural network

The Convolutional Neural Network (CNN) has seldom been
applied to solar energy. The CNN contains convolution, pooling
and fully connected layers (Wang et al., 2019; Zhang et al., 2019b;
Gu et al., 2018), as illustrated in Fig. 5. Usually there is a con-
volution layer after the input layer and a pooling layer after the
convolution layer. The combination can be repeated many times
to increase the depth of the CNN.

The input layer of the convolutional neural network usually
processes multidimensional data. The convolutional layer aims to
extract the features of input data. It contains several convolution
kernels, and each element of the convolution kernel corresponds
to a weight coefficient and a bias. Each neuron in the convolution
layer is connected to multiple neurons in a close region in the
previous layer, which is called the receptive field. When convo-
lution kernel works, it scans the receptive field and the input
features are summed by multiplication of matrix elements and
the bias is added. The activation function introduces non-linearity

into the neural network and helps to capture the non-linearity
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characteristics of input data (Zhang et al., 2019b; Gu et al., 2018).
The output of the convolution operation is the following:

Zj =

∑
i

Xi ∗ Kij + Bj (9)

Aj = f
(
Zj

)
(10)

where Zj is the output of convolution operation, Xi is the input
of convolution layer, Kij is convolution kernel, Bj represents the
additional bias.

In Eq. (10), Aj is the output of the convolution layer, f (·) is
the activation function, here, Relu function is used as activation
function, as defined in Eq. (6).

After the feature extraction in the convolution layer, the out-
put feature map is transferred to a pooling layer for feature
selection and information filtering, which assist in reducing the
feature map resolution (Zhang et al., 2019b):

Zj = down
(
Xj

)
(11)

where down (·) represents the pooling function. The primary role
of the pooling method is to mitigate overfitting problems in
CNN (Zhang et al., 2019b; Gu et al., 2018). In this study, maximum
pooling (Zhang et al., 2019b; Gu et al., 2018) was employed.

The function of the fully-connected layer is to combine the
extracted features nonlinearly to obtain the output.

In this work, a one-dimensional convolution neural network
is employed. Through the trial calculation of different parameter
settings in the algorithm, the CNN adopts the following model
parameters. In the first convolution layer, the filter is 32, the
kernel size is 2; in the second convolution layer, the filter is 64,
the kernel size is 2. Relu function is the activation function in the
convolution, illustrated by Eq. (6). The output layer adopts a linear
equation.

3.4. Data normalization

Data normalization is a basic process in data mining. Different
evaluation indexes often have different dimensions and dimen-
sional units, which will affect the results of the data analysis. In
order to eliminate the dimensional influence among the indices,
data normalization is essential to solve the comparability among
the data indices. After data normalization, each index is in the
same order of magnitude, which is suitable for comprehensive
comparative evaluation. In this work, data normalization was
done as follows (Ghritlahre and Prasad, 2018a,c; Sozenm et al.,
2008):

Y =
Yi − Ymin

(Highvalue − Lowvalue)+ Lowvalue (12)

Ymax − Ymin
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Fig. 5. Structure of the Convolutional Neural Network (CNN) model.
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here Yi is the experimental data, Ymin and Ymax are the minimum
and maximum sample values, the Highvalue and Lowvalue is 1 and
1, respectively (Ghritlahre and Prasad, 2018c; Sozenm et al.,
008).

.5. Performance criteria

The prediction performance evaluation of the neural network
odels is done on the basis of R2, RMSE, MAE and MAPE (Ghrit-

lahre and Prasad, 2018a; Shafieian et al., 2020; Hu et al., 2016;
Qureshi et al., 2017) explained in the next:

Coefficient of Determination:

R2
= 1 −

∑n
i=1

(
XA,i − XP,i

)2∑n
i=1 X

2
A,i

(13)

Root Mean Square Error (RMSE):

RMSE =

√1
n

n∑
i=1

(
XA,i − XP,i

)2 (14)

Mean Absolute Error (MAE):

AE =
1
n

n∑
i=1

(
XA,i − XP,i

)
(15)

The mean absolute percent error is also employed to evaluate
the established model:

MAPE =
100%
n

n∑
i=1

⏐⏐⏐⏐XA,i − XP,i

XP,i

⏐⏐⏐⏐ (16)

where n is the total number of data, XA,i is the actual thermal
efficiency of the solar collector, and Xp,I is the predicted efficiency
value.

From Eq. (16), the lower the MAPE, the better the prediction
accuracy of the model.

4. Results and discussion

The data collection was done from June to September 2019.
The input layer of the neural network includes the solar radiation
intensity, ambient temperature, wind speed, water flow rate, inlet
water temperature. The thermal efficiency is the output layer of
the neural network. Based on the actual data, clustering analysis
is implemented for three typical weather types: sunny, cloudy
and rainy days. The data filtering includes three situations: (1)
unscreened case–case 1, both the training and test dataset are
not filtered, and the original data is used directly; (2) partially
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screening-case 2, i.e., only the test samples are filtered; (3) full
screening-case 3, i.e., both the training data and test data are
filtered. In these three cases, the thermal efficiency of the evac-
uated tube is determined by BP and CNN models from data
corresponding to the three weather types. Afterwards, statistical
indices are determined to evaluate the prediction performance of
the models under different conditions, also to verify the necessity
of data screening.

4.1. Data screening

The original data was extracted on sunny, cloudy and rainy
days which were sorted by the China meteorological administra-
tion weather forecast. Every instance in the data set includes five
parameters, i.e., the solar radiation intensity, ambient tempera-
ture, wind velocity, water flow rate and inlet water temperature
which were used for screening. Taking a cloudy day as an ex-
ample, the original data is divided into training and test data,
and hierarchical clustering is implemented respectively. The Sil-
houette coefficient is employed to measure the clustering effect.
These are illustrated in Table 1 for the different clusters.

The Silhouette coefficient (SC) is a measure for the clustering
quality (Rousseeuw, 1987). Given a data set I, which contains a
set of instances in clusters C(typically partitions), the SC si for
an instance iϵI in cluster CkϵC is calculated using Eqs. (17)–(19)
Layton et al., 2013).

i =
1

|Ck|

∑
jϵCk,i̸=j

d (i, j) (17)

bi = min
CmϵC,Cm ̸=Ck

1
|Cm|

∑
jϵCm,i̸=j

d (i, j) (18)

i =
bi − ai

max (ai, bi)
(19)

where d() means distance calculation. Here, the Euclidean dis-
tance is employed as the distance metrics (Mesquita et al., 2017).
The Silhouette coefficient is bounded in the interval [−1,1]. Neg-
ative values for a point i indicate that the instance is in the
incorrect cluster. Positive values indicate a correct and dense
clustering, higher values indicating that sample i clustering is
reasonable.

It is observed that the clustering effect of the training and
test data are optimal when these are divided into five clusters.
For training data, there are 143 samples in cluster A, 30 samples
in cluster B, 18 samples in cluster C, 90 samples in class D and
70 samples in cluster E. The test dataset is also divided into five
categories, i.e., 33 samples in cluster A, 25 samples in cluster B,
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Table 1
Silhouette coefficient of various clusters of training and test data set on cloudy days.
Number of clusters 3 4 5 6 7 8 9 10

Silhouette coefficient Training 0.502 0.527 0.583 0.569 0.560 0.538 0.521 0.511
Test 0.523 0.534 0.559 0.558 0.555 0.546 0.544 0.534
Fig. 6. Clustering results of original data on cloudy days. (a) Orange: cluster A(143), Blue: cluster B(30), Green: cluster C(18), Red: cluster D(90), Purple: cluster
(70). (b) Orange: cluster A(33), Blue: cluster B(25), Green: cluster C(45), Red: cluster D(5), Purple: cluster E(9). (For interpretation of the references to colour in
his figure legend, the reader is referred to the web version of this article.)
Fig. 7. Screened data based on clustering analysis on cloudy days. (a) Orange: cluster A(143), Red: cluster D(90), Purple: cluster E(70) (b) Orange: cluster A(33), Blue:
cluster B(25), Green: cluster C(45). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
a

45 samples in cluster C, 5 samples in cluster D and 9 samples in
cluster E, as shown in Fig. 6.

The clustering results are shown in Figs. 6 and 7. From Fig. 6,
he training data and test data are clustered as five data groups,
plit between each other clearly, aggregation states uniformity
ithin a cluster. It is evident that in Fig. 6(a), the data clusters
arked in blue and green contains less data, while in Fig. 6(b)

he data points marked in purple and red are less. Then, these
amples with the least number of clusters are regarded as invalid
amples. Once filtered, the scatter diagram of the filtered data is
hown in Fig. 7. The screening based on the clustering analysis
educes the dispersion degree of data.

The clustering results of the data sets are illustrated in Table 2.
or sunny days, the weather condition is relatively stable, and
he degree of data dispersion is small, so the number of invalid
amples chosen from the training data set and test data set
ccounts for 11.0% and 10.4% of the total number of samples,
espectively. For cloudy days, the change of cloud layer is random,
3976
thus the number of invalid samples is 13.7% and 12.0%. For rainy
days, the weather condition is not stable enough, and the data
dispersion is large, and the invalid data screened out accounted
for 17.9% and 23.1% of the training data set and test data set,
respectively.

4.2. Comparison of models in various conditions

Figs. 8–10 and Table 3 illustrate the comparison of predicted
and actual thermal efficiency of the evacuated tube collector
before and after data screening on sunny, cloudy and rainy days.
According to the data in Table 3, before data screening, the differ-
ence between the predicted value and the actual data is relatively
large regardless of the weather type. When both the training data
set and test data set are not clustered and screened, taking the BP
method as example, the difference between the predicted value
and actual value on sunny days is −0.011. . .+0.041, while during
cloudy weather type, the difference is −0.028. . .0.044, and on
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Table 2
The clustering results statistics for all samples in various weather conditions.
Weather type Sunny Cloudy Rainy Total

Training data Test data Training data Test data Training data Test data

Before screening 546 182 351 117 273 78 1547
After screening 486 163 303 103 224 60 1339
Screening ratio 11.0% 10.4% 13.6% 12.0% 17.9% 23.1% 13.4%
Fig. 8. Experimental and predicted efficiency in partially screening and full screening cases for sunny days. (BP means the Back Propagation Neutral Network, CNN
is the Convolutional Neural Network; Blue points: BP-partially screening, i.e., the BP model and only test data set are screened; Purple points: BP-full screening,
i.e., the BP model and both the training data set and the test data set are screened; Skyblue points: CNN-partially screening, i.e., the CNN model and only test data
set are screened; Green points: CNN-full screening, i.e., the CNN model and both the training data set and the test data set are screened.). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 9. Experimental and predicted efficiency in partially screening and full screening case for cloudy days. (see Fig. 7 for explanation of the dot colours).
rainy days the difference reaches −0.029. . .0.046. On rainy days,
he difference between the predicted value and the actual data is
.04 times of that on cloudy days and 1.43 times of that on sunny
ays. It is thus clear that the prediction accuracy of the neural
etwork model on sunny days is superior to that on cloudy and
ainy days.

According to Figs. 8–10, when the test dataset only was fil-
ered, the difference between the predicted and the actual value
y the CNN model is 73.6% of that by the BP on sunny days and
1.2% on cloudy days, respectively.
When both the training data set and the test data set were

creened, the difference between the predicted and the actual
alue was reduced. The difference of the BP model on sunny
ays is within −0.010. . .+0.022, and on cloudy days is between
0.016. . .+0.019. Correspondingly, the difference between the
redicted and the actual value by the CNN model is in the range
f −0.009. . .+0.007 and −0.012. . .+0.008 respectively. On sunny
ays, the difference between the predicted efficiency and actual
alue by the BP, when both the training data and test data are
3977
Table 3
The minimum and maximum difference between predicted value and actual data
under unscreened in various weather conditions (%).

Sunny Cloudy Rainy

min max range min max range min max range

BP −1.08 4.11 5.19 −2.80 4.37 7.17 −2.92 4.56 7.48
CNN −1.04 3.01 4.05 −1.21 3.68 4.89 −1.25 4.12 5.37

clustered and screened, is 96.7% of that by the BP method in
the partially screening case, while on cloudy days, the difference
range is 69.8% of that of the partially screening. Similarly, on
sunny days, the predicted and actual value gap by the CNN
model under full screening case decreases by 34.9% of that in the
partially screening case, and 41.1% during cloudy weather .

The performance indices predicted by the neural network
method are shown in Table 4. In Case 1 (unscreened) all original
data is used; in Case 2 (partially screening) the training data set
is not filtered, but only the test data set is filtered; in Case 3
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Fig. 10. Experimental and predicted efficiency in partially screening and full screening cases for rainy days. (see Fig. 7 for explanation of the dot colours).
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Table 4
Statistics of screening and weather neural network models.

Weather type Sunny Cloudy Rainy Average
value

Case 1
(unscreened)

BP
R2 0.8147 0.7876 0.7430 0.7818
RMSE 0.0085 0.0130 0.0145 0.0121
MAE 0.0065 0.0096 0.0131 0.0097

CNN
R2 0.8586 0.8231 0.7944 0.8253
RMSE 0.0083 0.0113 0.0146 0.0113
MAE 0.0061 0.0090 0.0130 0.0094

Case 2
(partially
screening)

BP
R2 0.8784 0.8543 0.8295 0.8541
RMSE 0.0068 0.0104 0.0139 0.0104
MAE 0.0045 0.0082 0.0128 0.0085

CNN
R2 0.9079 0.8934 0.8433 0.8815
RMSE 0.0062 0.0091 0.0129 0.0093
MAE 0.0041 0.0073 0.0127 0.0080

Case 3 (full
screening)

BP
R2 0.9389 0.9079 0.8555 0.9008
RMSE 0.0053 0.0089 0.0120 0.0087
MAE 0.0036 0.0072 0.0126 0.0078

CNN
R2 0.9693 0.9361 0.8858 0.9304
RMSE 0.0039 0.0078 0.0105 0.0074
MAE 0.0030 0.0066 0.0125 0.0073

(full screening) both the training data set and the test data set
are filtered. The forecast accuracy of BP and CNN in Case 3 are
superior to Cases 1 and 2. The R2 of the BP on sunny days is
3.2% and 6.4% better than that of case 1 and case 2, respectively.
he R2 of the CNN is 11.4% and 6.3% better than Case 1 and
, respectively. On cloudy days, the RMSE of the BP after full
creening is reduced by 47.7% and 18.2% compared to that of
ase 1 and 2. For rainy weather, the R2 of the CNN in Case 3 is
0.3% and 4.8% higher than that of using original data and only
creening the test data set; for the BP these would be 13.1% and
.0%, respectively.
According to Table 4, the prediction accuracy of both the BP

nd CNNmethods on sunny days is better than that on cloudy and
ainy days. Taking Case 2 as an example, the R2 of CNN on sunny
ays is 1.6% and 7.1% higher than that on cloudy and rainy days,
espectively. At the same time, the RMSE increases by 47.5% and
11.5% on cloudy and rainy days in comparison to sunny days.
he similar phenomenon occurs in Case 1 and 3.
The forecast accuracy of the BP and CNN algorithms are clearly

mproved through the data screening. The average value of R2 by
he BP in Case 3 is 13.2% and 5.2% higher than that of the other
wo cases. The average value of R2 of CNN is 11.3% and 5.3% higher
han in Case 1 and 2, respectively.

In addition, the accuracy of the CNN is slightly better than that
f the BP method. For example, when using full data screening,
he R2 of the CNN for the three weather types is 0.0305, 0.0282
 p
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nd 0.0304 higher than that of the BP, respectively. The RMSE
alues of the CNN decrease by 35.9% and 13.3% respectively.
The results of using MAPE to evaluate the neural network

odel are illustrated in Table 5. For sunny days, the MAPE of the
P method after full screening decreases by 22.8% of case 1 and
0.0% of case 2, while that of the CNN decreases by 22.6% and
.18%, respectively. For cloudy weather, theMAPE of the BP model
n Case 3 is reduced by 15.6% and 3.8% compared Case 1 and 2.
he MAPE of the CNN is reduced by 20.1% and 7.9% respectively.
t is observed that these prediction results are not that good as
n sunny days, explained by the randomness of the clouds and
he higher uncertainty in shielding the sun. For rainy days, the
orecast results of the neural network models before and after
ata screening differ much more. The MAPE results significantly
mprove through data screening: When both the training and test
ata set are screened, the MAPE values of the BP are reduced by
5.2% and 24.2%, and the MAPE of the CNN by 33.8% and 11.2%,
espectively. The prediction error on rainy days is obviously larger
han on sunny and cloudy days, because the weather changes on
ainy days is more complex. The average value of MAPE by the
P and the CNN after full screening is lower than before data
creening and partially screening. The results clearly show that
pplying filtering of the original data improves the prediction
ccuracy of the neural network models.
The trustworthiness of the employed models is dependent

n the experimentally measured data points, hence, it is nec-
ssary to check their validity. The experimental measurements
ay contain different levels of uncertainty, fault and outliers.
utliers are separate or set of data which behave in contrast to
he majority of the data set. If the outlier data interference in
he sample is large, it may happen that the model remembers
he outlier characteristics and ignores the real input and output,
he accuracy of the model will be reduced. For example, this is
vident in case of overfitting, which is illustrated in Fig. 11. Due
o too many outliers, the established model over fits the training
ata, which will make the complex model regard the error of
he training set as the real data distribution characteristics and
oes not consider the generalization ability. The general rules
pplicable to all potential samples are not learned as much as
ossible, resulting in the reduction of the prediction performance
f the test data set including new data. Therefore, one of the
ost important steps in the evolution of models is to detect and

emove outliers which is essential for achieving higher model
alidity. In this study, the clustering method was implemented
o detect possible outliers. It is evident that the prediction per-
ormance of the proposed models is obviously improved by the
leaning procedure to remove outlier data. In this study, the
rediction precision of CNN model is slightly better than the BP
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Table 5
MAPE values of neural network models under different data screening and weather (%).

Weather type Sunny Cloudy Rainy Average

BP CNN BP CNN BP CNN

Prediction error
Case 1 (unscreened)) 0.6160 0.6094 0.7220 0.6796 1.9453 1.7773 1.0582
Case 2 (partially screening) 0.5522 0.5378 0.6485 0.6453 1.6640 1.4770 0.9208
Case 3 (full screening) 0.5018 0.4971 0.6245 0.5657 1.3397 1.3282 0.8095
Fig. 11. Illustration of overfitting.

methods. The traditional BP algorithm has too many weights and
requires a large amount of calculation, whereas the advantage of
CNN is that it reduces the number of parameters in the training
process through the receptive field and weight sharing technique,
which also improves the model performance.

5. Conclusions

In this paper, artificial neural network models with data
screening were applied to predict the thermal efficiency of an
all-glass straight-through evacuated tube solar collector. Solar
radiation intensity, ambient temperature, wind speed, water flow
rate and inlet water temperature were used as the main variables
in the ANN models. Extensive data sets were developed and
employed for the ANNs through well-controlled experiments.
The approach can also be used to model other types of solar
thermal systems, too.

The results clearly show that using screening of the measured
data improves the accuracy of the ANN model in predicting the
solar collector performance. Clustering analysis was employed
here to remove invalid samples including noise from the actual
original data set. The findings were verified through analyses of
three different weather types with three clustering levels ranging
from unscreened with no filtering, partially screening only the
test dataset and full screening of both the training data set and
the test samples.

Full screening of the sample data clearly improved the predic-
tion accuracy of the BP and CNN artificial neural network models
in all weather conditions. This demonstrates the importance of
removing outlier data from the data sets for improving the ANN
accuracy. The prediction accuracy of the CNN model was slightly
better than that of the BP in all weather conditions. The prediction
accuracy of these neural network models was clearly better on
sunny days than on cloudy and rainy days as expected. The
reason for the difference is the increased uncertainty in the solar
radiation pattern: On cloudy days, the thickness, shape, amount
and position of clouds are random, so the uncertainty of blocking
the sun is very high. On rainy days, the weather change is more
complex, but there is also great variance between the rainy days,
e.g., in cloudiness and rain fall, which affect the performance of
evacuated tube collector. However, through the data screening,
the difference in the prediction accuracy between the sunny and
cloudy (and rainy) days decrease, which could be an additional
benefit for this approach to enable potentially better performance
predictions at poorer conditions. This could also enable for better
detecting of cases for lower-than-expected performance, e.g., sort

out system malfunction from weather-based performance.

3979
As applying filtering on original measured data clearly im-
proved the prediction accuracy of neural network models and
has many benefits, it could therefore be recommended that data
screening to be used when applying ANN to thermal efficiency
prediction of solar thermal collectors and systems.

In the next phase of the research, we intend to test new type of
ANNs, such as the recurrent neural network, for the performance
prediction of solar collectors. Also, various data cleaning methods,
e.g., statistical model-based, density-based and proximity-based
methods, will be used to detect outliers, combining these with
the neural networks to compare these models further. The combi-
nation of cluster analysis and neural network could be employed
for performance evaluation. Also, the methods could be applied
to other types of solar energy devices such as photovoltaics.
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