
 

  
Abstract— An Echo State Network (ESN) can make multi-step 

predictions since it can process temporal information without the 
training difficulties encountered by conventional recurrent 
neural networks. An ESN is applied in this paper to make multi-
step predictions of solar irradiance, 30 minutes to 270 minutes 
into the future. The ESN is trained and tested using two 
performance metrics (correlation coefficient and mean squared 
error) on meteorological and solar data recorded at the National 
Renewable Energy Laboratory Solar Radiation Research 
Laboratory in Golden, Colorado. When feedback of target 
outputs is utilized, an improvement is seen for the first 
performance metric, while no significant change is seen for the 
second performance metric. Additionally, accuracy is observed to 
diminish significantly as the time horizon for the predictions 
increases.   
 

Index Terms—Echo State Network (ESN), time series multi-
step prediction, solar irradiance 

I.  INTRODUCTION 
HE need for a shift from fossil fuel to renewable energy 
sources has become increasingly apparent in recent years. 

Although other renewable energy sources, such as 
hydroelectric and wind energy are currently utilized to a 
greater extent [1], the use of solar energy is increasing 
significantly [2]. The electrical power output of a photovoltaic 
cell, of course, hinges on the magnitude of solar irradiance 
incident on it and, therefore, making accurate predictions of 
this quantity is of critical importance. Artificial Neural 
Networks (ANNs) are noted for their abilities as universal 
function approximators [3] and, therefore, have been utilized 
extensively for this purpose. Previous research with ANNs [4-
7] has focused on daily or seasonal predictions at locations 
with unknown solar irradiance, but known meteorological 
data, through the use of an ANN trained at another location 
with both meteorological and solar irradiance measurements. 
Solar irradiance is also difficult to predict at a given location 
on a time scale of minutes or hours due to cloud cover. As 
electricity produced from solar energy becomes a larger 
percentage of total generation, these short to medium time 
range fluctuations have an increasing impact on the electricity 
supply and its cost. This motivates utilities to move away from 
the practice of purchasing all the electricity produced by a 

                                                           
This work was supported by the National Science Foundation, USA under 

Grant EFRI #0836017. 

solar or wind farm at a flat rate and, instead to make 
purchasing decisions on the open energy market based on 
short range supply predictions [8, 9]. Previous research 
involving these predictions for solar irradiance has relied on 
regional weather forecasts [8] or autoregressive moving 
average (ARMA) models [10]. 

In this study, an ANN is used to make these short to 
medium range predictions for solar irradiance. For time series 
data predictions such as these, ANN structures that incorporate 
recurrence have been shown to be the most accurate [3]. 
Conventional recurrent networks have input, hidden, and 
output layers, as is seen in the multi-layer perceptron (MLP) 
structure. The methods for training these conventional 
recurrent neural networks, however, are, in the best case, 
relatively slow and, in the worst case, prone to not converge 
[11]. The Echo State Network (ESN) is a form of recurrent 
neural network (RNN) that was developed by Jaeger in 2001 
in order to overcome these training difficulties [11] and, 
therefore, is the network structure chosen for this study.    

Previous research has shown extraterrestrial irradiance, 
relative humidity, temperature, barometric pressure, and wind 
speed to be among the most useful data for making solar 
irradiance predictions [4-7] and, therefore, values for each of 
these parameters were used as inputs to the ESN. 
Extraterrestrial irradiance is the amount of global horizontal 
irradiance that a location on the Earth’s surface would receive 
if there were no atmosphere or clouds (i.e., directly above that 
location in outer space). The term global indicates the total 
solar irradiance, which is the sum of its direct, diffuse, and 
ground reflected components. The goal of this previous 
research was to make daily or seasonal predictions in locations 
where no instrumentation for measuring solar irradiance 
existed. Due to this factor, the present value of global 
horizontal irradiance was excluded as an input to the ANN. In 
this study, it is assumed this instrumentation is available at the 
location where the predictions are being made. In order to 
capitalize on this information, this parameter was also used as 
an input to the ESN. 

These inputs to the ESN used in the training and test sets 
were taken from data recorded in one minute intervals using 
instruments located at the National Renewable Energy Lab 
(NREL)’s Solar Radiation Research Laboratory [12] in 
Golden, Colorado. Each data point represents the mean of 
readings taken every 3 seconds during that minute. The 
training data was used to optimize the synaptic weights of the 
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     Fig. 2. Flowchart for recursive method of obtaining target outputs for the 
testing phase. 
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Fig. 3. Correlation between predicted and target values at t + 60 min. 
 

 
 
 

 
 

Table II indicates that r is maximized for the test data set 
when measured target values are fed back not only during the 
training phase, but also during the testing phase. Measured 
targets are not available when one wants to make real world 
predictions, however. Utilizing measured targets in the testing 
phase, therefore, as explained in section III, represents a 
condition that is not realizable and is presented for illustrative 
purposes only. Table II also shows the poor correlation 
mentioned in Section III when feedback is incorporated only 
during the training phase. This left two preferred methods to 
compare. The first method did not utilize feedback for either 
the testing or training data sets, while the second fed back 
target outputs in the testing phase that were calculated using 
the recursive procedure shown in Fig. 2.  

It can be seen from Table II that the number of reservoir 
neurons greatly influenced the prediction accuracy when 
calculated targets were fed back, with 250 neurons being the 
best choice amongst those considered. With the number of 
neurons held constant at the optimal value of 250, the 
connectivity of the reservoir was then varied within the range 
shown in Table III, which reports the average results from 3 
trials. The optimal value for this parameter was found to be 
25%. The percentage of the total extended system state vectors 
discarded from the beginning of the state collection matrix and 
the percentage of the total target output vectors discarded from 
the beginning of the teacher collection matrix was then varied 
within the range shown in Table III and 7% was found to 
produce the best accuracy. 

  

 
 

Tables II and III indicate a relatively small change in 
accuracy results from changes to the ESN parameters when 
feedback is not utilized. The change is much larger, however, 
when calculated targets are fed back. If the parameters are not 
chosen carefully, it is clear that feeding back calculated targets 
will result in a lower r value than if feedback was not utilized. 
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A careful selection of parameters, however, resulted in the 
network with feedback having the higher value for this 
performance metric.   

A total of 10 trials both with and without feedback were 
conducted with the ESN in the optimized configuration. Table 
IV shows a much higher r value for the training data set when 
feedback is used. This is consistent with the results in Table I. 
The true measure of the network’s usefulness, however, is its 
performance on the test data set. Table IV shows the average r 
value for the network with feedback to be higher than that for 
the other network by an amount in excess of seven standard 
deviations. For the MSE performance metric, however, the 
difference is much smaller. It can also be seen that the training 
time with feedback is about twice of that without feedback. 
This is due to the fact that the network with feedback must be 
trained and tested twice as shown in Fig. 2.  

The values of both r and MSE for each of the 9 ESN 
outputs for the test data set was averaged over the 10 trials and 
is shown in Fig. 4. The standard deviation over the 10 trials 
for each of these values is shown in Fig. 5. The values for 
MSE in both of these figures were scaled up by a factor of 10 
for clearer viewing. For shorter time horizon predictions, it 
can be seen that the r value is approximately the same for both 
networks, but, for longer time horizon predictions of 180 to 
270 minutes in the future, the network with feedback has a 
superior r value that is significant in relation to the standard 
deviation. For all time horizons, the difference in MSE for the 
predictions made with and without feedback is insignificant in 
relation to the standard deviation. For both networks, it can be 
seen that the accuracy of the predictions decreases 
significantly as the time horizon increases. 

 
 

The impact of reduced accuracy as the time horizon 
increases is illustrated in Fig. 6 and 7. In Fig. 6, for which r = 
0.874, the calculated values for global horizontal radiation at t 
+ 30 minutes clearly approximate more closely the measured 
values than in Fig. 7, for which r = 0.490 at t + 270 minutes. 

Implementation of the recursive feedback method depicted 
in Fig. 2 requires two sets of synaptic weights to be stored; 
one set for the ESN trained without feedback and a second set 
for the ESN trained while using feedback of measured targets. 
With this method, two calculations are made at each time step. 
The first calculation utilizes the weights from the ESN trained 

without feedback and calculates target outputs. The second 
calculation uses the weights from the ESN trained with 
feedback. For this calculation, the previously calculated 
targets are fed back and the ESN outputs represent the actual 
predictions for that time step.    

     
 

 
 

Fig. 4. Average correlation and error values for 10 trials as a function of time 
horizon. 

 

 
Fig. 5. Standard deviation of data from Fig. 4. 
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Fig. 6. Measured target and calculated values at t + 30 minutes with r = 0.874. 
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