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1.0 Introduction 
Expanding the use of renewable energy sources, primarily wind and solar, has become a US national 

priority.  However forecasting wind and solar energy has proven to be a challenge.  The National Center 

for Atmospheric Research (NCAR) stated: 

άAs wind and solar energy portfolios expand, this forecast problem is taking on new urgency because 

wind and solar energy forecast inaccuracies frequently lead to substantial economic losses and constrain 

the national expansion of renewable energy.  Improved weather prediction and precise spatial analysis of 

small-scale weather events are crucial for energy management, as is the need to further develop and 

ƛƳǇƭŜƳŜƴǘ ŀŘǾŀƴŎŜŘ ǘŜŎƘƴƻƭƻƎƛŜǎΦέ1 

Some attempts to forecast solar power have focused on numerical weather prediction models 2, 3 

requiring significant computing power; however such models are currently unable to make accurate 

forecasts of cloud density, formation and movement. Others have focused on predicting solar radiation 

from satellite images of cloud movements 4, 5, but these models do not forecast the dissipation or 

ŦƻǊƳŀǘƛƻƴ ƻŦ ŎƭƻǳŘǎΣ ƴƻǊ ǘƘŜ ŎƭƻǳŘΩǎ ƻǇŀŎƛǘȅ ǘƻ ǎƻƭŀǊ ǊŀŘƛŀǘƛƻƴΦ  The oldest models, dating back 30 years, 

employ statistical time series models using meteorological observations as inputs.  These studies have 

employed classic techniques as well as newer technologies such as neural networks and hybrid models.  

Reikard6 conducted a side-by-side comparison of several time-series models.  Nearly all of this reported 

research was in the early development stage.  Only Reikard presented results based on out-of sample 

testing of actual models at specific locations. 

Most of these researchers expressed a common belief that solving the solar forecasting problem will 
require larger quantities of historical observations and higher-quality observations than are currently 
available from either the National Solar Radiation Database or satellite-based sources.  
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2.0 Methodology  

2.1 A New Source of Data 

In the US over 3600 medium-quality sites measure solar radiation and make their hourly and daily 

observations publicly available. At most locations, this data extends back for 5-20 years and includes 

basic meteorological observations.  These sites are professionally operated and maintained by 

universities and government agencies for specific purposes such as agriculture, water management and 

environmental monitoring. Wider use of this resource by the renewable energy community has been 

limited by a general lack of knowledge about the networks and how to access data. There have also 

been concerns about accuracy, quality control and difficulties in converting the data to a format usable 

for solar project simulations.   

In previous research we found that the daily observations from these medium-quality ground sites had 

less than half the total error of TMY (Typical Meteorological Year) or satellite-based data: 9% total error 

compared to roughly 20%.7 Nearly all US locations are within 75 km of ground-based solar radiation data 

and many locations, particularly in the US Southwest, have multiple ground observation sites nearby. 

There are over 160 sites in the six-county area around Los Angeles (Figure 1) that report hourly solar 

radiation observations.  This information is publically available, but it requires significant effort to 

gather, compile and quality control the data.  We obtained a pre-compiled one year history (April 2009-

March 2010) of hourly solar radiation and meteorological data from 12 of the sites surrounding Fontana, 

CA from SolarDataWarehouse.com. Other data obtained for this study included: 

 Figure 1:  Hourly observations of solar radiation and meteorological parameters are available from over 

160 locations in the greater Los Angeles region (Courtesy of SolarDataWarehouse.com) 
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¶ 15 minute observations of solar radiation for April-May 2009 and January-February 2010 from 

photovoltaic installations at Fontana, CA and Chino Hills, CA.  

¶ METAR observations from the airports in the region. 

¶ Historical NDFD (National Digital Forecast Database) forecasts. 

2.2 Model Testing and Validation  

The author has extensive experience in the design, deployment and operation of forecasting/trading 

models for US financial markets. Past experience shows that successful development of a robust 

forecasting model requires three validation steps: 

¶ Initial Development: Models are developed using a test dataset.  Developers are free to modify 

the models and re-run simulations against the test dataset as often as desired.  During this 

phase, model accuracy can easily be inflated by over-fitting the test dataset. However the over-

fit  models will perform poorly under live conditions. 

¶ Blind Test: The model is evaluated using a blind dataset, or representative data that were not 

used or revealed during the development process.  This evaluation can only be run once.  If 

results are not satisfactory, the project returns to the development phase and a completely new 

blind dataset is required for any future evaluation. 

¶ Real-time Test:  The model is run live for a period of time under actual conditions.  Often this 

phase reveals new weaknesses in the model and one must return to the development phase. 

A review of the literature found only one solar forecasting study that had advanced to the blind test 

phase; no published results were found for real-time tests of a solar forecast model. 

There are various methods for evaluating the effectiveness of forecasting models, particularly in real-

time testing where cost-functions become more important than error comparisons.  In other words, 

different types of errors can cause very different cost penalties during actual operations.  For initial 

comparisons, and for consistency in comparing these pilot results with other research, the relative Mean 

Absolute Error (rMAE) statistic will be used as a measure of the total error in the forecasts.  It was 

calculated as the average of the absolute value of all errors: 

Ò-!%ρȾÎВ Æ᷄ÏÒÅÃÁÓÔÏÂÓÅÒÖÁÔÉÏÎ ᷄Ⱦ ÏÂÓÅÒÖÁÔÉÏÎ         [1] 

The relative mean error (rME) is used to estimate the bias in the forecast.  It was calculated as the 

average of all relative errors: 

Ò-%ρȾÎ ÆÏÒÅÃÁÓÔÏÂÓÅÒÖÁÔÉÏÎ Ⱦ ÏÂÓÅÒÖÁÔÉÏÎ        [2] 
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2.3 Model Description  

An ensemble-style forecasting model was developed for this pilot with two separate components:  One 

component predicted solar radiation using non-linear regression on recent meteorological observations.  

The second component predicted solar radiation based on daily pattern recognition.  Both components 

are adaptive and re-calibrate themselves daily based on the training data presented them, which in this 

study was a 30 day sliding window of historical data.  The component models were tuned for the 

greatest accuracy between the hours of 10 AM and 2 PM, this being the critical forecasting period for 

solar-electric utilities. Outputs from the two components were weighted and combined to forecast solar 

radiation one hour and three hours into the future.   An advantage of the ensemble approach is that 

additional components can easily be incorporated into the mode as they are developed, either by us or 

other researchers. 

2.4 Pilot Test  

This pilot study focused on forecasting solar radiation at Fontana, CA for the months of May 2009 and 

February 2010.  This site is challenging due to the complex interaction between mountains, ocean, 

winds, man-made haze and natural cloud formations (Figure 2).  The site is also significant because of 

Southern /ŀƭƛŦƻǊƴƛŀΩǎ Ǝƻŀƭ ǘƻ ƎŜƴŜǊŀǘŜ ŀ ǎƛƎƴƛŦƛŎŀƴǘ ǇƻǊǘƛƻƴ ƻŦ ǘƘŜƛǊ ŜƴŜǊƎȅ ŦǊƻƳ ǎƻƭŀǊ ǇƻǿŜǊΦ  

 

The data was divided into two sets.  Data from April 2009 and January 2010 were used for model 

development and training.  May 2010 and February 2010 data were used only at the conclusion of the 

project for a blind test of the model accuracy.  Figure 3 shows the average monthly rainfall for the site. 

 Figure 2: Topography of Fontana, CA and environs (Courtesy of Google Maps) 
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May represents the months with mostly sunny conditions; relatively easy forecast conditions that are 

present for about half the year in this area.  February represents the most challenging forecast months 

with many days of rain, overcast or intermittant clouds. 

3.0 Results 

3.1 Blind Test s of the Model 

After developing the model using data from April 2009 and January 2010, a blind test was conducted to 

see how well it could forecast solar radiation for May 2009 and February 2010.  Forecasts of solar 

radiation 1 hour and in 3 hours ahead were made every 15 minutes from 8 AM to 1:30 PM.  These 

forecasts were then compared to the actual observations at the forecasted times.  Only observations 

when the solar radiation was greater than 40 W/m2 were included so that the errors would not be 

skewed by small differences under very low light conditions.  The results from the blind tests are shown 

in Figure 4. 

The weather in May 2009 was sunny with only four heavily clouded days.  Figures 5 and 6 show the one 

and three hour forecasts represented by the red area in the graphs.  The forecasts are aligned and 
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Figure 3: Average monthly 

rainfall for Fontana, CA. 
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Figure 4: Results from the Blind Test of Model Accuracy for 1 hour and 3 hour forecasts. 
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superimposed over the actual observations for comparison. The total forecast errors for May 2009 were 

16% (rMAE) for one hour forecasts and 25% (rMAE) for three hour forecasts.  The bias errors were 5.2% 

(rME) for one hour forecasts and 7.7% (rME) for three hour forecasts.  Remembering that medium-

quality solar sensors typically have a total observation error of 5-10% 8, one can see that a significant 

portion of the total forecast error may come from uncertainty in the reference observations themselves. 

Of greater interest was February 2010, when solar radiation was highly variable.  Figure 7 shows the one 

hour forecasts and Figure 8 shows the accuracy of the three hour forecasts.  While not perfect, the 

figures demonstrate that the model performed well under these difficult conditions.  The total forecast 

errors for May 2009 were 27% (rMAE) for one hour forecasts and 44% (rMAE) for 3 hour forecasts.  The 

bias errors were 7.9% (rME) for one hour forecasts and 2.3% (rME) for three hour forecasts.   

The forecast errors for May 2009 and February 2010 combined were 21% (rMAE) for one hour forecasts 

and 34% (rMAE) for three hour forecasts.  The bias errors for May 2009 and February combined were 

6.5% (rME) for one hour forecasts and 5.2% (rME) for three hour forecasts.  All of the three hour 

forecasts oscillate more than is desirable for a production forecast, indicating the need for additional 

smoothing in the modeling routines.  This will be addressed in future versions of the model. 

 

3.2 Comparative Results  

Several of the references cited gave preliminary results for their solar forecasts.  A typical range for the 

better models was 32-40% (total root mean square error) for one hour forecasts and 35-45% (total root 

mean square error) for three hour forecasts.  As previously noted, these results are not directly 

comparable to this study, as they were fitting the data and not blind test results. 

The results presented by Reikard were true out-of-sample forecasts, where only data available before 

the forecast was used by the model.  As the model stepped through time, observations from the recent 

past were included in the dataset used to re-calibrate the model.  This technique is equivalent to a blind 

test if the developer is only allowed one pass through the data, i.e. he cannot return and re-test the 

model using different input parameters.  The best results reported by Reikard were 35% total error 

(rMAE) on one hour forecasts and 51% total error (rMAE) on three hour forecasts.  These errors are 

significantly higher than the results of this study. 
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4.0 Conclusions and Future Work  
This pilot study has validated a modeling technique that can produce useful forecasts of solar radiation 

for one location in the Los Angeles basin.  This site is among the more challenging in the US due to the 

complex interaction between mountains, ocean, winds, man-made haze and natural cloud formations.  

The results demonstrated significantly lower forecasting errors than reported in any of the referenced 

studies.  In addition, these results were obtained in true blind tests with a model that was adapting and 

continuously re-calibrating itself without human intervention.  These factors significantly increase the 

likelihood that the model will succeed in an actual deployment where conditions from year to year are 

seldom the same. 

Much has been learned during this pilot study about the climate of the Los Angeles area and the 

characteristics of the available data.   It has also revealed much that can be done to improve the model 

inputs, the learning algorithms and the training datasets used by the model.  We are confident the next 

version of the model will have even greater accuracy.  

Future plans include a gridded forecast covering the greater Los Angeles area.  A gridded model would 

be based on observations from over 100 sites and would include dozens of local models.  Due to the 

nature of random errors in the observations, we anticipate the overall accuracy of a regional model will 

be higher than a single local model. With the large quantity of historical and near-real time observations 

available from medium-quality ground sites, it should be feasible to construct a reliable solar forecasting 

model for the greater Los Angeles area, or for any other region of the US.   

  




