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Introduction
In the state of Hawai‘i, photovoltaic systems generate a significant amount of power. Variability in this
resource, primarily modulated by cloud for mation and advection, is problematic in this region due to
the small size of the island grids. This report presents: (1) statistical techniques, developed at HNEI, to
characterize irradiance variability, and (2) the ongoing developm

ent of a forecasting system

that

predicts downwelling solar irradiance at minute-to-day time scales.

1. Characterizing Solar Irradiance
In this section, we present an overview of work submitted to Renewable Energy for publication:
Matthews, D.K., M. Dubarry, S. Buesquet, K. Stein, and R. Rocheleau: Characterizing Irradiance TimeSeries in Hawai‘i for Application to Solar Power Generation and Forecasting.
This study is a statistical analysis of irradiance patte rns and variability on tim e scales from seconds to
months, using pyranometer observati ons collected on four of the main Hawaiian Islands. S tudy sites
are compared using the following m etrics: (i) frequency distributions of irradiance and clearness index
at the seasonal and diurnal time-scale, (ii) estimates of the dominant timescale and variability using the
semivariogram technique, and (iii) frequency distribu tions of quick changes in irradiance (ramps) on
the scales of seconds to minutes.
Variability of solar irradiance co ntains both determ inistic and stoc hastic signals. Deterministic
seasonal and diurnal variati ons can be determ ined using simple as tronomical relationships. However ,
atmospheric conditions, such as water vapor , turbidity, and m ost importantly clouds, ran domly
influence the a mount of solar radiation that r eaches the ground. Cloud for mation in the Hawaiian
Islands is com plex, governed by the interaction of

sea b reezes and trade wi nds over dramatically

varying topography through or ographic lifting and blocking of th e strong and consta nt pacific trade
winds.
To characterize irrad iance variability, eight years of pyranom eter measurements from five test sites
around the S tate of Ha wai‘i are used.

These test s ites are located on four of

the m ain islands in

different climate conditions. Figure 1 shows the location of each PV test site and the topography of the
island chain. For brevity , we show only results from a Hukseflux LP02-10 pyranom eter, installed by
HNEI as part of the Green Holm es Hall Initiative (GHHI) on the Uni versity of Hawai‘i at Manoa
campus. This time series runs from July 1, 2011 to July 1, 2012.
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Figure 1: Topography of the Hawaiian Islands, with locations of
the data sets used in the analysis.

It is poss ible to remove deterministic signals from the irrad iance time series by dividing the
pyranometer measurements by the top of the atmos phere (TOA) irradiance, le aving a tim e series of
clearness index (CI). TOA irradiance data is provided by the National Renewable Energy Laboratory’s
(NREL) Measurement and Instrumentation Data Center (MIDC) solar position (SOLPOS) calculator.
CI data is particularly useful in characterizing atmospheric attenuation since it no longer has a diurnal
signal and is used along with the irradiance observations in the analysis.
1.1 Frequency Distributions of Irradiance & Clearness Index at Seasonal & Diurnal Time-scales
To characterize surface irradiance at seasonal and diurnal time scales, we bin data as a function of the
time of da y and m onth of the observation and calcula

te the m ean irradiance of each bin .

To

characterize atmospheric attenuation at each site, we generate bivariate histog rams of CI, binning data
as a function of the observation time (either tim e of day or month) and CI level. With this information
we can easily compare the time series from different areas of the islands.
Figure 2a presents the diurnal a nd seasonal irradiance pa tterns found by binning data as a function of
observation time (using 15-m inute and 1-m onth bins) and computing the m ean of e ach bin. GHHI
irradiance levels are relatively high throughout the year com pared to other sites around the state,
averaging ~800 W/m2 in the hours around m idday. The pyranometer at this site has a 20 degree tilt,
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facing south to m aximize power out put through the year . This also reduces the amplitude of the
seasonal cycle of irradiance. At a 20  tilt, TOA irradiance peaks at the Spring and Fall Equino xes and
has its minimum in the summer . GHHI observati ons follow this pattern, except during the Hawaiian
winter, when cloud cover increases slightly . This is clearly shown in Figure 2b, which contains the
bivariate histogram of CI binned according to the month of observation and CI level. GHHI was found
to be remarkably clear, with a high percentage of CI values in the 0.7 to 0.9 range throughout the year.
GHHI was also found to be clear throughout the day . Figure 2c, contains a bi variate histogram of CI
with data binned according to time of day (using 15-minute bins), showing the highest percentage of CI
values above 0.7 fro m 8:00 to 16:00. Finally , we summarize the average daily irradiance from GHHI
data. Figure 2d shows average diurnal irradiance,

CI, and TOA irradiance, along with the diurnal

irradiance variability (given in standard deviation). Mean irradiance is over 800 W/m2 at midday, with
a mean CI value above 0.6.

Figure 2: Statistics from irradiance and clearness index observations taken at GHHI (west of Honolulu,
on the island of Oʻahu). Shown in a) is the mean irradiance of data binned according to observation time
(hour and month). In b) and c) we show bivariate histograms of clearness index data binned according
to month and local time. In d) we show the mean observed irradiance binned every 30 minutes (solid
line, with the STD given by error bars), against the mean TOA irradiance (dashed line); also shown is the
mean CI (dot-dashed line).
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Figure 2a presents the diurnal a nd seasonal irradiance pa tterns found by binning data as a function of
observation time (using 15-m inute and 1-m onth bins) and computing the m ean of e ach bin. GHHI
irradiance levels are relatively high throughout the year com pared to other sites around the state,
averaging ~800 W/m2 in the hours around m idday. The pyranometer at this site has a 20 degree tilt,
facing south to m aximize power out put through the year . This also reduces the am plitude of the
seasonal cycle of irradiance. At a 20 tilt, TOA irradiance peaks at the Spring and Fall Equinoxes and
has its minimum in the summer . GHHI observati ons follow this pattern, except during the Hawaiian
winter, when cloud cover increases slightly . This is clearly shown in Figure 2b, which contains the
bivariate histogram of CI binned according to the month of observation and CI level. GHHI was found
to be remarkably clear, with a high percentage of CI values in the 0.7 to 0.9 range throughout the year.
GHHI was also found to be clear throughout the day . Figure 2c, contains a bi variate histogram of CI
with data binned according to time of day (using 15-minute bins), showing the highest percentage of CI
values above 0.7 fro m 8:00 to 16:00. Finally , we summarize the average daily irradiance from GHHI
data. Figure 2d shows average diurnal irradiance,

CI, and TOA irradiance, along with the diurnal

irradiance variability (given in standard deviation). Mean irradiance is over 800 W/m2 at midday, with
a mean CI value above 0.6.
This analysis was also perform ed on the other data sets shown in Figure 1 (re sults can be found in the
publication, Matthews et al. 2014). The statistical results agreed with the known climatological cloud
conditions for each island. Test sites on the island of O‘ahu showed the highest mean irradiance levels
and clear skies throughout the day. The test site on Maui showed high irradiance levels and clear skies
in the m orning. However , beginning in the ea rly afternoon (14:00), clouds form, which reduces
irradiance values. Test sites on the islands of Lanai and Hawai‘i showed high irradiance levels and
clear skies only in the early m orning, after which, afternoon clouds severely lim ited the am ount of
irradiance observed. All sites dem onstrated seasonal shifts in ir radiance and CI values tha t tracked
seasonal changes in trade wind strength and variability. At each site, however, these shifts varied.
Examination of results also suggested a bim odal distribution of CI values, with a majority of values
indicating very clear or very cloudy skies. Below, in Figure 3, histogram s of CI values from each of
the five data sets help further examine these results. We find all data sets show a bimodal distribution,
with two distinct peaks, indicating either cloudy (CI < 0.3) or clear skies (CI > 0.7).
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Figure 3: Frequency distribution of CI from observations from the five study sites. Where KALA and
GHHI are located on the island of O‘ahu, UHMC is on Maui, LAOLA is on Lanai,
and PWW is on the island of Hawai‘i.

1.2 Dominant Time Scale and Variability
CI time series lack the diurnal and seasonal signals of the irradiance measurements and are assumed to
be stochastic, stationary tim e series. Fluctuations in CI are driv en by random atmospheric processes
that occur at varying tim e scales. This section briefly describes the sem ivariogram method (Journel
and Huijbregts, 1978), a statistical technique that describes the temporal or spatial dependence of a data
set that has been used to study dynamical processes (Matthews et al., 2011). We then apply this method
to the CI time series to find the dominant time scale and variability imposed by the atmosphere on the
irradiance observations at each test location. E stimating the dom inant time scales and variability is
essential for solar forecasting, as th ey are required by both optim al interpolation and data assimilation
schemes, and give an idea of the predictability of irradiance at each site.
The semivariogram describes the cova riance of data as a fu nction of the data distance (time or space)
by summing residual squared values according to a tim e lag. The empirical semivariogram is defined
as the expected squared dif ference of the d ata values separated by the lag distance bins. For a full
description of the semivariogram method, please see Banerjee et al., 2004. We fit a statistical model to
5

the empirical semivariogram to provide quantitative metrics that define the temporal dependence of the
observations, specifically the dom inant time scale and variability. This also provides a mathematical
representation of the variance used in data assimilation methods.
Figure 4, below, shows the sem ivariogram calculated from the GHHI C I time series, using time lag
bins of ten minutes. The empirical semivariogram is shown by the black line (circles indicate each bin)
and the variability (in standard deviation) in each la g bin is indicated by the error bars. The figure also
shows the dom inant time scale (v ertical red dashed line) and geop

hysical variability (difference

between the two horizontal red dashed line), as determined by the exponential model fit (red solid line).
For the GHHI observations the dominant time scale is 166.9 minutes and the CI geophysical variability
is 0.031.

Figure 4: Semivariogram calculated from clearness index data from the GHHI test site at the campus of
the University of Hawai‘i. The empirical semivariogram is indicated by the black line and error bars
show the variability of the data in each 10-minute bin. The red line indicates the exponential model fit
and the nugget, sill, and range are represented by the red dashed lines.

From the evaluation of the sem ivariograms from the different study sites around H awai‘i, we find that
for sites with primarily clear skies, time scales are ~2 hours—significantly shorter than sites dominated
6

with afternoon clouds. At these sites, the dominant time scales are likely driven by the average time for
a cloud to pass through the line of sight from the sens

or to the Sun. As for the sites dom inated by

cloudy skies, time scales are ~4-6 hours. These longer time scales are likely driven by the persistence
of afternoon clouds, suggesting that once the site is

cloudy it will rem ain so. Also, clear skies are

inherently less variable than cloudy skies and at the sites with prim arily clear skies the sem ivariogram
indicates less geophysical variability.
1.3 Characterizing Ramp Events
In this section, we characterize the magnitude, duration, and frequenc y of occurrence of changes in
irradiance that occu r on very short tim e scales (ramps). Ram ps are captured in the irrad iance time
series using a data com pression technique, the sw inging door algorithm, which defines the dom inant
points in a tim e series. Ram p magnitudes and durations th en are calcu lated from the dif ferences in
irradiance levels and time between the dominant points.
The swinging door compression algor ithm is a data-trendin g technique that identifies dom inant points
in a time series (we point readers to Bristol [1990] for a more deta iled description of the algorithm ).
The method obtains the optim al straight-line approximation to a segment of a ti me series, given the
initial point in that line. The line is optimal in the sense that it is th e longest straight line possible for
the data, given a set error, and that it is computed with the minimum number of computations possible.
This method is illus trated below in Figure 5. S tarting at an initial point, the m ethod sets two pivot
points: one above and one below the initial point. Lines set between the initial point and each pivot
point can be thought of as closed do ors, set at a distance that defines the allowable error in the straightline estimation. The doors are then swung open at the pivot points, along the tim e series, with the top
door swinging up and the bottom swinging down. As each new point in the tim e series is con sidered,
the doors are opened further to include that point within the area boun ded by the doors. When a data
point is reached, beyond which the doors would open

past parallel, a m idline segment is generated,

starting at the initial point and extending to the time of the last point consid ered. These two points are
considered the dominant points in th e time series. The last data point considered is then used a s the
initial point in a new data segment, continuing the process to the end of the time series.
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Figure 5: Illustration of the swinging door algorithm applied to 1-second pyranometer data (a), along
with a small 15-minute section of the resulting dominant points (red line) and raw data (black line) (b).

After experimenting with a range of values, the following results for GHHI observations were obtained
using a door of 75 W/m2. The swinging door m ethod reduced the 1-second data by 99.57%.

We

focused on the lar ger, more signif icant, changes in ir radiance by f iltering all ram ps with m agnitudes
less than ±50 W/m2. The average ramp magnitude was 257.9 W/m2, with a standard deviation of 140.8
W/m2. The mean duration between dom inant points was 1.93 min, with a STD of 5.3 m in. Figure 6
shows the bivariate distributio n of ramp m agnitudes and durations using bins of 50 W/m2 and 12 sec.
The majority of the ramp events were less than two minutes, accounting for over 81%. Also, we found
that ramps of decreasing irradiance were on average 40 sec faster than positive ramps.
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Figure 6: Bivariate distribution of ramp magnitudes and durations from 1-second pyranometer
observations taken on the campus of the University of Hawai‘i.

The time of day that these ramp events occur is important when considering PV power variability and
grid management. In Fi gure 7, we show bivariate histograms of absolute ram p magnitude and ram p
duration binned at the hour of ramp occurrence. These histograms show that ramps are primarily in the
12 to 36 sec range, with the lar gest ramp events occurring in the hours around m idday, and the highest
percentage of ramps in the 200-300 W/m2 range. The constant ramps seen through the day indicate the
persistent advection of small clouds.

9

Figure 7: Bivariate histograms of ramp magnitude, duration, and time. Ramps are calculated using the
swinging door method applied to data taken from east of Honolulu.

2. Solar Forecasting System
The solar forecasting system being developed is made up of three separate components: (1) a numerical
weather prediction (N WP) model; (2) satellite data ; and (3) ground based data. Each component
generates forecasts that are most accurate at different forecasting horizons.
2.1 NWP Model
For regional, intraweek forecasts (hours to a fe

w days ahead), the system

employs the Weather

Research and Forecasting (WRF) model. WRF is a widely used m esoscale NWP model developed at
the National Center for Atmospheric Research (N CAR). We employ three separate WRF grids to
generate statewide forecasts of irradiance, but fo cus on the island of O‘ahu, where a m ajority of the
population of the state resides. Figure 8 shows th e spatial coverage of each dom ain. The parent and
coarsest grid covers the entire Hawaiian Island chain at a 4-km resolution. Inside that grid, a 1-km grid
covers the islands of Maui, O‘ahu and Hawai‘i. Fina lly, the highest resolution grid covers the island of
O‘ahu at 800 m . A long spin-up of the m odel dynamics is currently being run. After the spin-up is
completed the model will run operationally, producing a two-day forecast of irradiance every morning.
After the model is ope rational, we will b egin testing the system, focusing on refining WRF to m ost
accurately produce solar forecas ts for the region. In future work, we will focus on integrating data
assimilation techniques into th e forecasting sys tem, taking advantage o f the satellite and sky im ager
observations used in the other solar forecasting system components.
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Figure 8: The spatial coverage of each grid of the NWP component. The largest grid is at a 4-km
resolution, while domain 2 (d02) is at 1 km and domain 3 (d03) at 800 m.

2.2 Satellite Data
For regional, intraday forecasts (minutes to hours ahead) that cover the en tire Hawaiian Island chain,
the system uses a variety of satellite data to

monitor current cloud conditions, along with cloud

identification, image pattern tracking, linear advection algorithms, and an irradiance model to generate
solar forecasts.
In this section, we briefly descri be the steps and algorithm s used to generate solar forecasts from
satellite data. The Geostationary Operation al Environmental Satellite (GOES-WEST) is the m ain
source of d ata for this com ponent, because the sate llite constantly monitors the sam e portion of the
Earth and gives continuous updates of current

cloud conditions. Real-tim e GOES, 1-km , visible

imagery is provided by the Marshall Space Flight Cent er Earth Scien ce Office. This data is made
available for downloading around 15 minutes after the image is collected by the satellite. After the data
is downloaded, it is converted into radiance units and the Hawai‘i region is extracted from the full disk
image. The data is then converted and saved into the Network Common Data Form (NetCDF) format.
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NetCDF allows for eas y access and sharing of array-orie nted scientific data and is widely used in the
meteorological and oceanographic modeling communities.
Cloud velocities are then determ ined by applying the maximum cross-correlation (MCC) technique to
sequential GOES images, nominally 15 minutes apart. The MCC technique, illustrated in Figure 9, is a
fully automated, robust pattern tracking algorithm that calculates the displacement of small sub-regions
from one image to another . The procedure cross co rrelates a template sub-window in an initial im age
with all possible sub-windows of the sam e size that fall within the search window of a second im age.
The location of the sub-window in the second image that produces th e highest cross correlation with
the sub-window in the first im age indicates the m ost likely displacement of that feature. A velocity
vector is then calculated by divi ding the displacement vector by the time separation between the two
images. Because the method is fully automated and conditions may exist in which there are little to no
features to track, filtering the raw MCC vector fiel d is essential. We employ both a correlation cutof f,
to ensure only the very similar patterns are matched, and a next-neighbor filt er, which allows only a
spatially smooth velocity field.

Figure 9: Illustration of the Maximum Cross Correlation method.

The most recent GOES image is then advected using the cloud velocities from the MCC method and an
advection algorithm. The advection m ethod used, developed by S tam 2002, is based on the Navier Stokes equations. The method was chosen for its stability and speed, and because it can be advanced to
arbitrary time steps. This allows for forecast of cloud locations at any time past the most recent GOES
12

image. The current system generates cloud forecasts from 15 minutes to six hours, at a resolution of 15
minutes.
To derive surface irradiance from the GOES i magery, we employ the HELIOSAT method (Hammer et
al., 2002). This method deals with atm ospheric and cloud extinction separately. In the first step, the
clear sky irradiance is calculated us ing the Lin ke turbidity factor to d escribe atmospheric extinction.
We estimate this factor for Hawai‘i using m ore than 12 years of pyranometer observations from across
the state. In a slight variati on from the nor mal application of the HELIOSAT method, we vary the
turbidity factor both diu rnally and s patially. A manuscript on the ana lysis turbidity in Hawai‘i is
currently being prepared for publication.

The second step uses both em

pirical and physical

relationships to determine how much light passes through a cloud based on the brightness of that cloud,
where the reflected radiance of a cloud, m easured in the visible channel, is approximately proportional
to the reduction of surface irradiance by that cloud.
This satellite component of the forecasting system is run without human intervention every 30 minutes
on a linux server at HNEI.

The full process, fr om downloading the im age to producing a six-hour

surface irradiance forecast, takes around 30 minutes. Currently , we are testing post processing
techniques to increase the accu racy of the forecast.

These include: using cloud top height d ata to

account for cloud shadows, filtering and smoothing techniques, and linear adjustments to the forecasted
irradiance to take account for biases in the method.
2.3 Ground Based Data
For local, intrahour forecasts (seconds to one hou r), the s ystem will use a total sky im ager, which
provides images of the entire sky every 20 seconds, and a ceilometer, which provides cloud height data.
This information is ingested into cloud identification, geometric transformation, image pattern tracking,
and advection algorith ms to generate so lar forecasts within 10 to 15 km
depending on cloud height.

The sky imager is installed on the roof

of the instrum entation,

of the Hawai‘ i Institute for

Geophysics (HIG) building at the University of Hawai‘i at Manoa. The ceilometer will be installed in
May 2014. Along with these instruments, two pyranometers will be placed on the roof of HIG. These
instruments will provid e data neede d to perf orm an extensive validatio n and calibr ation of the solar
forecasting system. In Figure 10, we show an exam ple sky im age and the ratio of the red and blu e
channels that are used to establish if a pixel contains a cloud or clear sky. The far-right panel in Figure
10 is the cloud m ap generated by this method. This information will be propagated throu gh an
advection algorithm similar to the GOES imagery to generate forecasts of cloud locations.
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Figure 10: Processing steps of cloud detection on sky imagery. The raw sky image from November 7,
2011 shows relatively clear skies (left). The RBR is used to identify cloud containing pixels through the
change in atmospheric scattering characteristics (center). Finally, the cloud map is generated from a
simple RBR threshold (0.5), with clear sky shown as 2 and clouds as 1 (right).

Summary
The statistical analysis of pyranometer observations was done in preparation for development of a solar
forecasting system. Dominant time scales and variability, seasonal/diurnal irradiance patterns, and the
size and duration of ramp events are necessary

information for building, calibrating, and validating

such a system. These results can also be used to determine the uncertainty for ener gy production in
Hawai‘i, which could be used for grid m anagement. This work is completed and has been submitted
for publication.
A solar forecasting system is being developed at HNEI using three separate components: a numerical
weather prediction model, satellite data, and ground based data. The satellite component of this system
has been operational since the beginning of 2014.

The NWP and ground-base d components will be

operational in the sprin g of 2014. In future wor k, each component will be evaluated for forecasting
accuracy using pyranometer observations from across the state. Also, the components will be merged
into one forecasting system using the WRF data assimilation system.
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