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Abstract— The paper describes an on-line prediction algo-
rithm to estimate, over a determined time horizon, the solar
irradiation of a specific site. The learning algorithm is based
on a radial basis function network and combines the growing
criterion and the pruning strategy of the minimal resource
allocating network technique. An Extended Kalman Filter
(EKF) is used to update all the parameters of the network.
The on-line algorithm is able to avoid the initial training of the
neural network. A comparison of the performance obtained
by the MRAN EKF RBF Neural Network with respect to the
standard RBF Neural Network is presented.

I. INTRODUCTION

As concerns about climate change, rising fossil fuel prices,

and energy security increase, there is growing interest around

the world in renewable energy resources. Since most renew-

able energy sources are intermittent in nature, it is a chal-

lenging task to integrate a significant portion of renewable

energy resources into the power grid infrastructure. Tradi-

tional electricity grid was designed to transmit and distribute

electricity generated by large conventional power plants. The

electricity flow mainly takes place in one direction from

the centralized plants to consumers. In contrast to large

power plants, renewable energy plants have less capacity,

and are installed in a more distributed manner at different

locations. The integration of distributed renewable energy

generators has great impacts on the operation of the grid and

calls for new grid infrastructure. Indeed, it is a main driver

to develop the smart grid for infrastructure modernization,

which monitors, protects, and optimizes the operation of its

interconnected elements from end to end with a two-way

flow of electricity and information to create an automated

and distributed energy delivery network [1]. On the other

hand, while renewable energy systems, such as photovoltaic

and wind plants, have problems of controllability due to their

intermittent output it becomes necessary to find a way to

schedule power output in a deterministic manner. This prob-

lem has been deeply investigated in literature, in particular

for what regards the forecasting and power scheduling from

wind plant [21]. The prediction of solar yields is becoming

more and more important, especially for countries where

legislation encourages the deployment of solar power plants
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60131 Ancona, Italy, e-mail: {l.ciabattoni, m.grisostomi,
gianluca.ippoliti, sauro.longhi}@univpm.it

E. Mainardi is with the company Energy Resources
spa, via Ignazio Silone, 60035 Jesi (AN), Italy, e-mail:
emanuele.mainardi@energyresources.it

[27]. In Italy, where the installed photovoltaic (PV) power

amounts is more than 8 GW, a proposal of law of 2009 incen-

tived the scheduled power immission on the power line. This

document, called ”Terzo Conto Energia” (for further details

see [29]), included 20% more incentives for PV plants with

a correct hourly prediction of the power feeding the power

line on the next day (with an error of less than 10%) for at

least 300 days/year. Forecast informations on the expected

solar power production are necessary for the management of

electricity grids, for scheduling of conventional power plants,

for decision making on the energy market, as described

in [20], and moreover for energy home management [2].

In fact, today time of use tariffs, for domestic use of

energy, penalize some periods of time with a higher price.

Prosumers (customers and producers of energy at the same

time), knowing their forecasted energy production profile can

(re)arrange their processes to minimize costs, having great

economic benefits.

Depending on the application and the corresponding time

scale different approaches for modelling and forecasting

solar irradiation may be appropriate. There have been a lot of

researchers engaged in the modeling of solar irradiance. For

example, the existing models include those called clear-day

solar radiation, half-sine, Multi Layer Perceptron Network

(MLP), Wavelet Decomposition Network (WD), Seasonal

Auto Regressive Integrated Moving Average (SARIMA),

WD-SARIMA, Support Vector Regression (see [22], [24],

[25] and reference therein). However, the methods based

on time series have not been efficient in all cases (most of

them are efficient only for forecast up to 5-10 minutes [4],

[19]) and contrarily they may yield to noised results. Indeed,

Neural Networks (NNs) provide a generic black-box repre-

sentation for implementing mappings. Radial Basis Function

Networks (RBFNs) have been considered for the prediction

considered in this paper and the system dynamics related

to the irradiation have been taken into account through the

RBFN input pattern that must be composed of a proper set

of system input and output samples acquired in a finite set of

past time instants [5]. These RBFs have been widely used for

nonlinear system identification [6], [13] because they have

the ability both to approximate complex nonlinear mappings

directly from input-output data with a simple topological

structure that avoid lengthy calculations [13] and to reveal

how learning proceeds in an explicit manner [7]. These nets

also avoid the non linear optimization techniques used in

the learning algorithm of MLPs and the related problems

of local minima [8]. Moreover in [9] has been proved that
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RBF networks do have the best approximation property with

respect to MLPs and this significant result provides theo-

retical support for favoring RBF networks. The considered

on-line learning algorithm is based on the Minimal Resource

Allocating Network (MRAN) technique [7], [10], [11], that

adds hidden neurons to the network based on the innovation

of each new RBFN input pattern which arrives sequentially.

As stated in [7], [11], to obtain a more parsimonious network

topology a pruning strategy is introduced. This strategy

detects and removes as learning progresses those hidden

neurons which make little contribution to the network output.

Pruning is necessary for the prediction of the irradiation

changing dynamics because inactive hidden neurons could be

present as the dynamics which caused their creation becomes

nonexistent. If an observation has no novelty then the existing

parameters of the network are adjusted by an Extended

Kalman Filter (EKF) [11], [12]. The main advantage of

this sequential learning method is that a large data set

of irradiation measured, wheather forecast, temperature for

a specific location is no longer required for the training

of the Neural Network, drastically reducing setup time. A

comparison of the performance obtained by the MRAN EKF

RBF Neural Network with respect to the standard RBF

Neural Network [28] is presented for a PV plant in the city

of Jesi (AN) in Italy.

The paper is organized as follows. The on-line prediction

algorithm is described in Section II and the performance of

the considered NNs are discussed in Section III.

II. PREDICTION ALGORITHM

The following approach to implement a Minimal Resource

Allocating Network (MRAN) is based on a sequential learn-

ing algorithm and an Extended Kalman Filter (EKF) [10]–

[12]. In particular the sequential learning algorithm adds and

removes neurons on-line to the network according to a given

criterion [7], [10], [11] and an EKF is used to update the net

parameters [12].

A. Radial Basis Function Neural Network

A RBFN with input pattern x ∈ R
m and a scalar output

ŷ ∈ R implements a mapping f : Rm → R according to

ŷ = f(x) = λ0 +
K
∑

i=1

λiφ (‖x− ci‖) (1)

where φ(·) is a given function from R
+ to R, ‖ · ‖ denotes

the Euclidean norm, λi, i = 0, 1, · · ·,K are the weight

parameters, ci ∈ R
m, i = 1, 2, · · · ,K , are the radial basis

function centers (called also units or neurons) and K is the

number of centers [13]. The terms:

oi = λiφ (‖x− ci‖) , i = 1, · · · ,K (2)

are called the hidden unit outputs.

In this paper the RBFN is used for the prediction of the

output of a dynamical system and the system dynamics can

be taken into account through the network input pattern x,

that must be composed of a proper set of system input and

output samples acquired in a finite set of past time instants

[5], i.e. x ∈ R
ny+nu and it is defined as:

x(n) = [y(n−1), · · · , y(n−ny), u(n−1), · · · , u(n−nu)]
T

(3)

where n = 1, 2, · · · are the time instants, y(·) and u(·) are

the system output (the solar irradiation; see Section III) and

input (whether forecast, the number of day of the year, the

hour of the day; see Section III), respectively; ny , nu are the

lags of the output and input, respectively.

Theoretical investigation and practical results show that

the choice of the non-linearity φ(·), a function of the distance

di between the current input x and the centre ci, does not

significantly influence the performance of the RBFN [13].

Therefore, the following gaussian function is considered:

φ(di) = exp
(

−d2i /β
2
i

)

, i = 1, 2, · · ·,K (4)

where di = ‖x− ci‖ and the real constant βi is a scaling

or “width” parameter [13].

B. Minimal Resource Allocating Network Algorithm

The learning process of MRAN involves allocation of new

hidden units and a pruning strategy as well as adaptation

of network parameters [10]–[12]. The network starts with

no hidden units and as input-output data (x(·), y(·)) are

received, some of them are used to generate new hidden

units based on a suitably defined growth criteria. In particular

at each time instant n the following three conditions are

evaluated to decide if the input x(n) should give rise to a

new hidden unit:

‖e(n)‖ = ‖y(n)− f(x(n))‖ > E1 (5)

erms(n) =

√

√

√

√

n
∑

j=n−(M−1)

e(j)2

M
> E2 (6)

d(n) = ‖x(n)− cr(n)‖ > E3 (7)

where cr(n) is the centre of the hidden unit that is nearest to

x(n) and M represents the number of past network outputs

for calculating the output error erms(n). The terms E1, E2

and E3 are thresholds to be suitably selected. As stated in

[7], [11], these three conditions evaluate the novelty in the

data. If all the criteria of relations (5)–(7) are satisfied, a

new hidden unit is added and the following parameters are

associated with it:

λK+1 = e(n) (8)

cK+1 = x(n) (9)

βK+1 = α ‖x(n)− cr(n)‖ (10)

where α determines the overlap of the response of a hidden

unit in the input space as specified in [11], [12]. If the

observation (x(n), y(n)) does not satisfy the criteria of

relations (5)–(7), an EKF is used to update the following

parameters of the network:

w =
[

λ0, λ1, c
T
1 , β1, · · · , λN , cTN , βN

]T
. (11)
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The update equation is given by:

w(n) = w(n− 1) + k(n)e(n) (12)

where the gain vector k(n) is expressed by:

k(n) = P (n− 1)a(n)
[

r(n) + aT (n)P (n− 1)a(n)
]−1

(13)

with a(n) the gradient vector of the function f(x(n)) with

respect to the parameter vector w(n− 1) [11], [12], r(n) is

the variance of the measurement noise and P (n− 1) is the

error covariance matrix which is updated by:

P (n) =
[

I − k(n)aT (n)
]

P (n− 1) +Q(n− 1) (14)

where Q(n − 1) is introduced to avoid that the rapid

convergence of the EKF algorithm prevents the model from

adapting to future data [11], [12]. The z× z matrix P (n) is

positive definite symmetric and z is the number of parameters

to be adjusted. When a new hidden neuron is allocated, the

dimension of P (n) increases to:

P (n) =

(

P (n− 1) 0
0 p0Iz1×z1

)

(15)

where p0 is an estimate of the uncertainty in the initial

values assigned to the parameters and z1 is the number

of new parameters introduced by adding the new hidden

neuron. As stated in [7], [11], to keep the RBF network

in a minimal size a pruning strategy removes those hidden

units that contribute little to the overall network output

over a number of consecutive observations. To carry out

this pruning strategy, for every observation (x(n), y(n)) the

hidden unit outputs are computed:

oi(n) = λiφ (‖x(n)− ci‖) , i = 1, · · · ,K (16)

and normalized with respect to the highest output:

oi(n) =
oi(n)

max{oi(n)}
, i = 1, · · · ,K. (17)

The hidden units for which the normalized output (17) is

less than a threshold δ for ξ consecutive observations are

removed and the dimensionality of all the related matrices

are adjusted to suit the reduced network [7], [11].

The EKF has been implemented with the assumption that

Q(n) = In,nσ
2
η and r(n) = σ2

v .

The MRAN prediction algorithm [7], [11] with the EKF,

here called MRANEKF algorithm, is shown in Figure 1 and

it is summarized as follow:

1. For each observation (x(n), y(n)) do: compute the

overall network output: ŷ(n) = f(x(n)) = λ0 +
K
∑

i=1

λiφ (‖x(n)− ci‖) where K is the number of hid-

den units;

2. Calculate the parameters required by the growth crite-

rion:

- ‖e(n)‖ = ‖y(n)− f(x(n))‖

- erms(n) =

√

n
∑

j=n−(M−1)

e(j)2

M

Fig. 1. Flow chart of the MRANEKF algorithm.

- d(n) = ‖x(n)− cr(n)‖

3. Apply the criterion for adding a new hidden unit:

if

‖e(n)‖ > E1 and erms(n) > E2 and d(n) > E3

allocate a new hidden unit K + 1 with:

- λK+1 = e(n)
- cK+1 = x(n)
- βK+1 = α ‖x(n)− cr(n)‖

else

- tune the network parameters:

w(n) = w(n− 1) + k(n)e(n)
- update the error covariance matrix:

P (n) =
[

I − k(n)aT (n)
]

P (n− 1) +Q(n− 1)

end

4. Check the criterion to prune hidden units:

- compute the hidden unit outputs:

oi(n) = λiφ (‖x(n)− ci‖) , i = 1, · · · ,K
- compute the normalized outputs:

oi(n) =
oi(n)

max{oi(n)}
, i = 1, · · · ,K

- if oi(·) < δ for ξ consecutive observations than

prune the ith hidden unit and reduce the dimen-

sionality of the related matrices

end

5. n = n+ 1 and go to step 1.

III. NEURAL NETWORK BASED SOLAR

IRRADIATION FORECASTING

Tests are based on data acquired from January 2011
to December 2011 during PV plant standard working. In

particular two different situations are considered. In the

first one the proposed algorithm is tested without a pre-

trained net; this situation can occur if the power production
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has to be predicted on a plant without having previous

data on panel orientation, tilting and irradiation on panel’s

plane. In the second situation it’s used a pre-trained net

with information about historical irradiation profile of clear

sky days and cloudy days for the specified location, panel

orientation and tilting. Those informations are taken directly

from the website of PVGIS [30]; this is a common case,

when no irradiation sensors are installed on the plant before

the forecast begins. As measure of the performance of the

proposed algorithm, the Root Mean Square of the Error e(·)
(RMSE) and its Standard Deviation (SD) have been calcu-

lated. Only hours with daylight (irradiance greater than zero)

are considered for the calculation of RMSE, night values with

no irradiance are excluded from the evaluation. The set of

experimental data is composed of 8000 pairs of input and

output samples. Sampling time is 1 h and the data have been

also normalized, between 0 and 1 in order to have the same

range. Normalization is a widely used preprocessing method

performed on data to distribute them evenly and to scale

them into an acceptable range for the input neurons of the

NN. This contributes to increase the NN ability to learn the

association between inputs and outputs as well as to fasten

significantly the calculations [15]–[17]. In particular the set

of experimental data is given by the pairs (x(n), y(n)),
n = 1, 2, . . . where x(n) is composed by the whether

forecast, the number of day of the year, the hour of the day,

and y(·) is the solar irradiation. The lags of the output and

input in Eq. (3) are ny = 1, nu = 3; different choices with an

increment of these lags have been tested without significative

improvements of the performance. The considered algorithm

requires careful selection of the threshold parameters E1, E2,

E3 and of parameter M , as defined in Eqs. (5)–(7), which

control the growth characteristics of the network; i.e. if small

thresholds are chosen more units are added to the NN. The

parameters δ and ξ control the pruning strategy (Eqs. (16)

and (17)); it is important to take into account the system

non stationarity to select these parameters. In other words,

slowly dynamic variations imply a bigger δ and a smaller

ξ. The parameters α, p0, σ2
v and σ2

η related to the EKF

algorithm used to update the network parameters of Eq. (11)

are chosen by trial and error. In the considered experimental

tests the numeric values of these parameters are selected, as:

E1 = 0.01, E2 = 0.02, E3 = 0.4, M = 50, δ = 0.0005,

ξ = 2000, α = 1.2, p0 = 0.2, σ2
v = 0.001, σ2

η = 0.001.

Samples of the performed prediction tests are given in Figs.

2 through 6. In particular Fig. 2 shows the hidden neurons

evolution history for the MRANEKF algorithm as it learns

sequentially from data.

In this figure two data windows have been highlighted to

compare the performance of the MRANEKF RBF NN in

both the proposed situations (pre-trained and not pre-trained

net) with respect to a classical RBF NN algorithm [28]. The

first data window is relative to the initial learning period of

the MRANEKF (January 17− 19), the second data window

is relative to its ”steady state” operation (June 12− 16). The

training data set of the classical RBF Network is composed

by 5000 pairs of inputs-output and it is relative to the last

20 days of each month of 2010 as described in [28]).

Fig. 2. Evolution of hidden neurons due to growing and pruning for the
considered whole data set (Year 2011). The continuous red line is the pre-
trained MRANEKF while the dashed blue line is the MRANEKF network
without pre-training. The first data window is from January 17 to 19 (144 th
to 216 th sample); the second data window is from June 12 to 16 (4032 th
to 4106 th sample).

In Fig. 3, which refers to the first data window of Fig.

2, has been reported the solar irradiation predicted by the

pre-trained MRANEKF network (continuous red line), by

the MRANEKF network without pre-training (dashed blue

line), by the classical RBF NN (dotted black line) and the

measured solar irradiation (continuous green line).

Fig. 3. First data window (January 17 - 19 of 2011). The continuous red
line is the solar irradiation predicted by the pre-trained MRANEKF network,
the dashed blue line is the solar irradiation predicted by the MRANEKF
network without pre-training; the dotted black line is the solar irradiation
predicted by the classical RBF NN and the continuous green line is the
solar measured irradiation

The tests perform in the second data window have been

reported in Fig. 4. In all the considered tests results indicate

that the proposed MRAN algorithm realizes network with

better prediction accuracy with respect to the classical RBF

NN proposed in [28]. The RMSE and SD have been used to

summarize the experimental results (see Table I). In this table

have been also reported the tests performed on the whole data

set (year 2011).

Another sample of the performed tests, when both consid-

ered MRANEKF RBF networks have a greater number of

hidden units (the second considered data window), is shown

in Fig. 4.

The whiteness test on the prediction errors (for both

proposed MRANEKF networks) e(·) (residuals) has been

used for network validation [18]. The whiteness of residuals
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Fig. 4. Second data set (June 12−16). The continuous red line is the solar
irradiation predicted by the pre-trained MRANEKF network, the dashed blue
line is the solar irradiation predicted by the MRANEKF network without
pre-training; the dotted black line is the solar irradiation predicted by the
classical RBF NN and the continuous green line is the solar measured
irradiation

TABLE I

THE WHOLE DATA SET CONSIDERED IS RELATIVE TO THE YEAR 2011.

THE DATA WINDOWS ARE ENLIGHTED IN FIG. 2.

pre-trained MRANEKF

DATA RMSE SD

Whole data set 66.2W/m2
61.2W/m2

First data window 71.4W/m2 70.2W/m2

Second data window 50.9W/m2 49.3W/m2

not pre-trained MRANEKF

Whole data set 71.3W/m2
69.2W/m2

First data window 77.1W/m2 75.8W/m2

Second data window 56.5W/m2 53.8W/m2

classical RBF NN

Whole data set 75.1W/m2
74.2W/m2

First data window 81.2W/m2 79.7W/m2

Second data window 59.3W/m2 57.1W/m2

is usually evaluated by computing the sample covariances

R̂N
e (τ) =

1

N

N
∑

n=1

e(n)e(n+ τ) (18)

with τ = 1, . . . , P .

If e(·) is a white-noise sequence, then the quantity

ζN,P =
N

(R̂N
e (0))2

P
∑

τ=1

(R̂N
e (τ))2 (19)

will have, asymptotically, a chi-square distribution χ2(P )
[18]. The independence between residuals can be verified by

testing whether ζN,P < χ2
α(P ), the α level of the χ2(P )-

distribution, for a significant choice of α. In Figs. 5 and

6 the sample covariance is reported for the whole data set

(year 2011), have been considered the pre-trained and not

pre-trained NNs. The whiteness test passes with α = 0.05.

Fig. 5. Sample covariance of the residuals obtained by the prediction
performed by the pre-trained MRANEKF network. The whiteness test passes
with α = 0.05.

Fig. 6. Sample covariance of the residuals obtained by the prediction
performed by the not pre-trained MRANEKF network. The whiteness test
passes with α = 0.05.

IV. CONCLUDING REMARKS

In this paper a Minimal Resource Allocating Network

(MRAN) approach to derive hourly site-specific solar ir-

radiance forecast from daily wheather forecasts has been

analyzed. The considered algorithm is used to perform long

range predictions. In particular, due to the aim of the work,

the irradiation presented in the above tests is forecasted

for 24 steps ahead predictions. The performance has been

compared with a classical solution based on a RBF NN

previously trained with a large data set. Since the proposed

algorithm perform an on-line prediction of the solar irra-

diation it’s possible to use it without having information

on previous PV plant’s irradiation. Two way of use of

the MRANEKF algorithm have been proposed; with a pre-

trained net based only on historical informations found on

the web and with a not pre-trained net. The results indicate

that both situations realizes network with better prediction

accuracy with respect to a classical RBF algorithm.
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