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Abstract
In a context of sustainable development, enthusiasm for CSP technologies is developing. To achieve a better competitiveness of
the CSP plants, the CSPIMP (Concentrated Solar Power efficiency IMProvement) project has been recently initiated. The main
target is to develop a new procedure to improve steam turbine start up cycles, maintenance activities and advanced plant control
schemes. One challenge of the project is to better forecast the solar resource in order to better manage the CSP plant. An
important parameter to estimate or predict the solar radiation is the atmospheric turbidity. Indeed, the direct normal irradiance
(DNI) under clear sky can be expressed as a function of extraterrestrial irradiation, a coefficient depending on the altitude of the
site and on the atmospheric turbidity. This paper focuses then on forecasting this atmospheric turbidity at different time horizons
(until 3 hours). The proposed forecast method consists of an adaptive network-based fuzzy inference system based on data
selected from the NREL laboratory by using discrete wavelet transform. From the ANFIS model developed and its different
blocs, future values of atmospheric turbidity are then obtained. The best configuration for the tools used leads to satisfactory
forecasting results and validates the proposed ANFIS methodology.
© 2013 The Authors. Published by Elsevier Ltd.
Selection and peer review by the scientific conference committee of SolarPACES 2013 under responsibility of PSE AG.
Keywords: Atmospheric turbidity; adaptive network-based fuzzy inference system; principal component analysis; wavelet-based multi-resolution
analysis.

1. Introduction
Accurate knowledge of direct normal irradiance (DNI) under clear sky conditions is of high interest in many solar
energy applications like concentrated solar power (CSP).
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E-mail address: julien.nou@promes.cnrs.fr
1876-6102 © 2013 The Authors. Published by Elsevier Ltd.
Selection and peer review by the scientific conference committee of SolarPACES 2013 under responsibility of PSE AG.
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Nomenclature
AG
AM
As
ANFIS
b
DBT
FIT
Ibn
I0
PCA
MAE
MRE
SG
TLIP

asymmetric Gaussian
altitude corrected air mass
altitude of the studied site
adaptive network-based fuzzy inference system
multiplicative coefficient depending on the altitude of the site
dry bulb temperature
similarity criterion
direct normal irradiance
irradiance of the extraterrestrial solar radiation
principal component analysis
mean absolute error
mean relative error
symmetric Gaussian
atmospheric turbidity from Ineichen and Perez

The present paper, as part of the CSPIMP (Concentrated Solar Power efficiency IMProvement) project, focuses
on the development of a forecasting model of the atmospheric turbidity.
The CSPIMP project began in may 2012 and includes the PROMES-CNRS laboratory and three partners:
ACCIONA Energía (world leader in the renewable sector), Thermodyn (specialized in the supply of turbomachinery
and services for the Oil and Gas industry, from production to transportation and processing, as well as for the
production of electricity in co-generation plants) and Nuovo Pignone (offers a large portfolio of highly reliable
machinery and equipment for all segments of the oil & gas industry). The CSPIMP project focuses on optimizing the
performance of CSP plants. Its main target is to develop a new procedure to improve steam turbine start up cycles,
maintenance activities and advanced plant control schemes. One challenge of the project is to better forecast the
solar resource in order to better manage the CSP plant.
To estimate or predict the solar radiation clear sky atmospheric transmittance is required. The atmosphere is
composed of two aerosol particles categories disposed in two dominant layers. The first layer, located at 0-3 km of
the Earth's surface, is affected by natural phenomena and anthropogenic activities. The second, called stratospheric
dust layer, is located at 15-25 km results from volcanic activities and cosmic rays [2]. Linke proposed a first
expression of the atmospheric turbidity: the Linke turbidity coefficient TL [8]. It represents the number of clean dry
atmosphere necessary to produce the observed attenuation of the solar radiation. For example, in Europe, during
summer, the water vapor is often large and the blue sky is close to white: TL is larger than 3. In turbid atmosphere
(polluted cities), the TL is close to 6 - 7. This coefficient was widely used since 1922, because it is easy to
implement. However, it is dependant to the airmass [16, 9, 17]. That is why, in 2002, Ineichen and Perez proposed a
new formulation of the Linke turbidity coefficient in order to avoid its dependence upon solar geometry and they
developed a simple clear sky model for direct normal irradiance [10]. Introducing the Linke turbidity coefficient
(TLK) at air mass 2, and a multiplicative coefficient b taking into account the altitude of the site AS, they obtained the
empirical expression of the normal clear sky radiation Ibn:

I bn  b.I 0 . exp  0.09. AM .TLK  1
Where:

b  0.664  0.163 / exp( AS / 8000)

(1)
(2)

I0 represents the normal incidence extraterrestrial irradiance and AM the altitude corrected air mass [17]. To
extract the turbidity factor they inverted the expression (1) and obtained the TLIP value as:
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 bI 
TLIP  1  11.1 log 0  / AM 
 I bn 



(3)

Consequently, one can easily obtain TLIP knowing the value of the normal clear sky radiation Ibn and the
geographical parameters of the site (latitude, longitude and altitude). In this present study, the values of the
atmospheric turbidity used to develop and validate the predictive models, have been computed using the TLIP
expression (3).
Works for hourly meteorological data forecasting (like temperature) have already been mainly developed in the
context of short-term or long-term load forecasting and power utilities management . The complex and nonlinear
nature of meteorological parameters variations and the abundance of historical data suggest that computational
intelligence data-based modeling techniques would be good candidates. In 2011, Marquez and Coimbra developed a
solar forecasting model using an Artificial Neural Network (ANN) [21]. For its development and validation, they
used predicted meteorological variables from the US National Weather Service’s (NWS) forecasting database as
inputs. Another work based on artificial intelligence has been presented about solar radiation attenuation in the
atmosphere [23]. They developed two models for evaluating atmospheric transmittance using fuzzy logic algorithms.
They conclude that fuzzy models are able to perform at least as well as classical models.
The proposed forecast method consists of an adaptive network-based fuzzy inference system based on data
selected from the NREL laboratory. A discrete wavelet transform has been applied on this database in order to only
select data by clear sky. The ANFIS model is composed of different blocs which give future values of the
atmospheric turbidity at several time horizons until 3 hours in order to predict the solar radiation. This paper also
presents a study on the influence of model inputs. Indeed, two input sets have been considered: the first one
corresponds to the direct meteorological parameters measured while the second derived from a principal component
analysis (PCA) on the initial input set.
First, the paper focuses (section 2) on the database selected for the study and on a wavelet-based multi-resolution
analysis allowing the model inputs and outputs to be chosen (Fig. 1.a). Section 3 deals with a principal component
analysis based on the data in order to find correlations between meteorological variables and to avoid redundant
information during the model development (Fig. 1.b). Section 4 describes the neuro-fuzzy methodology used and the
proposed side-by-side ANFIS developed (Fig. 1.c). The final part of the paper concludes the present work.

Fig. 1. Diagram of the presented study
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2. Database and preliminary analysis
2.1. NREL database
The original database used to develop the atmospheric turbidity model has been collected from the NREL station
in Golden, Colorado, USA (Latitude 39.74° N, Longitude 105.18° W, Elevation 1829 m) at
http://midcdmz.nrel.gov/apps. Many meteorological parameters are measured as direct normal irradiance, dry bulb
temperature, wind speed, wind direction, relative humidity, and pressure. For this study, measurements from 2002 to
2013 with hourly and 1-minute acquisition frequencies have been selected to develop and validate the predictive
model. Moreover, since data including the atmospheric turbidity values were necessary, only data by clear sky have
been retained. The problematic is to determine when the sky can be considered as clear and thus selecting
appropriate data. The method employed is described in the next section.
2.2. Data selection using discrete wavelet multi-resolution analysis
To detect the cloud presence, a wavelet-based multi-resolution analysis was performed using the discrete wavelet
transform (DWT). Basically, the discrete wavelet multi-resolution analysis, commonly based on Daubechies
orthogonal wavelet basis [6], allows decomposing a signal into approximations and details using respectively lowpass (LP) and high-pass (HP) filters [20]. This process can be repeated n times, producing n levels of
decomposition, but decomposing (downsampling) the approximations (the low frequency coefficients) only (Fig. 3).
Indeed, the high frequency coefficients are neglected. So, a signal x can be first decomposed into an approximation
A1 and a detail D1 (that is the level 1 of the decomposition). Then A1 can be decomposed into an approximation A2
and a detail D2 (that is the level 2 of the decomposition) and so on. Considering n levels of decomposition, the
reconstruction process allows recovering the initial signal x, summing the n details D1, D2, …, Dn and the
approximation An of level n.

Fig. 2. Multi-resolution analysis leading to the 3-level decomposition of a signal x

2.3. Approach
The approach retained to only select clear sky measurements from the NREL database is, in part, based on the
details sum D of level n. From this value, one can obtain the high frequency of the initial signal. Therefore, a high
value, representing a high variation of DNI, can correspond to a passing cloud or a sky partially covered. On the
contrary, a low value of D can correspond to a clear sky. However, the value of D can also be low at night or during
a very cloudy day, that is why the selection data has been done considering both the signal D and the DNI. From
then on, the detection algorithm has been established taking into account a maximum value for D at 3 W and a
minimum value for the DNI at 20 W.m-2 as the following way:
 If D<3 AND DNI>20 THEN Decision = 1
 ELSE Decision = 0
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where 0 represents a sample not selected and 1 a sample selected. To improve the methodology, two qualitative
criteria based on observation have been analyzed from data including passing clouds. These two criteria are: the
ability of the system (k) to keep good samples (clear sky) and to avoid (a) the wrong samples (covered sky). Table 2
highlights the best configuration retained for the data selection. It takes into account a 3-level decomposition (n=3)
of the DNI measurement and uses Daubechies wavelets of order 4 (N=4).

Level decomposition n

Table 1. Parametric study for the wavelet decomposition design

1
2
3
4

k
a
k
a
k
a
k
a

-- inadequate

1
+
+
+
+
-

Order N of Daubechies wavelets
2
3
4
5
+
+
+
+
+
+
+
+
+
+
+
+
+
++
+
++
++
+
+
++
++
+
+
++
++
+
+
++
++

- incomplete

+ satisfying

++ complete

One can notice in Fig. 3 that data selected with this algorithm for 1 day (07/25/2012) correspond to clear sky
instants. Indeed, the variations observed on the DNI measurement curve are not retained by the algorithm to
constitute the data selection.

Fig. 3. Decision obtained by discrete wavelet multi-resolution analysis

From this algorithm, the first step of the presented work, it was possible to compute the atmospheric turbidity
value at any time by using (3) and then to constitute a full database to specially develop and validate the predictive
model.
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3. Principal Component Analysis
3.1. Theory
A Principal Component Analysis (PCA) [24, 22] is often used to reduce the number of variables comprising a
dataset, retaining the variability in the data. This mathematical procedure uses an orthogonal transformation to
convert a set of observations of possibly correlated variables into a set of values of linearly uncorrelated variables:
principal components. The number of principal components does not exceed the number of original variables. Thus,
this procedure allows first discovering or to reduce the dimensionality of the data set and second to identify new
meaningful underlying variables. The objective of this analysis is to minimize redundancy, measured by covariance,
and to maximize the signal, measured by variance.
Considering a centered data matrix X arranged as follow:

X  x1 x2  xm 

T

(4)

one can compute the covariance matrix CX. X is a m-by-n matrix where m is the number of measured variables
and n the number of samples, and CX is a square symmetric m-by-m matrix defined by:

CX 

1
XX T
n 1

(5)

The diagonal terms of CX are the variance of particular measurement types and the off-diagonal terms of CX are
the covariance between measurement types. CX captures the correlations between all possible pairs of measurements.
The correlation values reflect the noise and redundancy in measurements. The goal to solve PCA using eigenvectors
of covariance is to find some orthonormal matrix P where Y = PX such that CY is diagonalized.

CY 

1
YY T
n 1

(6)

The rows of P are the principal components of X. Rewriting CY in terms of the variable P one can obtain:

CY 

1
1
1
( PX )( PX )T 
PXX T PT 
PAP T
n 1
n 1
n 1

(7)

Where A=XXT. The roadmap is to recognize that a symmetric matrix (A) is diagonalized by an orthogonal matrix
of its eigenvectors. For a symmetric matrix A defined as:

A  EDE T

(8)

Where D is a diagonal matrix and E is a matrix of eigenvectors of A arranged as columns. The matrix A has r ≤ m
orthonormal eigenvectors where r is the rank of the matrix. The rank of A is less than m when A is degenerate or all
data occupy a subspace of dimension r ≤ m. Maintaining the constraint of orthogonality, this situation can be
remedied by selecting (m − r) additional orthonormal vectors to "fill up" the matrix E. These additional vectors do
not affect the final solution because the variances associated with these directions are zero.
P is selected to be a matrix where each row pi is an eigenvector of XXT (P ≡ ET). Thus, with A = PTDP and
−1
P = PT, one can finish evaluating CY.
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CY 

1
1
1
1
PAP T 
P( P T DP) P T 
( PP T ) D( PP T ) 
D
n 1
n 1
n 1
n 1

(9)

The results of PCA can be summarized in the matrices P and CY. The principal components of X are the
eigenvectors of XXT or the rows of P, and the ith diagonal value of CY is the variance of X along pi. Finally, one
obtain the synthetic data set computing:

Y  CY X
T

(10)

3.2. Approach
In this case study, meteorological variables are naturally quite possibly correlated with one another. In this
objective, the PCA has been applied on a data matrix containing five parameters undeniably influencing the
atmospheric turbidity: day, hour, dry bulb temperature, pressure and relative humidity. The objective of this
approach is to establish uncorrelated synthetic variables in order to improve the results of the ANFIS model. Indeed,
data redundancy leads sometimes to anomalies in the learning phase of the ANFIS and need to be avoided by
design.
3.3. Results
Following the previous methodology about the PCA, the CY calculation gives:

 0.0008 0.9997 0.0114 - 0.0199 - 0.0095 


 0.9992 - 0.0012 0.0396 - 0.0033 0.0048 
CY   0.0154 0.0234 - 0.4196 0.6129 0.6689 


 - 0.0201 - 0.0082 0.3703 - 0.5568 0.7432 
 - 0.0309 0.0018 0.8277 0.5603 0.0065 



(11)

Where each column contains coefficients for one principal component. Moreover, the columns have been
arranged in descending order of component variance. Thus, the first principal component explains 60.83%, the first
two principal components together account for 98.69% of the total variation and the first three account for 99.68%
of the variation as show in Table 2.
Table 2. Variances of the 5 components

Components
Variance [%]
Total variance [%]

1st

2nd

3rd

4th

5th

60.83
60.83

37.86
98.69

0.99
99.68

0.26
99.94

0.06
100

The obtained results from the PCA confirm the hypothesis made on possible correlations between meteorological
variables. With the first three principal components together, almost the total variation is taken into account
(99.68%). However, using only first three components as input of the model, the number of parameters taken into
account was considerably reduced and the results were not satisfactory. Therefore, all the five components have
been considered for developing the predictive model. The advantage of this method is to have no redundant
information between vectors.
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4. Prediction
4.1. Neuro-fuzzy theory (NFS)
In the field of artificial intelligence, neural networks and fuzzy logic can be combined in neuro-fuzzy systems
in order to achieve both properties of readability and learning ability. Neuro-fuzzy systems synergizes the two
techniques by combining the human-like reasoning style of fuzzy systems (through the use of fuzzy sets and a
linguistic model consisting of a set of if-then fuzzy rules) with the learning and connectionist structure of neural
networks [5, 1]. Various neuro-fuzzy architectures can be found in the scientific literature [12, 13], one can mention:
NEFCLASS (classification), FALCON and GARIC (process control), ANFIS (process control, signal processing,
non-linear approximation, identification), etc. Because ANFIS is a widely used and powerful architecture, it has
been chosen for estimating the thermal diffusivity of building materials, taking into account expert knowledge.
Fuzzy if-then rules are expressions of the form if A then B, where A and B are labels or fuzzy sets
characterized by appropriate membership functions. Due to their concise form and through the use of linguistic
labels and membership functions, fuzzy if-then rules are often employed to capture the imprecise and subjective
modes of reasoning that play a central role in the human ability to make decisions in an uncertain environment
[26], [27]. Another form of fuzzy if-then rule, proposed by Takagi and Sugeno, has fuzzy sets involved only in the
premise part, the consequent part being described by a non-fuzzy equation of the input variable [25]. Both types of
fuzzy if-then rules have been used extensively for modelling and controlling systems. Due to the qualifiers on the
premise parts, each fuzzy if-then rule of a set of rules can be considered as a local description of the studied system
under consideration.
Fuzzy inference systems (FIS) are also known as fuzzy-rule-based systems or fuzzy controllers when used as
controllers. Basically, a fuzzy inference system is composed of five functional blocs [11]: (1) a collection of fuzzy
if-then rules; (2) a database which defines the membership functions of the fuzzy sets used to design the fuzzy rules;
(3) a decision-making unit allowing performing the inference operations on the rules; (4) a fuzzification interface
which transforms the crisp inputs into degrees of match with linguistic values; (5) a defuzzification interface which
transforms the fuzzy results of the inference into a crisp output. The steps of fuzzy reasoning performed by fuzzy
inference systems can be described as follows: (1) the fuzzification step during which the input variables are
compared with the membership functions on the premise part to obtain the membership values of each linguistic
label; (2) the combination of the membership values on the premise part to get the weight of each rule of the rule
base; (3) the generation of the qualified consequent (fuzzy or crisp) of each rule depending on the weight; (4) the
defuzzification step during which the qualified consequents are aggregated to produce a crisp output [18, 19].
The acronym ANFIS derives from adaptive network-based fuzzy inference system. A network-type structure,
similar to that of artificial neural networks, which maps inputs through input membership functions and associated
parameters and then through output membership functions and associated parameters to output, can be used to
interpret an input/output map. The parameters associated with the membership functions changes through the
learning process. The adjustment of these parameters is facilitated by a gradient vector. This gradient vector
provides a measure of how well the fuzzy inference system is modelling the input/output data for a given set of
parameters. When the gradient vector is obtained, any of several optimization routines can be applied in order to
adjust the parameters to reduce some error measure [14].
ANFIS architecture: for simplicity, we assume, first, that the considered fuzzy inference system has two inputs
x and y and one output z and, secondly, that the rule base contains only two fuzzy if-then rules of Takagi and
Sugeno’s type [25]. The rules are designed in the following way:
 First rule: If x is A1 AND y is B1 THEN f1 = p1x + q1y + r1
 Second rule: If x is A2 AND y is B2 THEN f2 = p2x + q2y + r2
Implementing both rules requires the 5-layer ANFIS architecture shown in Fig. 4 [15]. A membership function
Ai(x) or Bi(y), specifying the degree of which x satisfies Ai or y satisfies Bi, with i = 1, 2, is associated with every
node in the first layer. Usually Ai(x) and Bi(y) are chosen to be bell-shaped with a minimum and a maximum equal
to 0 and 1 respectively:
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1
 Ai ( x) 
2
1  x  ci  / ai  bi
1
 Bi ( y) 
2
1   y  ci  / ai  bi

or

 xc
i
 Ai ( x)  exp  
  ai





(12)

or

  y  c  2 
i
 
 Bi ( x)  exp  
  ai  

(13)





2

with { ai , bi , ci }and { ai , bi , ci } two parameter sets. As the values of these parameters change, the bell-shaped
functions vary accordingly, thus exhibiting various forms of membership functions on linguistic label A i any
continuous and piecewise differentiable functions, such as commonly used trapezoidal or triangular-shaped
membership functions, can be used. Nodes in the second layer evaluate the premises of the rules, multiplying the
incoming signals and sending the product out. So, the ith node output represents the firing strength of rule i. Let us
note that many other T-norm operators, allowing performing generalized AND, can be used in this layer [7]:

i   A (x) ×  B (x)
i

with i = 1, 2

i

(14)

The ith node in the third layer calculates the ratio of the ith rule’s firing strength to the sum of all rules’ firing
strengths (i.e. the contribution of the ith rule), such as:

i 

i
1  2

with i = 1, 2

(15)

Nodes in the fourth layer evaluate the conclusions of the rules. So, the i th node evaluates the conclusion of the
i rule, with
the output of layer 3 and {pi, qi, ri} a parameter set. Parameters in this layer can be referred as
consequent or conclusion parameters. So:
th

i f i  i ( pi x  qi y  ri )

with i = 1, 2

(16)

Finally, the single node in the fifth and last layer computes the overall output as the summation of all incoming
signals. It is observed that given the values of premise parameters, the overall output can be expressed as a linear
combination of the consequent parameters:

f  i i f i 

 f

i

i

i

i

i

with i = 1, 2

(17)
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Fig. 4. 5-Layer adaptive network-based fuzzy inference system for the implementation of the two following fuzzy rules: If x is A1 AND y is B1
THEN f1 = p1x + q1y + r1 and If x is A2 AND y is B2 THEN f2 = p2x + q2y + r2.

To train the ANFIS, a data set that contains the desired input/output data of the system to be modelled is
used. The modelling approach is similar to many system identification techniques: first, you hypothesize a
parameterized model structure and next, thanks to an iterative and hybrid optimization method, basically a
combination of least squares estimation and backpropagation gradient descent method [4], the membership function
parameters are adjusted, the consequent parameters are identified and a rule base is designed, according to a chosen
error criterion. The training process stops whenever the maximum iteration number is reached or the training error
goal is achieved. In general, this type of modelling works well if the training data presented to the ANFIS is fully
representative of the features of the data the trained system is intended to model. Checking and testing data sets
allow checking the generalization capability of the resulting fuzzy inference system and avoiding overfitting [3].
4.2. Approach
T
4.3. Model development and results
The learning phase involves 55680 examples while 27840 have been selected to the model validation
(respectively: 2/3, 1/3) and 84 other days (representing 40320 examples), have been selected for testing the
effectiveness of the models (Fig. 5).

Fig. 5. Learning, validation and test periods used in the database.

Moreover, because we selected a large amount of measurements from the database, all the necessary
representative features have been probably collected. Several types of models have been developed and compared.
The first one is a model using the five inputs, and the second has been established according to the principal
component analysis. In each type of model, several prediction blocs (bloc0, bloc1, bloc2 and bloc3) based on several
prediction horizons (at t + 0h, t + 1h, t + 2h and t + 3h) were developed. The Fig. 6 shows the structure of the
predictive model using the synthetic variables Vi(t) computed with the PCA.
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Fig. 6. Structure of the predictive ANFIS model.

From then on, the outputs values of these blocs can be weighted according to the exact prediction horizon
desired. To develop each bloc of the model, we focused on the membership functions influence on the results:
number and shape. To compare results from different models, we proceeded to an analysis based on the three
following criteria: EAM, ERM and FIT, where FIT is defined as:

FIT  1  Vsim  Vexp / Vexp  Vexp
2

(18)
2

We noticed that three membership functions were the better compromise between the number of model
parameters to be identified and computation time. For the shape, we tested "Symmetric Gaussian" (SG) and
"asymmetric Gaussian" (AG) for their suitability in the field of solar. The obtained results for the atmospheric
turbidity forecasting are very close as shown in Table 3. However, the SG membership function type depends on
two parameters and the SG membership function type uses one more parameter. Thus the model SG was chosen to
estimate the values of the atmospheric turbidity.
Table 3. Membership functions influence on the forecasted and calculated atmospheric turbidity
MAE: mean absolute error; MRE: mean relative error; FIT: similarity criterion.
Atmospheric turbidity
AG

SG

MAE [-]

MRE [%]

FIT [%]

0.07684

2.80

73.09

0.07725

2.81

73.02

0.07882

2.87

72.04

0.07912

2.88

71.99

From the three fuzzy sets of Gaussian type, the different blocs (time horizon desired) and the number of examples
selected and described previously, the two types of predictive models gave satisfactory results. Table 4 presents the
forecasted turbidity at 3 hours (
).
From the three fuzzy sets of Gaussian type, the different blocs (time horizon desired) and the number of examples
selected and described previously, the two types of predictive models gave satisfactory results (Table 4).
Table 4. Comparison of both the forecasted and calculated atmospheric turbidity at different time-horizons
MAE: mean absolute error; MRE: mean relative error; FIT: similarity criterion.
L: learning phase, V: validation phase, T: test phase
Atmospheric
turbidity

Inputs

MAE [-]

MRE [%]

FIT [%]
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Real
measurements
Instantaneous
From PCA

Real
measurements
Forecasted at
1 hour (
)
From PCA

Real
measurements
Forecasted at
2 hours (
)
From PCA

Real
measurements
Forecasted at
3 hours (
)
ACP

L

0.0768

2.80

73.1

V

0.0773

2.81

73.0

T

0.0812

2.93

71.2

L

0.0775

2.81

72.5

V

0.0778

2.82

72.4

T

0.0661

2.56

65.9

L

0.0852

3.12

70.7

V

0.0854

3.12

70.6

T

0.0842

2.98

69.4

L

0.0805

2.91

71.2

V

0.0808

2.92

71.1

T

0.0678

2.62

65.5

L

0.0871

3.18

69.7

V

0.0874

3.19

69.6

T

0.0863

3.12

68.1

L

0.0885

3.22

68.7

V

0.0890

3.24

68.5

T

0.0898

3.26

67.7

L

0.0875

3.19

68.3

V

0.0878

3.20

68.15

T

0.0943

3.29

67.3

L

0.0813

2.97

71.6

V

0.0816

2.98

71.5

T

0.0825

3.05

70.9

However, in each model, the errors between the predicted and experimental values naturally increase when the
prediction horizon is higher.
Moreover, between the two types of models developed, one can note slightly better results from the model using
inputs established by the PCA. For example, with the model using the meteorological variables as inputs in bloc3,
the MAE, the MRE and the FIT are respectively 0.0875, 3.19% and 68.3% and with the model using the inputs
established by the PCA, the same criteria are about 0.0825, 3.05% and 70.89%.
Between the two types of models developed, one can note slightly better results from the model using inputs
established by the PCA. In the bloc3 using the meteorological variables as inputs, the MAE, the MRE and the FIT
are respectively 0.094, 3.29% and 67.28% and with the model using the inputs established by the PCA, the same
criteria are about 0.083, 3.05% and 70.89%.
4. Conclusion
As part of the CSPIMP project, the present paper focuses on forecasting the atmospheric turbidity with the aim of
optimizing the solar resource prediction. To develop, validate and test our predictive models of the atmospheric
turbidity, measurements from the NREL laboratory were selected from 2002 to 2013 with hourly and 1-minute
acquisition frequencies. From this database, only data corresponding to clear sky days have been considered by
using wavelet-based multi-resolution analysis. Moreover, after a principal component analysis on meteorological
variables, we identified new five meaningful underlying variables avoiding redundant information. Then, we
compared two different types of model, both based on a side-by-side ANFIS and including four blocs for prediction
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at different time horizons (
,
,
, and
). As a result of the study about the atmospheric turbidity
forecasting, the chosen configuration, leading to accurate forecasts (the MAE, the MRE and the FIT are respectively
about 0.083, 3.05% and 70.89%), is defined with: 4 blocs (4 time horizons), 3 membership functions (SG type) and
5 inputs (day, hour, outdoor temperature, pressure and relative humidity or five synthetic variables issues to the
PCA). These results validate the proposed methodology and highlight both the impact of working with principal
component analysis and the learning capability of adaptive network-based fuzzy inference system.
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