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ABSTRACT

This paper describes the development and testing of a cloud-regime-dependent short-range solar irradiance

forecasting system for predictions of 15-min-average clearness index (global horizontal irradiance). This

regime-dependent artificial neural network (RD-ANN) system classifies cloud regimes with a k-means al-

gorithm on the basis of a combination of surface weather observations, irradiance observations, and GOES-

East satellite data. The ANNs are then trained on each cloud regime to predict the clearness index. This

RD-ANN system improves over the mean absolute error of the baseline clearness-index persistence pre-

dictions by 1.0%, 21.0%, 26.4%, and 27.4% at the 15-, 60-, 120-, and 180-min forecast lead times, respectively.

In addition, a version of this method configured to predict the irradiance variability predicts irradiance

variability more accurately than does a smart persistence technique.

1. Introduction

Utility companies and independent system operators

(ISOs) require accurate short-range forecasting of var-

iable renewable energy sources, such as solar energy, to

maintain power-grid load balance (IRENA and CEM

2014). Cloud cover is the most important variable in

forecasting short-range solar-energy power generation

because clouds cause near-instantaneous changes in

power generation as they move over the solar power

plant. Forecasts of the change in cloud cover, and thus

the amount of solar irradiance reaching the surface of

Earth, provide necessary information for utility com-

panies and system operators to maximize solar-energy

penetration while maintaining balanced grid operation.

Therefore, deterministic forecasting of the solar irradi-

ance reaching the ground is important so that the gen-

eration resources required to maintain this balance can

be allocated efficiently. In addition, forecasts of vari-

ability of the resource aid in strategic allocation of re-

serves. Our goal in this study is to leverage a statistical

classification of cloud regimes to better tune artificial

intelligence (AI) prediction algorithms so as to improve

the skill of deterministic global horizontal irradiance

(GHI) predictions.

The forecast lead time substantially impacts the op-

timal predictors and forecast method for irradiance

prediction. Day-ahead and longer forecasts are
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necessary in planning conventional and variable power

generation, and for these lead times numerical weather

prediction (NWP) forecasts are generally used (Lorenz

et al. 2012; Kleissl 2013). Intraday irradiance forecasts

are used by utility companies and ISOs for load fol-

lowing and planning for dispatch. At these lead times, a

combination of methods—empirical models, satellite-

based techniques, statistical methods, and NWP

models—works best (Bouzerdoum et al. 2013; Voyant

et al. 2012, 2013), with the combination producing the

lowest forecast error depending on the specific lead time

and available predictors. At the shortest time scales of

less than 15min, sky-image data can be used as input to

cloud-based advection techniques (Chow et al. 2011;

Marquez and Coimbra 2013; Huang et al. 2013;

Quesada-Ruiz et al. 2014; Chu et al. 2015); the number

of sky imagers deployed is generally limited, however.

We focus on forecast lead times from 15min to 3 h,

which is a sufficiently short range for statistical methods

to outperform NWP but beyond the range where per-

sistence or sky-imager forecasts are difficult to

outperform.

At forecast lead times from 15min to 3 h, historically

satellite-based cloud-advection techniques have been

used. These techniques use cloud-motion vectors

(CMVs) that are computed from consecutive satellite

images and then used to advect the satellite-observed

clouds into the future. The use of CMVs for prediction

of solar irradiance and solar power was proposed by

Beyer et al. (1996), with Hammer et al. (1999) and

Lorenz et al. (2004) developing more-advanced advec-

tion schemes. A forecasting method that uses a phase

correlation between consecutiveMeteorological Satellite-9

(Meteosat-9) images has been used to predict 30-min

values of cloud index out to 4-h lead time and on average

showed 21% improvement in root-mean-square error

(RMSE) when compared with cloud-index ‘‘persistence’’

(Cros et al. 2014). Bilionis et al. (2014) use a probabilistic

prediction technique with the application of a Gaussian

process model after applying a principal component

analysis in an attempt to model the evolution of the

clearness index from satellite images. To address the

errors that arise from assuming steady clouds during

advection, Miller et al. (2014) group cloud pixels into

cohesive cloud structures and then employ an appro-

priate steering flow that uses cloud-group properties to

forecast their downstream development and shearing

characteristics. Their intermediate position in the

lead-time spectrum makes satellite-based techniques

prime candidates for blending with other forecast

techniques.

Statistical methods are well suited to combining

multiple predictors in such blended forecast systems.

Statistical models of appropriate complexity for the

GHI forecast problem maximize the predictive value

from the available predictors (e.g., satellite and ground-

based observations). Any regression method can be

applied to GHI forecasting, but the artificial neural

network (ANN) is one of the most powerful, most

general, and, therefore, most widely used (Mellit 2008;

Martín et al. 2010; Pedro and Coimbra 2012; Notton

et al. 2012; Bhardwaj et al. 2013; Bouzerdoum et al. 2013;

Diagne et al. 2013; Fu and Cheng 2013; Marquez et al.

2013; Inman et al. 2013; Chu et al. 2013; Fernandez et al.

2014; Almonacid et al. 2014; Quesada-Ruiz et al. 2014;

among others). The relevant predictors for estimating

direct normal irradiance with a Bayesian ANN method

were found by Lopez et al. (2005) to be the clearness

index and the relative air mass. Pedro and Coimbra

(2012) found that an ANN time series model out-

performed persistence, autoregressive integrated mov-

ing average (ARIMA), and k-nearest neighbors (kNN)

models for 1–2-h solar power predictions. Marquez et al.

(2013) used processed satellite images as input into

ANNs to predict GHI from 30 to 120min and found

between 5% and 25% reduction in RMSE relative to

that of persistence. A challenge with ANNs, however, is

the large number of tunable parameters, which is on the

order of the number of predictors multiplied by the

number of neurons. This requires a large quantity of

training data to prevent overfitting and the consequent

loss of skill on independent data (i.e., operational use).

Another concern with using ANNs in operational fore-

casting is the lack of physical interpretability that could

directly provide the user with information on forecast

variability.

We partition the data into subsets on the basis of cloud

regimes to forecast variability and to tune the ANNmodel

more accurately for the peculiarities and consequent

forecast challenges of each specific cloud regime. This

variability in solar irradiance was shown by Hinkelman

and Sengupta (2012) to differ among satellite-data-derived

cloud types. Regime-based prediction has been used in

several different solar irradiance and solar power ap-

plications. Tapakis and Charalambides (2013) provide a

review of various methods for both supervised and un-

supervised cloud classification. The unsupervised tech-

niques classify on the basis of the pixels of an image. The

supervised techniques, which are divided into simple,

statistical, and artificial subgroups, classify on the basis

of available training datasets and the arithmetic com-

plexity of the technique. A one-step stochastic pre-

diction process of cloud cover or clearness index with

transition matrices dependent on the relative sunshine

amount is presented in McCandless et al. (2014) and

Morf (2014). Zagouras et al. (2013) used a k-means

1600 JOURNAL OF APPL IED METEOROLOGY AND CL IMATOLOGY VOLUME 55



clustering algorithm with a stable initialization method

to identify regimes on the basis of step changes of the

average daily clear-sky index in the San Diego, Cal-

ifornia, region. Mellit et al. (2014) used a simple ap-

proach that is based on the daily total solar irradiance to

identify clear, partly cloudy, and cloudy regimes with

separate ANN models developed on each regime and

showed that, particularly for the cloudy days, the ANN

model that was trained on only those days improved on

the ANNmodel that was trained on all days. McCandless

et al. (2016) used a k-means algorithm on surface weather

and irradiance observations to identify regimes before

applying an ANN. The separation into cloud regimes

allows an AI model to identify repeatable patterns in

surface solar irradiance, but there is a lack of research

into 1) what are the most important inputs for cloud-

regime classification, and 2) what are the most impor-

tant predictors for an AI method to most efficiently

make accurate short-range predictions of solar irradiance.

Rather than burden the ANN with the task of both

identifying cloud regimes and responding to them

correctly, a separate statistical model can be used to

identify regimes before fitting the ANN. This approach

allows the ANN to focus on the forecast mission for a

specific cloud type. This simplification of each ANN’s

mission allows it to be implemented with a simpler

configuration (fewer neurons and tunable parameters).

Thus, better tuning can be achieved for a given amount

of training data. However, the accurate classification of

cloud regime is necessary for the ANN to focus on each

cloud regime’s peculiarities. To do this, we utilize a

combination of inputs that are specific to the goal

of identifying cloud regimes in a k-means regime-

classification method. Because training data are always

limited, this new approach offers the potential for im-

proving the skill of ANNs in solar irradiance prediction.

Section 2 describes the datasets and the derived pre-

dictors. Section 3 provides an overview of the process,

and section 4 explains the clearness-index-persistence

baseline prediction method and the AI prediction tech-

niques.We illustrate the various regime-dependent ANNs

used in this study in section 5. Section 6 presents the re-

sults, and section 7 provides discussion and conclusions.

Note that the overall project report by Haupt et al. (2016)

contains and discusses inmore detail themethods, models,

and results of both this paper andMcCandless et al. (2016).

2. Data

Wewish to determine the optimal set of inputs for the

k-means algorithm and predictors for the ANNto create

the best configuration for the regime-dependent artifi-

cial neural network (RD-ANN) forecasting system. To

do so, we use data from three types of sources: irradiance

observation systems, surface weather observation net-

works, and satellite observations. We use two irradiance

observation systems located in different regions of the

United States to test the prediction system in different

climates with different training-data sizes.

We use approximately 1 year of data from the Sac-

ramento Utility District (SMUD) located in the Sacra-

mento Valley of California. As in McCandless et al.

(2016), we use data from eight solar power forecast sites

that measure irradiance, shown in Fig. 1 as blue tri-

angles. The GHI observations are available for a period

of 367 days from 25 January 2014 through 26 January

2015. The temporal resolution of the raw data is 1min,

and averages are computed over 15-min intervals ending

at 0, 15, 30, and 45 min after the hour. The 15-min-

averaged GHI data are then converted to clearness-index

values. The clearness index is the ratio of the GHI ob-

served at the surface to the expected GHI at the top of

the atmosphere (TOA), which is computed through a se-

ries of geometric calculations for a given location, date,

and time. This averaging interval was selected after com-

municationwith several utility companies and corresponds

to the shortest time range for which a forecast is currently

useful for dispatch decision-making in the United States.

All instances with missing data or nighttime observations

are excluded from the final dataset. This approach is the

same as that reported in McCandless et al. (2016).

Brookhaven National Laboratory (BNL), located on

Long Island in New York, is our second irradiance mea-

surement system. We use data from one solar power fore-

cast site that measures irradiance, shown in Fig. 2 as a blue

triangle. The dataset includes 1 year of data, from 20 May

2014 to 19 May 2015. All instances with missing data or

nighttime observations are excluded from the final dataset.

The two locations of irradiance observations, Long

Island and Sacramento, have different climates and

therefore have different irradiance-variability charac-

teristics. This allows a test of our method’s robustness in

predicting irradiance under different weather conditions

and a different number of training instances. For the

BNL site on Long Island, the climate is characterized by

more variable cloud cover that is due to higher humidity

resulting from its close proximity to the Atlantic Ocean.

Monthly average precipitation for Long Island is rela-

tively consistent, in contrast to Sacramento, which typ-

ically experiences rainy winters and dry summers.

Surface weather observations are not available at the

irradiance observation sites; therefore the three nearest

aviation routine weather report (METAR) sites are used

to characterize the local weather. The three closest

METAR sites are shown as red times signs in Fig. 1 for

the SMUD region and in Fig. 2 for theBNL region. These
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observations are recorded at the top of every hour. As in

McCandless et al. (2016), we use six weather variables:

cloud cover, dewpoint temperature, precipitation occur-

rence in the last hour (1 5 precipitation occurred and

0 5 precipitation did not occur), precipitation amount,

temperature, and wind speed.

The satellite data used as forecast predictors came

from NOAA’s GOES-East Geostationary Operational

Environmental Satellite. The GOES data were chosen

for this work because they are acquired operationally

every 15min with a nominal nadir footprint of just 1 km

in the shortwave band and 4km in the infrared channels.

GOES-East was selected over GOES-West for two

reasons. First, the position of GOES-East at 758W pro-

vides views of both the California and New York fore-

cast sites at angles that are less oblique than at the 1358W
location ofGOES-West. Second, processedGOES imager

datawere only available from theGOES-East acquisitions

at 15 and 45min after the hour and from GOES-West

acquisitions at 0 and 30min after the hour. Allowing for a

latency time of 15min, the 45-min acquisition provides the

most up-to-date information for the reinitialization of our

forecast system at the top of every hour.

TheGOES-East data consist of both directly measured

and retrieved variables provided in level-2 output from

the Pathfinders Atmospheres–Extended (PATMOS-x)

retrieval suite (Heidinger et al. 2014) run operationally

by NOAA’s Cooperative Institute for Meteorological

Satellite Studies and, for this project, by the Co-

operative Institute for Research in the Atmosphere.

The directly measured variables are radiance values at

wavelength bands centered on 650 nm (visible) and

3.75mm (infrared) and brightness temperatures at

3.75mm and 11.0mm (water vapor window). The re-

trieved variables applied in this study were cloud-top

temperature, cloud fraction, cloud optical depth, hy-

drometeor effective radius, and cloud type, where the

cloud types included the categories fog, liquid water

clouds, supercooled water clouds, opaque ice clouds,

cirrus clouds, vertically overlapping clouds, and over-

shooting clouds. Instantaneous solar zenith angles were

also taken from the satellite data files. The data are

provided as ungridded 4-km footprints. The values

supplied to the forecast system are averages over the

nine footprints closest to each of the forecast locations

at 45min after each hour.

FIG. 1. Locations of SMUD irradiance observations (blue triangles) and the three nearest METAR surface weather observations (red

times signs). Map data: Google; CopyPasteMap.com.
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In addition to the observed irradiance and weather

predictors, it is often useful to derive additional vari-

ables to emphasize important physical processes. As

stated in our previous work (McCandless et al. 2016), we

derive inputs specific to the k-means classification sys-

tem as well as predictors that are specific to the ANN

prediction system. In particular, we leverage our mete-

orological knowledge to provide the k-means algorithm

with inputs to identify cloud regimes and to provide the

ANNs with predictors for predicting solar irradiance.

From that previous work (McCandless et al. 2016),

variables used as inputs for the k-means algorithm in-

clude the cloud cover squared averaged over the three

nearest METAR sites and the standard deviation of the

cloud cover for the three nearest METAR sites so as to

weight higher regional cloud-cover values and to quan-

tify the regional solar irradiance variability. Another

predictor, dewpoint depression, defined as the differ-

ence between the temperature and the dewpoint tem-

perature, quantifies the atmosphere’s nearness to

saturation at the surface. This derived predictor, and the

cloud-cover-squared predictor, are averaged over the

three METAR sites on the basis of a sensitivity study

that showed no improvement by including the predictor

for each site independently (McCandless et al. 2016).

For the SMUD region, we derive two additional pre-

dictors by computing the spatial average and standard

deviation of the clearness index at the previous 15-min

interval over the remaining sites. These predictors are

computed so as to quantify the regional distribution of

cloud cover as measured by the eight solar irradiance

observation sites. These predictors are not computed at

BNL because there is not a regional network of sites

such as that operated by SMUD and thus there are no

additional data from which to compute these predictors.

3. Process overview

Our prediction process requires sensitivity studies to

determine the best configuration before applying the final

prediction models to an independent validation dataset.

We predict the clearness index Kt, which is defined in Eq.

(1), because it quantifies the amount of irradiance atten-

uated from the maximum possible irradiance expected at

the TOA and thus removes much of the zenith-angle

dependence so that the ANN can focus on cloud effects:

FIG. 2. Location of the BNL irradiance observation site (blue triangle) and the three nearest METAR surface weather observations (red

times signs). Map data: Google; CopyPasteMap.com.
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Kt5
GHI observed at the surface

GHI at the top of the atmosphere
. (1)

Therefore, we create separate training datasets,

sensitivity-test datasets, and validation datasets—labeled

‘‘train,’’ ‘‘sensitivity test,’’ and ‘‘validation’’ in Table 1—

by randomly selecting instances. The validation datasets

are used as an independent verification of our final

models. For the sensitivity studies, we explore the sensi-

tivity of the mean absolute error (MAE) to the dataset

used for tuning the model. Table 1 lists the number of

instances in each of the datasets for both SMUD and

BNL. The SMUD datasets have substantially more in-

stances because there are eight prediction sites within the

SMUD region and there were fewer missing observations

than for the BNL datasets.

We wish to develop a ‘‘best practices’’ method for

regime-dependent statistical forecasting of clearness

index. To that end, we test multiple regime-dependent

prediction methods for solar irradiance prediction given

various inputs and predictors; therefore, we use a data-

flow diagram (Fig. 3) to describe the relationships

among the various techniques. The top tier represents

the data sources: irradiance observations, METAR

surface weather observations, derived predictors, and

satellite data, which are split into two boxes for the

measured variables and the derived variables. The

GOES-East satellite-derived variables are included

only in the instances that are not defined as clear.

The second tier illustrates this separation into the

satellite-determined clear instances and the satellite-

determined cloudy instances. This is the first regime

separation in our prediction process. The third tier of

Fig. 3 describes the prediction methods for all other

TABLE 1. List of instances in each training, testing, and valida-

tion dataset for both BNL and SMUD. The data were randomly

split into the different partitions.

Dataset

Satellite-derived

cloudy instances

Satellite-derived

clear instances

SMUD

Train 9081 15 642

Sensitivity test 4402 7685

Validation 6536 11 595

BNL

Train 309 387

Sensitivity test 154 187

Validation 290 223

FIG. 3. Overall process design for our regime-dependent prediction technique and the comparison techniques.
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instances. From left to right, the first prediction tech-

nique is the ANN applied on the clear dataset. The next

prediction technique is an ANN without additional re-

gime classification. The final three are the RD-ANNs.

The first RD-ANN method is based on regimes that are

determined explicitly from the ‘‘cloud type’’ variable in

the GOES-East data and is labeled RD-ANN-GCT,

where GCT stands for GOES cloud type. The next RD-

ANN technique is the k-means cloud-regime classifica-

tion that includes inputs from all of our data sources; we

name this technique RD-ANN-GKtCC because it in-

cludes GOES-East data, Kt observations, and cloud

cover from the METAR observations. The final pre-

diction technique does not include the satellite mea-

surements and is a direct comparison with previous work

(McCandless et al. 2016). This method is named RD-

ANN-KtCC because it includes the Kt observations and

the cloud cover. The fourth-tier elements are the final

predictions from all of the prediction techniques, in-

cluding the baseline technique of clearness-index per-

sistence. The validation-dataset results from these

predictions are shown in section 6.

4. Prediction methods

a. Baseline: Clearness-index persistence

We use clearness-index persistence as our baseline

prediction technique for comparison. Clearness-index

persistence is commonly referred to as ‘‘smart persis-

tence.’’ It inherently corrects for changes in solar ele-

vation with time and can be easily converted back to

GHI for operations if the clearness-index forecast is

multiplied by the TOA GHI (McCandless et al. 2016).

This baseline technique uses the last available obser-

vation of the clearness index (i.e., 15-min average) as the

prediction for subsequent times. For locations with ei-

ther generally clear conditions or steady cloud cover,

this technique is difficult to improve on. In contrast,

when the sky condition is characterized by mixed or

variable clouds, the clearness-index-persistence tech-

nique performs poorly.

b. Artificial neural network

The ANN is our choice for a nonlinear AI prediction

technique because an ANN can model any functional

relationship (which may have potentially complex re-

lationships between the predictors and predictand),

with proper tuning of the number of hidden layers and

neurons. ANNs attempt to replicate how the human

learning process works, and, when given a sufficiently

large set of training data, ANNs can model complex—

that is, nonlinear—relationships between the pre-

dictors and the predictand (Lippmann 1987). The ANN

used here is a feed-forward neural network trained by a

backpropagation algorithm (Reed and Marks 1998),

which is commonly referred to as a multilayer percep-

tron (Rosenblatt 1958). As in McCandless et al. (2016),

the specific neural-network module used in this study

is the ‘‘newff’’ model in the Python programming-

language library of the ‘‘NeuroLab’’ simulation-software

(https://pythonhosted.org/neurolab/; Rosello et al. 2003)

trained with a resilient backpropagation algorithm. The

ANN used here has three layers: the input layer consist-

ing of the predictors, the hidden layer consisting of tun-

able neurons, and the output layer, which computes the

final prediction. The actual processing is done by the

neurons in the hidden layer, each of which is a linear

regression postprocessed by a sigmoid function so that

all outputs are on a common finite scale. These neuron

outputs are then merged by a final linear-regression

neuron to yield the ANN’s forecast. Each predictor of

the input layer is connected to all neurons within the

hidden layer, but the iterative training results in special

weights for each neuron that together address the dif-

ferent aspects of the problem.

Varying the number of neurons in the hidden layer

changes the complexity of the model. As more neurons

are added, more complex nonlinear relationships be-

tween the predictors and the predictand can be modeled.

This increase in complexity, however, increases the risk of

overfitting the training data and decreasing the perfor-

mance of the model on the independent data. Moreover,

as the number of training epochs (i.e., iterations) is in-

creased, an overly complexANNmay begin to tune to the

random noise in the training data as well as to the real

relationships. Therefore, both the number of neurons of

the hidden layer and the number of training epochs de-

termine the ANN’s fit to the training and independent

data. The goal of configuring the ANN is to find the best

level of complexity (i.e., the number of hidden-layer

neurons) and number of training epochs that model the

true relationships in the training data and thus yield the

lowest error on independent data. Themean square error

(MSE)was the score thatwasminimized in the training of

the algorithm.Weheld the learning rate (0.01) andweight

decay (0.5) constant because sensitivity studies (not

shown) found these values to be best.

We have a total of 42 predictors for the SMUD sites,

which includes data from SMUD irradiance observation

sites, METAR weather observation sites, GOES-East

satellite data, and several derived predictors. A list of all

predictors for the ANN is provided in Table 2. For the

BNL locations, the predictors, ‘‘Kt nearby mean’’ and

‘‘Kt nearby variability (std dev)’’ are not available be-

cause, unlike for SMUD, the BNL data come from a

single location.
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c. Regime-dependent artificial neural network

The ultimate goal of the ANN is to find the true re-

lationship between the predictors and the predictand;

therefore, we partition the dataset into cloud-regime

subsets to allow the ANN to find the simpler relation-

ships applicable to each cloud regime rather than having

to model both these relationships and regime identifica-

tion with a single complex network. To improve the de-

terministic forecast, the regime-identification technique

must split regimes with different underlying forecast

problems, each with different physical, and thus statisti-

cal, relationships between predictors and predictand.

Therefore, the regime-classificationmethodmust capture

differences that are directly related to short-term irradi-

ance forecasting, given the available predictors.

The three methods that we use to classify regimes

before applying the ANNs to each subset separately

are discussed in detail in section 5. Two regime-

identification methods (RD-ANN-KtCC and RD-

ANN-GKtCC; named after the input data) use a

k-means clustering algorithm. The k-means clustering

algorithm is explained in detail in McCandless et al.

(2016). For the RD-ANN-KtCC method described in

section 5a, the inputs to the k-means clustering algo-

rithm are the past irradiance (converted to Kt) obser-

vations and cloud-cover observations from theMETAR

data. This method is tested to determine the predictive

skill of an RD-ANN method using only surface obser-

vations. For the RD-ANN-GKtCC method described in

section 5b, the inputs to the k-means clustering algo-

rithm are the past irradiance (converted to Kt) obser-

vations, cloud-cover observations from the METAR

data, and variables from the GOES-East data. This

method is tested to determine the predictive skill of an

RD-ANN method using both surface observations and

satellite data. In contrast, the RD-ANN-GCT method,

explained in section 5c, does not use the k-means algo-

rithm to classify regimes but rather uses the derived

cloud-type variable in the GOES-East data to separate

regimes. This test will determine whether off-the-shelf

cloud typing can compete with mission-specific cloud-

regime typing in solar forecasting.

5. Regime-dependent ANN configuration

a. RD-ANN-KtCC

The first regime-dependent method tested uses the

original configuration of the regime-dependent ANN

of McCandless et al. (2016), referred to as RD-

ANN-KtCC. This technique does not include any

GOES-East data as either inputs to the k-means regime

classification or as predictors for the ANN. SensitivityT
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studies in McCandless et al. (2016) showed that the best

inputs to the k-means clustering algorithm are the fol-

lowing: Kt average in the previous 15min, nearby Kt in

the previous 15min, standard deviation of the Kt in the

previous 15min among the nearby sites, the most recent

change in the Kt (Kt for the previous 15min minus Kt

for the 15min before that), the slope of the Kt in the past

hour, the standard deviation of the Kt over the previous

hour, and standard deviation of the cloud cover. Be-

cause there are seven inputs into the k-means algorithm,

there are therefore seven dimensions in the phase space

of the k-means distance computation. These seven inputs

provide the k-means algorithm with information that cap-

tures the meteorological state as based on surface obser-

vations. Sensitivity studies indicate that the number of

regimes k that produced the lowest error on the sensitivity-

test dataset was also seven. For the BNL site, only a single

irradiance observation site was available; therefore, the

RD-ANN-KtCC method does not include either the

nearby Kt in the previous 15min or the standard deviation

of the Kt in the previous 15min among the nearby sites.

b. RD-ANN-GKtCC

TheRD-ANN-GKtCCmethod uses 16 inputs into the

k-means clustering algorithm for the SMUD sites, as

shown in Table 3. Again, the multisite inputs are un-

available for BNL; thus, the RD-ANN-GKtCC method

does not include either the nearby Kt in the previous

15min or the standard deviation of the Kt in the pre-

vious 15min among the nearby sites. Because there are

16 inputs into the k-means algorithm, there are 16 di-

mensions in the phase space of the k-means distance

computation. These 16 inputs provide the k-means al-

gorithm with information to capture the meteorological

state given both surface irradiance and weather obser-

vations as well as satellite-based data, with careful

consideration given to avoiding colinearity. The inputs

include all inputs used in RD-ANN-KtCC as well as

additional variables from the GOES-East observations:

cloud fraction, cloud-top height, cloud optical depth,

hydrometeor radius, reflectance at 650nm (i.e., wavelength

for visible light), reflectance at 3.75mm (i.e., wavelength

for water vapor), temperature at 11mm (also wave-

length for water vapor), and temperature at 3.75 mm.

To match the level of complexity of the ANNwith the

number of training cases and the complexity of re-

lationships within each regime, we perform multiple

sensitivity studies to determine the best number of

training epochs and the best number of hidden-layer

neurons. We examine the MAE of the RD-ANN-

GKtCC method on the sensitivity test cases for each

lead time. The MAE is calculated as

MAE5
1

n
�
n

i51

jobs(i)2 pred(i)j , (2)

where n is the number of instances i in the testing data

and obs and pred indicate the observed and predicted

values for each instance. We varied the number of

training epochs (100, 250, 500, or 1000) and averaged the

error over the regimes. The test was conducted separately

for each lead time, with the result for 180min appearing

in Fig. 4. The results indicate that the lowest error on the

sensitivity test cases, and thus the best number of training

epochs for the ANN, is 500. The same result (not shown)

was obtained for the other lead times.

After the sensitivity study determined the number of

training epochs, the next step in configuring the RD-

ANN-GKtCC model was to determine the best number

of neurons and the best number of regimes for each

forecast lead time and forecast location. We performed

a sensitivity study with 5, 10, 15, and 20 neurons in the

hidden layer and k ranging from 2 to 9 for each forecast

lead time. The best combinations (in terms of the lowest

MAEon the sensitivity-test datasets) are shown in Table

4. For the SMUD sites, the best k is 2 for the two shorter

lead times and 3 for the two longer lead times. For the

BNL location, the best k is 2 for all forecast lead times. The

best number of neurons varies among the different loca-

tions and lead times; the results showed relatively minor

differences between different numbers of neurons, how-

ever, which indicates that the increase in forecast power

TABLE 3. List of inputs for the k-means algorithm in the RD-ANN-GKtCC configuration. TheKt nearbymean and variability are marked

with an asterisk because they are only available for the SMUD sites.

Satellite-derived cloud

fraction

Satellite-measured reflectance

at 650 nm

Kt for 0–15 min previous Kt nearby variability (std dev)*

Satellite-derived cloud-top

temperature

Satellite-measured temperature

at 11mm

Kt temporal variability

(std dev)

Cloud-cover variability (std dev)

Satellite-derived cloud optical

depth

Satellite-measured reflectance

at 3.75mm

Most recent Kt change

(Kt for 0–15min previous 2 Kt

for 15–30min previous)

Cloud cover squared

Satellite-derived hydrometeor

radius

Satellite-measured temperature

at 3.75mm

Kt nearby mean* Kt slope
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nearly balances the increase in overfitting for a range of

model complexities around the best configuration.

c. RD-ANN-GCT

The third method of regime-dependent prediction uses

the cloud-type variable in the GOES-East data to de-

termine regimes; therefore, this technique is named RD-

ANN-GCT. An ANN is trained for each cloud type

separately. These cloud types and their respective fre-

quency in the datasets are fog (12.4%), liquid water

clouds (13.9%), supercooled water clouds (20.4%), opa-

que ice clouds (11.0%), cirrus clouds (32.8%), and over-

lapping clouds (9.5%), in addition to the cases identified

as clear because of the absence of derived satellite vari-

ables. Because the GOES cloud-type variable inherently

separates into different regimes, there is no sensitivity

study necessary to determine the optimal number of re-

gimes, but a sensitivity study confirmed that the same

number of training epochs and neurons as in the config-

uration for the RD-ANN-GKtCC should be used.

6. Results

a. SMUD

Once the best configurations are determined, the true

test of skill is the comparison of the forecast techniques

on the independent test datasets. The data are initially

split on the basis of whether there are derived data in the

GOES-East observations. Derived data are only avail-

able when the measured temperature and reflectance

data indicate that clouds are present. If an instance is

identified as clear on the basis of the GOES-East data,

then an ANN trained on only those cases is used to

predict the clearness index. Otherwise, the RD-ANN

models and an ANN without regime identification are

used to predict the clearness index. Clearness-index

persistence is used as our baseline technique in both

cases. The results for theGOES-East-defined clear cases

are shown in Table 5 for all forecast lead times for the

SMUD location. They indicate that the ANN improves

upon the clearness-index-persistence method at the 60-,

120-, and 180-min forecast lead times. At the 15-min

forecast lead time, however, the error is nearly double

that of the clearness-index-persistence forecast, and this

result is likely a case of overfitting the training data. At

this forecast lead time, themagnitude of the irradiance is

relatively consistent unless a cloud advects or develops

over the observation site. Because these instances are

rare when GOES-East data determine the sky to be

clear, the ANN likely overfits those uncommon cases

and thus hurts the overall performance of themodel.We

kept the configuration of the ANN consistent through-

out the forecast lead times and across the clear and

TABLE 4. Best number of regimes K and number of neurons in

the hidden layer for all forecast lead times at both SMUDandBNL

as determined by the lowest error on the sensitivity-test set.

SMUD BNL

K Nodes K Nodes

15min 2 5 2 10

60min 2 15 2 15

120min 3 20 2 5

180min 3 15 2 10

TABLE 5. Comparison of MAE for the clearness-index persis-

tence and the ANN-Clear model for all forecast lead times for the

SMUD site.

Kt persistence ANN-Clear

15min 0.017 0.035

60min 0.036 0.028

120min 0.055 0.041

180min 0.082 0.057

FIG. 4. Sensitivity-study results for the optimal number of training epochs of the ANN for the

RD-ANN at SMUD sites for the 180-min lead time.
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cloudy data subsets; future work will examine how to

adjust the parameters of the ANN so that the model

performs well on the test dataset for the clear-

data subset.

Next, all of the RD-ANN methods were compared

with both the ANN without regime identification

(ANN-ALL) and the clearness-index persistence for all

cases labeled other than clear by the GOES-East data.

These MAE results are plotted in Fig. 5 for all forecast

lead times. As expected, the forecast error increases

as the forecast lead time increases. The only method

that generally performs worse than clearness-index

persistence is the RD-ANN-GCT method that uses

the GOES-East-derived cloud types as the regime-

classification method. At the 15-min lead time, the

RD-ANN-KtCC, RD-ANN-GKtCC, ANN-ALL, and

clearness-index persistence all show similar errors.

At the 60-min and longer lead times, the RD-ANN-

KtCC, RD-ANN-GKtCC, and ANN-ALL all show

improvement over the clearness-index persistence, as

shown by the larger MAE of the clearness-index fore-

casts. The method that generally performs best is the

RD-ANN-GKtCC method, which exploits the GOES-

East data in both the k-means clustering and ANN.

To quantify the improvement in forecast skill with

the regime-dependent methods, we compute the per-

cent improvement over our baseline clearness-index-

persistence technique. The percent improvement over

clearness-index persistence for the forecasts at the

SMUD sites is shown in Fig. 6. At the 15-min lead time,

all of the methods except RD-ANN-GCT closely mimic

clearness-index persistence. At this lead time only the

RD-ANN-GKtCC method improves slightly over

the clearness-index persistence, by 1%. In contrast, at the

60-, 120-, and 180-min lead times, most of the RD-ANN

methods show between 10% and 28% improvement over

the clearness-index-persistence method. The RD-ANN-

GOESmodel shows the worst performance except at the

FIG. 5. MAE as a function of lead time for all methods of the satellite-determined cloudy

instances for the SMUD site. Themethod that performs best in themajority of the forecast lead

times is the RD-ANN-GKtCC method.

FIG. 6. Percent improvement over the clearness-index-persistence forecasts for all methods on

the satellite-determined cloudy instances.
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180-min lead time, at which point it begins to improve

over the clearness-index persistence. This poor perfor-

mance is likely due to several factors.One possible reason

is that the cloud-type classification separates into six

different regimes, which is higher than the number of

regimes that our sensitivity tests found best in the RD-

ANN-GKtCC method. Another reason is that there

likely are cases of misclassification by the GOES-East

system. In addition, there are cloud regimes with small

data-subset sizes, such as the fog, overlapping, and

opaque ice cloud regimes that each have only 9.5%–12.5%

of the total data, and therefore the ANN is potentially

overfitting on those regimes. The ANN did have sub-

stantially lower errors on the training data (not shown),

which further indicates that the ANN was overfitting the

smaller regime subsets. At the 60-, 120-, and 180-min lead

times, the RD-ANN-GKtCC method shows 21.0%,

26.4%, and 27.4% improvement over the clearness-index

persistence, respectively. The RD-ANN-GKtCC method

is best at all lead times except 120min, for which time the

RD-ANN-KtCC produces a slightly better 26.6% im-

provement over clearness-index persistence. These re-

sults demonstrate that the RD-ANNmethods are able to

improve substantially over clearness-index persistence at

60-, 120-, and 180-min lead times; the cloud-regime clas-

sification makes a considerable impact on the overall

performance of the models, however.

b. BNL

Although the SMUD dataset provides a substantial

amount of data for training, sensitivity testing, and in-

dependent verification, it is important to analyze how

our complex regime-dependent model performs when

trained with a smaller dataset. Doing so quantifies the

value of obtaining larger, and thus more expensive,

training datasets. In addition to redeveloping the same

RD-ANN methods using the BNL dataset, we also

trained the RD-ANN-GKtCC model on the SMUD

dataset and applied it to the BNL dataset (RD-ANN-

SMUD) to determine how a general model trained at

one site performs at a different site. The MAE for each

method on the BNL test data is shown in Fig. 7 for all

forecast lead times. These results indicate that the

clearness-index-persistence method has lower error

than all ANN methods for BNL. The results also in-

dicate that, similar to the results for the SMUD sites, the

RD-ANN-GCT model is the worst-performing model.

At the 15- and 60-min lead times, the best regime-

dependent model is the method trained at SMUD. This

highlights the importance of numerous and applicable

training data, especially considering that the geosta-

tionary satellite data are distorted in different ways for

locations in California versus New York, negatively af-

fecting the forecast performance of a model trained at

one location and applied to the other. The amount of

data available from BNL to train the models at that site

is likely too little given the number of predictors and the

model complexity. With 40 predictors provided to the

ANN, it may be too complex to avoid overfitting given a

training dataset of a maximum (if no regime classifica-

tion is done) of 309 instances. Future work will examine

how to properly down-select to the appropriate number

of predictors and model complexity so as to capture the

true predictive relationships among the predictors in a

limited dataset.

c. Variability prediction

Although the deterministic forecast skill such as that

shown above is of primary interest to utility companies

and systems operators, it is also valuable to predict ir-

radiance variability. Variability is important because the

utility companies and systems operators need to allocate

FIG. 7. Results for all methods on the satellite-determined cloudy instances for the BNL

forecast site. The method that performs best in the majority of the forecast lead times is the

clearness-index-persistence method.
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adequate resources to deal with variations that cannot

be deterministically predicted. Here, we compute the

irradiance variability as the standard deviation of the

clearness index over the following 3 h (i.e., the standard

deviation of twelve 15-min-average clearness-index

values). We test the variability prediction for SMUD

because the deterministic prediction results showed that

the dataset has ample data for training and testing. As

our baseline forecast, we compute the standard de-

viation of the 15-min-average clearness-index values

over the prior hour. In essence, this clearness-index-

persistence forecast predicts that variability will remain

the same for the following 3 h. We test this baseline

technique versus an ANN trained without regime

identification and a new version of the RD-ANN-

GKtCC method that uses the same inputs and pre-

dictors as the deterministic irradiance forecast method

but is now trained to predict the 3-h clearness-index

variability. The results for the variability prediction,

shown in Table 6, reveal that the lowest MAE comes

from the RD-ANN-GKtCC prediction method. The

RD-ANN-GKtCC method shows 18.6% improvement

over the clearness-index-persistence forecast of the ex-

pected irradiance variability. The clearness-index per-

sistence, ANN-ALL, and RD-ANN-GKtCC methods

all show substantially lower errors than the average

value of the clearness-index variability, which was

computed to be 0.092 for the test dataset.

7. Discussion and conclusions

In this study, we utilize surface weather observations,

solar irradiance observations, and GOES-East satellite

data as inputs and predictors into regime-dependent

techniques that first identify cloud regimes before fitting

an ANN to predict clearness index. This approach al-

lows each ANN to focus on the forecast mission for a

specific cloud type.We find that a k-means cluster-based

ANN method (RD-ANN-GKtCC) improves upon the

forecasting performance of not only the baseline

clearness-index persistence but also a global ANN for

lead times of 60, 120, and 180min. At the 15-min fore-

cast lead time, all RD-ANN methods mimicked the

clearness-index persistence, with the RD-ANN-GKtCC

method managing to show a 1% gain in forecasting

performance over clearness-index persistence.

The RD-ANN methods not only showed improved

performance for deterministic clearness-index pre-

dictions but also for predicting clearness-index vari-

ability. A new version of the RD-ANN-GKtCC model

trained to predict the variability of the clearness index

over the next 3 h showed substantial forecast-error re-

duction relative to using either a variability-persistence

method or a global ANN. Thus, the RD-ANN-GKtCC

model is able to improve the prediction of the de-

terministic irradiance and its variability for short-range

lead times, given sufficient training data.

Although the RD-ANN methods show substantial

performance gain for the Sacramento (SMUD) sites that

had a large training dataset, when the RD-ANN

methods were trained to predict for a site on Long Is-

land (BNL), with its small training dataset, the complex

models did not perform well on the independent test

dataset. To improve the forecasting methods at a site

with a small amount of training data, the RD-ANN

methods likely will need to be tuned with a smaller

predictor set and a simpler configuration to allow the

method to model the true predictive relationships

among the predictors. The true predictive relationships

in a small dataset are likely limited; therefore, future

work can examine automatic ways of configuring RD-

ANN systems depending on the amount of training data

and number of available predictors. A simpler configu-

ration with fewer predictors could potentially avoid the

problem of overfitting datasets that are too small (e.g.,

BNL) for using nonlinear models.

Of the three RD-ANN methods tested, that which

used a regime classification that is based on the cloud-

type-derived variable in the GOES-East data per-

formed the worst. This outcome was likely due to a

combination of multiple problems and so yields several

ideas for future work. First, the GOES-East algorithm

derives cloud types on the basis of only the satellite-

measured values. Our ANN models are also provided

predictors from surface weather observations and

surface irradiance observations. Therefore, the RD-

ANN methods that use a combination of the available

data are more likely to capture clusters that represent

real predictive relationships that the ANN is able to

model. The forecast-error dependence on available

predictors could be examined in future work by testing

the forecasting skill of the RD-ANNs if the regime-

classification versions are the same but the ANNs are

only provided the GOES-East-measured variables.

Last, some of the cloud types are uncommon in the

data, resulting in small training-data subsets and thus

TABLE 6. List of the MAEs for predicting the clearness-index

variability with the clearness-index persistence, ANN-ALL, and

RD-ANN-GKtCC methods trained to predict the variability for

the SMUD sites.

MAE Percent improvement

Kt persistence 0.068 —

ANN-ALL 0.059 13.7%

RD-ANN-GKtCC 0.058 18.6%
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giving the ANN model a higher likelihood of over-

fitting the available training data.

Although the complex RD-ANN models have shown

impressive forecast improvements for the SMUD sites,

the clearness-index-persistence method still performs

best when the dataset is too small to effectively train an

ANN. Future work will look to quantify the amount of

data required for the RD-ANN-GKtCC method to

outperform a persistence-based approach. Future work

will also examine whether using the GOES-West data

could potentially provide additional predictors that

would improve the forecasts from theRD-ANNmodels.
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