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Abstract—With increasing penetration of solar and wind 
energy to the total energy supply mix, the pressing need for 
accurate energy forecasting has become well-recognized. Here 
we report the development of a machine-learning based model 
blending approach for statistically combining multiple 
meteorological models for improving the accuracy of solar/wind 
power forecast. Importantly, we demonstrate that in addition to 
parameters to be predicted (such as solar irradiance and 
power),  including additional atmospheric state parameters 
which collectively define weather situations as machine learning 
input provides further enhanced accuracy for the blended 
result. Functional analysis of variance shows that the error of 
individual model has substantial dependence on the weather 
situation. The machine-learning approach effectively reduces 
such situation dependent error thus produces more accurate 
results compared to conventional multi-model ensemble 
approaches based on simplistic equally or unequally weighted 
model averaging. Validation over an extended period of time 
results show over 30% improvement in solar irradiance/power 
forecast accuracy compared to forecasts based on the best 
individual model. 
 
 

I. INTRODUCTION 

Accurate forecasts of the atmospheric state have been a 
particularly challenging problem yet have enormous social 
and economic benefits [1]. Among many important 
applications of atmospheric forecasts, the need for the forecast 
of variable solar and wind energy generation is becoming 
pressing with increasing penetration of solar and wind energy 
to the total energy mix. In the arena of solar forecasting, 
significant progresses towards minute-, hour-, and day-ahead 
forecast have been made recently utilizing an array of 
methodologies based on sky-camera imagery, satellite 
imagery, numerical weather predictions, and/or statistical 
analysis [2-8]. Forecasts of enhanced accuracy are highly 
desired for reliable grid operation at reduced cost and a more 
efficient electricity market [9-13]. 
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Similar to other complex system problems, some of the 
major milestones towards better prediction skills for 
atmospheric states are achieved by cleverly combining 
physical and statistical modeling approaches. Examples 
include Kalman filtering for data assimilation [14,15], model 
output statistics approach for deriving site specific forecast 
[16,17], and ensemble averaging of multiple models [18]. 
Pertaining to the latter, it was demonstrated that averaging of 
ensemble members using unequal weight coefficients 
obtained by regressing historical data – the so-called super 
ensemble approach – often further enhances accuracy, 
compared to simplistic ensemble averaging [19,20]. 

The cornerstone for these methods of combining physical 
and statistical approaches is, by-and-large, the fundamental 
Bayes Theorem. In parallel, exploding progresses were made 
in the supporting infrastructure, including the advent of Big 
Data and advanced computing infrastructures [21,22] which 
eased data access and organization as well as the development 
of efficient and robust machine learning algorithms [23, 24]. 
In this article we show that compared to conventional 
multi-model approach, further enhanced accuracy can be 
achieved if we combine the individual model forecasts using a 
machine-learning based approach which explicitly takes into 
account appropriately chosen additional state parameters 
beyond these need to be explicitly forecasted (Figure 1). For 
instance, even if we need to predict only solar irradiance, the 
machine learning algorithm needs to take as input also 
parameters such as solar zenith angle, column integrated cloud 
water content etc. meaning that different models provide 
different skills based on these additional state parameters. As 
discussed below, these additional parameters collectively 
create different weather categories in which the different 
models exhibit different error characteristics. Thus the 
machine-learning algorithm, via effectively combining and 
correcting the individual models differently in the different 
categories, may be expected to achieve better overall 
accuracy. With such an approach, we demonstrate ~30% 
accuracy improvement, as measured in terms of root mean 
square error (RMSE) or absolute mean error (MAE), for the 
forecast of meteorological parameters (solar irradiance, wind 
speed, temperature) as well as PV power generation.  

Machine Learning Based Multi-Physical-Model Blending for 

Enhancing Renewable Energy Forecast – Improvement via Situation 

Dependent Error Correction.* 

 

Siyuan Lu† ξ, Youngdeok Hwang†, Ildar Khabibrakhmanov†, Fernando J. Marianno†, Xiaoyan Shao†, 

 Jie Zhang‡, Bri-Mathias Hodge‡, Hendrik F. Hamann† 
†IBM Thomas J. Watson Research Center, Yorktown Heights, NY 10598, USA 

‡National Renewable Energy Laboratory, Golden, CO 80401, USA 

 



 

2 
 

 

In the following we present (a) the rationale behind our 
multi-model blending approach – the weather category 
dependent model error characteristic – analyzed using 
functional analysis of a variance (FANOVA, Sec. II.A) [25]; 
(b) the implementation of the multi-model blending (Sec. 
II.B); (c) case studies illustrating the improved forecast 
accuracy for both meteorological parameters and PV power 
enabled by the model blending approach (Sec. III); (d) results 
supporting the postulation that the machine-learning based 
model blending improves forecast accuracy via situation 
dependent error correction (Sec. IV); and (e) conclusions (Sec. 
V). 

II. MACHINE LEARNING BASED MULTI-MODEL BLENDING  

A. Physical model error dependence on weather situation 
category. 

Limited by the simplification and coarse-graining of the 
actual atmospheric system, the raw numerical weather 
prediction outputs often has significant systematic error. As an 
illustrative example, we analyze the error of one of the 
operational numerical weather prediction model NAM (North 
American Mesoscale Model, 5 km resolution) operated by 
national oceanic and atmospheric administration (NOAA) 
[26] and how the error depends on the weather situation 
category. 

For this analysis, measurements of global horizontal solar 
irradiance (GHI) are taken from NOAA’s seven first-class 
measurement stations of the surface radiation (Surfrad) 
network [27] for period from 2013-07-05 to 2014-01-21. The 
GHI forecast of hourly resolution as well as additional 
atmospheric parameters such as direct normal irradiance 
(DNI), column integrated cloud liquid water (atmosphere 
treated as a single layer) and cloud ice contents, cloud base 
and top heights, temperature (2 m above ground), ground 
pressure, wind speed (10 m above ground), surface rain etc. 
are derived from the daily run of the NAM model at 06z. 
Feeding these input data (24 hors x 201 days x 7 sites = 33768 
sets of measurements of GHI as well as forecasts of GHI and 
other parameters) into a quantile forest regression model [28, 
29], one can fit of the relationship between the GHI forecast 
error and the forecasted parameters, 

EGHI=F(x1, x2, …, xn),             (1) 

where EGHI = GHIforecasted 
 - GHImeasured, is the GHI forecast 

error, x1 is GHIforecasted, x2, …, xn are the additional forecasted 
input parameters.  

 The errors of the forecast are then broken to its 0th, 1st, 2nd 
… order dependence on individual input parameters using 
functional analysis of variance (FANOVA) [25] Equ.(2)-(5). 
In essence, FANOVA decomposes the overall error into mean 
bias, the dependence on individual variables, the interaction 
between two-variable pairs etc. The zeroth order term f0  (Equ. 
(3)) is the mean bias error of a forecast. The first order term fi  
(Equ. (4)) provides the error dependence on xi only while the 
effects of all other parameters are averaged out (with zeroth 
order term removed). The second order term  fi,j  (Equ.(5))  

 

provides the error dependence on xi and xj (with zeroth and 
first order terms removed): 
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Thus a FANOVA term having large dependence on the 
input variables means that the systematic error of the forecast 
is strongly dependent on situation category, vice versa. Plotted 
in Fig. 2A is a summary of the estimated first order FANOVA 
terms (fi) of NAM GHI (first order error dependence on all 
input parameters) calculated using data from all seven Surfrad 
sites. Note that for plotting in Fig 2A, all input parameters 
have been linearly rescaled to [0,1] from their corresponding 
minimum and maximum values so that they can be overlaid on 
the same plot, and the results are smoothed to show the pattern 
more clearly. The result shows that the NAM GHI forecast 
error has a strong dependence on GHI, zenith angle, and cloud 
liquid water inputs. A negative 1st order error 
(under-prediction) is evident for small GHI or small zenith 
angle while a positive 1st order error (over-prediction) occurs 
for large GHI or zenith angle. Moreover, a positive 1st order 
error occurs for near-zero cloud liquid water content. Beyond 
first order, examples of 2nd order GHI forecast error 
dependence on input parameters are shown in Fig. 2B and Fig. 
2C. We observe that GHI forecast error vs. GHI and zenith 
angle (Fig. 2B) can be divided into four regions.  For small 
(large) zenith angle and small (large) GHI, the 2nd order 
forecast error is negative, otherwise the 2nd order error is 

 

Figure 1.General schematic showing the architecture of the 
machine learning based model blending. 



 

 

positive. As a second example, there is also a stronge
interaction between column integrated cloud 
content and zenith angle (Fig. 2C). Large positive and 
negative 2nd order error occurs when there is near zero
liquid water content. We suggest that such 
FANOVA GHI forecast error dependences 
systematic error in the NAM modeling, potentially related to 
the relatively simplistic cloud microphysics and
transfer schemes employed. 

B.  Machine-learning based multi-model blending. 

Similar to the NAM model, two other 
numerical weather prediction models, rapid refresh (RAP
formerly Rapid Update Cycle) [30] and high
refresh (HRRR) [31] are also analyzed using FANOVA
apparent that these models have different manifestation
error dependence on the input parameters. Such observation 
suggests that if one divides the total space formed by those 
parameters on which the error depends on strongly into 
subspaces, as illustratively marked by dashed lines on Fig 2B, 
2C, one may be able to reduce the errors of the individual 
models more effectively.  

How to divide the space of the input parameter is often 

too complicated to be tackled by manual analysis, which 

prompted us to deploy a machine learning based approac

schematically depicted in Fig. 1. From 

forecast models (such as the GFS – Global Forecast System) 

and observational inputs such as sounding measurement of 

vertical profile of atmospheric pressure, temperature, 

humidity etc., multiple physical models (blue box) such a

NAM, RAP, HRRR etc. employ different configurations of 

grid setting and microphysics packages

atmospheric states. Among the output of the models

of direct interest for prediction, such as solar irradianc

speed, temperature etc. for solar and wind power forecast. 

Those parameters are referred to below as 

parameters (red box). Additionally the physical model

predict parameters such as cloud liquid water and 

etc., which are referred to below as categorization

(yellow box in Fig. 1). These parameters are of no direct 

interest for the intended application and 

corresponding measurement to validate the forecast

parameters. The selection of categorization parameters can be 

quantitatively guided by the FANOVA analysis discussed 

above. Though a detailed discussion is beyond the scope of 

this article, we note that, generally, those

which the prediction parameters have significance 1

order error dependence should be selected as categorization 

parameters. The two types of parameters as predictor 

variables are fed into a machine-learning algorithm 

box, detailed below) to make predictions. 

time is t=0, the historical data for training th

learning usually is available for a time period 

(training period Ttraining). Specifically, the training data 
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Figure 2. (A) North American Mesoscale Model (NAM) global 
horizontal irradiance (GHI) forecast error: 1
on input parameters derived using functional analysis of 
variance. Note that the three parameters on which GHI error 
depends upon most dominantly are GHI (green), zeni
(blue), and column integrated cloud liquid water (red). The 
dependence on other parameters are shown in black. Note that 
in this plot all parameters are linearly scaled to [0,1] where 0 
(and 1) is the minimum (and maximum) value encountered in 
the dataset so that 1st order dependence
same plot.  (B, C) Salient 2nd order 
dependence are on GHI vs. zenith angle
column integrated cloud liquid water 
(panel C).  

 

 

 

 

 

cale Model (NAM) global 
horizontal irradiance (GHI) forecast error: 1st order dependence 
on input parameters derived using functional analysis of 
variance. Note that the three parameters on which GHI error 
depends upon most dominantly are GHI (green), zenith angle 
(blue), and column integrated cloud liquid water (red). The 
dependence on other parameters are shown in black. Note that 
in this plot all parameters are linearly scaled to [0,1] where 0 

maximum) value encountered in 
order dependences can be shown on the 

order GHI forecast error 
enith angle (panel B) and on 

 content vs. zenith angle 
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of multiple physical models’ forecasts for both the prediction 

parameters and the categorization parameters (both used as 

predictor variables) as well as measurements for the 

prediction parameters (used as response variables). Using 

such training data, a machine learning model is trained. By 

and large, a machine learning model is a statistical fitting 

between the predictions (of both prediction and 

categorization parameters) and the measurements (of 

prediction parameters) obtained by minimizing a certain cost 

function (purple box in Fig. 1). The cost function is typically 

the forecast accuracy metrics of interest to a forecast user 

such as RMSE or MAE, though more complex metrics may 

be needed depending on the use case of a forecast [32]. The 

trained machine learning model is then applied to the forecast 

period Tforecast after t=0. The forecast for the prediction 

parameters and the categorization parameters from different 

physical models are used as the inputs to the machine learning 

model to forecast the prediction parameters in Tforecast.  

From the test cases, the machine-learning based model 

blending approach proves to be quite generic. As long as an 

appropriate set of categorization parameters are selected,  

forecast error reduction with respect to the best individual 

input physical model can be achieved with an array of 

supervised machine learning algorithms which are from 

different underlying mathematical formulation. Tested 

machine learning algorithms include random forest (RF) 

[28,29], gradient boosted regression model (GBM) [33,34], 

recursive partitioning and regression tree (RPART) [35], 

support vector machine (SVM) [36,37], perceptron neural 

nets (NN). Unless stated otherwise, the results presented 

below are obtained using RF learning, although GBM, SVM, 

NN models provide comparable performance. As to be 

published elsewhere further improved forecast performance 

may be obtained by using a multiple-expert machine learning 

approach. 

III. RESULT  

A. Forecast Error Reduction w.r.t Best Individual Models 

To investigate the forecast performance of the machine 
learning based model-blending approach we start with a case 
study in which three individual high resolution numerical 
weather prediction (NWP) models, NAM, RAP, and HRRR 
are blended. For validation of the forecasts, we use 
measurement data of four parameters, GHI, DNI, temperature 
at 2 m above ground (T2m), and wind speed at 10 m above 
ground (W10m). The choice of the four parameters is 
partially motivated for setting the stage for applying the same 
approach in solar power forecasting as these are the four input 
parameters for typical irradiance-to-power models [38,39]. 
GHI, T2m, W10m forecasts are taken from the NWPs 
directly, while DNI values are calculated from the vertical 
atmospheric and cloud profiles (temperature, pressure, 
humidity, cloudy liquid water and ice content) and surface 
albedo forecasted by the NWPs using a plane-parallel 
multi-layer radiative transfer model [40]. 

For the case study, daily 06z run of the NAM model and 
11z run of the RAP and HRRR models are used to extract the 
forecast of GHI, DNI, T2m, and W10m.  Forecast 5 to 21 
hours ahead for NAM, 0 to 15 hours ahead for both RAP and 
HRRR) at the seven NOAA Surfrad stations [27] noted above 
are extracted and validated against the measurement.  

Other than the four parameters for prediction, other 
categorization parameters extracted from the NWPs are cloud 
base and top heights, cloud column integrated ice content, 
cloud  column integrated liquid water content, total cloud 
cover, ground pressure, ground relative humidity, surface rain 
as well as diffuse horizontal irradiance (DHI), solar azimuth 
angle, solar zenith angle calculated using the radiative 
transfer model. Pertaining to the result presented below, for 
the forecast of any given day, historical data of the prediction 
and categorization parameters of the 60 days immediately 
beforehand are used for training of an RF learning model. The 
validation time period is from 2013-07-05 to 2014-01-21. 

 

 

 

 

Figure 3 (A) The four panels summarize the forecast error of 
global horizontal irradiance (GHI), direct normal irradiance 
(DNI), temperature at 2 m above ground (T2m), and wind speed at 
10 m above ground (W10m) using different methods. Red: 
uncorrected RAP, HRRR, NAM; orange: blending of 
RAP/HRRR/NAM without inputs of additional parameters for 
situation categorization; Green: ML correction of individual 
models with additional parameters for categorization; Blue: ML 
blending of three models using additional parameters for situation 
categorization.  (B) Histogram of GHI forecast error distribution. 
(C) Comparison of GHI forecast error in an exemplary week for 
the Surfrad site at Pennsylvania State University (2014-01-12 to 
2014-01-18). For (B) and (C) RAP error is shown in black, HRRR 
in red, NAM in green and the model blending in blue. 



 

 

As a summary of the forecast result, the root mean square 
error (RMSE) of the four parameters predicted by machi
learning based blending as well as extracted from the 
individual NAM, RAP, HRRR models is shown in Figure 3
The RMSE of GHI forecast from uncorrected RAP, HRRR, 
NAM is respectively 151, 161, 165 W/m
RMSE of the model blended forecast b
machine-learning including parameters for categorization is 
107 W/m2 (blue bar), a ~ 30% improvement
the best individual model. Similar degree of improvement is 
also seen for DNI, T2m, and W10m as shown in the other 
three panels of Fig.3A. 

Fig 3B shows the histogram of GHI forecast error 
distribution. Compared to the three individual model (black, 
red, green lines), the blended model (blue) 
reduced large positive forecast error by nearly one order of 
magnitude. Moreover as a typical example, a week of GHI 
forecast error from 2014-1-12 to 2014
Pennsylvania State University (PSU) Surfrad station
in Fig. 3C. Note that on January 12 and 15, even though the 
three individual RAP/HRRR/NAM models essentially
the same positively biased forecast, the 
nevertheless substantially reduced the forecast error. 

 

B. Application in solar power forecasting. 

The machine-learning based model blending approach 
may also be applied towards PV power forecast.
case, the following result is for a 20.2MW PV site 
(multi-crystalline silicon module, single axis tracking in 
Marana, Arizona). Three NWP products are used as input
model blending: the daily 18z run of the NAM model
resolution), the 15z run of the short range ensemble forecast 
model (SREF, Advance Research WRF central member on 
the 40 km resolution AWIPS grid 212) and the18z run of the 
GFS model (0.5 degree resolution). For all three models, the 
forecasts used are for the 24 hours of the next day (local time). 
Vertical atmospheric and cloud profiles at the site location are 
converted into GHI, DNI forecast using a 
multi-layer radiative transfer model. The GHI, DNI as well as 
the forecasted temperature at 2 m above ground 
speed at 10 m above ground are used as inputs for
irradiance-to-power model adapted from [38
forecast of the output PV AC power which is compared to the 
measured PV AC power.  

For the validation period of 2014-01-23 to 2014
Fig.4A shows the 30 day rolling average of the MAE 
(excluding night time) for the model blending (red) vs. those 
derived from the three individual NWP models GFS (green), 
NAM (cyan), and SREF (purple). Clearly, the model blending 
consistently has the lowest MAE. For the validation period, 
the averaged MAE is 2.0 MW for model blending versus 2.9 
MW for NAM, 2.9 MW for SREF, and 3.1 MW for GFS (Fig. 
4B). Again model-blending enabled a ~30% error reduction 
compared to the best input model.  
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IV. DISCUSSION

A. The role of atmospheric state parameter
categorization in improving blended forecast accuracy.

The fact that statistical correction and multi
approaches may improve the accuracy of 
not that surprising, since unlike a ge
model blending has to predict only a limited number of 
locations and atmospheric state parameters which has 
corresponding measurements for error correction. Here we 
focus on the role of including additional state parameters for 
situation categorization which may provide additional 
enhancement to conventional method exemplified by equally 
or unequally weighted ensemble averaging. 

Turning back to the GHI forecast 
Surfrad stations, if we only feed the machine learning
parameter to be predicted without categorization
e.g. provide only GHI from RAP, HRRR, NAM for GHI 
prediction, the blended forecast has an RMSE of 122 W/m
(Fig.3A orange bar). In comparison,
including additional categorization parameters
of 107 W/m2 (Fig. 3A blue bar), an improvement of 12%
fact, the simplistic model blending result is not as good as 
forecast based on correcting an individual model by including 
categorization parameters. If we use the pr
parameters and categorization parameters from an individual 
model (RAP, HRRR, or NAM) for training the machine 
learning model and for forecasting, such “

 

 

Figure 4.(A) Comparison of PV power forecast accuracy (MAE 
30 day rolling average) derived from model
three individual NOAA NWP models GFS (green), NAM 
(cyan), and SREF (purple). (B) Bar plot showing average 
forecast MAE. Validation period is from 2014
2014-08-20.  
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Comparison of PV power forecast accuracy (MAE 
30 day rolling average) derived from model-blending (red) and 
three individual NOAA NWP models GFS (green), NAM 

and SREF (purple). (B) Bar plot showing average 
forecast MAE. Validation period is from 2014-01-23 to 



 

 

HRRR, or NAM has a GHI forecast error of 114, 1
120 W/m2 (Fig. 3A green bars). Similarly to the GHI case, 
model blending including categorization parameters yield
~10% improved accuracy for DNI and wind compared to the 
cases without categorization parameters (Fig. 3A). 

Generally speaking, the improvement offered by 
multi-model blending approach comes from canceling out the 
systematic bias error of individual forecast models. For 
conventional equally or unequally weighted ensemble 
averaging, the cancellation is for systematic 
over all possible atmospheric states. However, model 
not necessary equal in different sub-regions of the 
atmospheric states. For example, we have
that the error of GHI forecast by NAM model is dependent on 
what is the combination of GHI (Fig. 2B) vs. zenith angle
column integrated cloud liquid water vs. zenith angle 
2C).  Thus it is reasonable to postulate that improved blending 
results can be obtained if one takes into accoun
difference in the error of individual models and provides
appropriate adjustments depending on the 
categorization. This postulation is the 
model-blending approach.  

Indeed the advantage of  model-blending 
simplistic model averaging can be illustrated
comparing the FANOVA results between the 
cases. As a reference, we calculate an ensemble model using 
an equal-weight linear combination of GHI forecast by
RAP, HRRR, and NAM models. In Fig. 5
FANOVA error dependence of such averaged
“Ensemble”) GHI forecast is compared to forecast
model blending with categorization parameters (labeled 
“Model Blending”). The parameters for which FANOVA 
error dependence is calculated are listed in the insert 
Fig. 5A. All parameters have been linearly rescaled to [0,1] 
from their corresponding minimum and maximum values so 
that they can be overlaid on the same x-axis
ensemble averaged forecast (left panel) has significant 1
order error dependence - spanning from around 
W/m2 – on several parameters such as the HRRR model 
predicted GHI (yellow line). In comparison, the model 
blending result (Fig. 5A right panel) has much reduced first 
order error spanning from -30 to + 30 W/m2.
blending reduces 2nd order error. Fig. 5B and 5C show 
comparison of one of the dominant second order 
dependences on zenith angle and GHI. Ensemble averaged 
forecast has large 2nd error ranging from around 
(Fig. 5B blue region with small NAM GHI and small zenith 
angle)  to around +15 W/m2 (Fig. 5B red region with small 
NAM GHI forecast and large zenith angle.) In contrast, model 
blending forecast reduces the 2nd error to between around 
to +5 W/m2. Such reduction of error of 1st order and 2
which is the basis for an overall improved forecast accuracy 
(Fig. 3 and 4), clearly cannot be obtained without involving 
the additional categorization parameters as inputs.

V. CONCLUSION 

 In conclusion, we have introduce
machine-learning based multi-model blending 
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enhancing the accuracy of weather forecasting in general and 
in particular for enhancing renewable energy forecast. From 
the test cases, we found the framework to be quite generic. 
Error reduction with respect to the best individual input 
model is achieved for different meteorological parameters as 
well as solar PV power. Validation results over an extended 
period of time at different locations in US show repeatedly 
over 30% improvement in solar irradiance/power forecast 
accuracy compared to forecast based on the best individual 
model. 

The most salient feature of the forecast approach is to 
include - in addition to the parameter to be forecasted directly  
(such as GHI or PV power for solar power forecast) - 
parameters for weather situation categorization as inputs to 
the machine-learning. The motivation for doing so is the 
recognition that the forecast bias error of an individual 
physical model is “localized”, i.e. dependent upon the 
categorization parameters. Such “localized” error dependence 
is quantified using functional analysis of variance. Compared 
to conventional ensemble approaches, which largely reduce 
mean errors of the individual models, the machine-learning 
based model-blending approach effectively reduces 
“localized” error of the individual models. We infer that such 
“localized” or situation dependent error correction underlies 
the overall improvement of the prediction accuracy brought 
by the machine-learning based model-blending approach. 
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