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ABSTRACT 
This article summarizes and analyzes recent research by the authors and others to understand, 
characterize and model solar resource variability. This research shows that understanding solar energy 
variability requires a definition of the temporal and spatial context for which variability is assessed; and 
describes a predictable, quantifiable variability-smoothing space-time continuum from a single point to 
1000’s of km and from seconds to days. Implications for solar penetration on the power grid and 
variability mitigation strategies are discussed. 
 
 
INTRODUCTION 
Unlike conventional electrical power generation (e.g., fossil or nuclear), solar energy is intermittent. The 
output of a solar power plant is driven by weather and by the cycle of days and seasons. It varies from 
zero to full power outside the control of plant operators. 
 
The intermittency, or better termed, variability, of the solar resource has two causes. One is precisely 
predictable and traceable to the apparent motion of the sun in the sky and the earth’s distance from the 
sun. The other is much less predictable and traceable to the motion of clouds and weather systems.  
 
In order to fully understand the issue and develop intelligent mitigation solutions, both solar geometry-
induced variability and cloud-induced variability should be examined in an appropriate spatial and 
temporal context. Taking an intuitive example for the temporal context, a single location on a given 
partly cloudy day will experience a high degree of variability due to changes in solar geometry and the 
passing of clouds. However, solar energy integrated over several days at that same location will exhibit 
less variability and variability will become insignificant as the temporal integration increases to one year 
or more (figure 1) – e.g., see Gueymard & Wilcox, (2011). Likewise in the spatial realm, increasing the 
solar generation footprint from a single location to a resource dispersed over an entire region or a 
continent will reduce intermittency considerably. Increasing this footprint to the entire planet will 
eliminate it almost entirely (figure 2). 
 
The focus of this article is placed on understanding, characterizing and modeling the interplay between 
intermittency and the considered spatial and temporal scales.  Implications for the power grid and 
appropriate intermittency mitigation strategies are discussed. 
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Fig. 1: Comparing the variability of global irradiance time series in a North-American location, as a function of 
integration time. The figure includes one day’s worth of one-minute data, 4 days’ worth of hourly data, 26 weeks’ 
worth of weekly data, and 16 years’ worth of yearly-integrated data. 
 

 
Fig. 2: Comparing the variability of daily global irradiance time series as a function of the considered footprint  
 
 
QUANTIFYING INTERMITTENCY 
How is variability quantified?  An appropriate metric must describe: (1) the physical quantity that varies, 
(2) the variability time scale, and (3) the time span over which variability is assessed.  
 
Physical quantity: The relevant quantity for energy producers and grid operators is the power output, p, 
of a power plant or an ensemble of power plants at a given point in time.  Because p reflects the 
underlying variability of impinging irradiance, the fundamental underlying quantities are global 
irradiance (GHI) and direct irradiance (DNI). The latter is most relevant for concentrating technologies, 
while GHI’s variability is important for flat plate technologies.   
 
Irradiance variability embeds both predictable solar-geometry, and cloud/weather effects. To focus on 
the latter, it is helpful to use a normalized quantity that removes solar geometry but conserves cloud-
induced variability. The clearness index, Kt (ratio of GHI to extraterrestrial irradiance) or the clear sky 
index, Kt* (ratio of GHI to clear sky GHI) both meet this criterion although many tend to prefer Kt* 
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because it more effectively removes solar geometry effects at lower solar elevations (e.g., see Perez et 
al., 1990) and has a more intuitive range. 
 
Time scale: The above intuitive temporal example suggests that the time period, or its inverse the 
frequency, of the selected physical quantity’s time series is an essential factor. Having defined the 
physical quantity, e.g., Kt*, its changes  ∆𝐾𝐾𝐾𝐾 ∆𝑡𝑡

∗  over a given period ∆t are often referred to as ramp rate. 
The time interval can range from a few seconds to hours and more depending on the concern of the 
user.  

Time span: A proper measure of variability should include ramp events over a statistically significant 
time span. This time span should be a large multiple of ∆t. 
 
Nominal variability metric: Nominal variability refers to the variability of the dimensionless clear sky 
index. The maximum or mean ∆𝐾𝐾𝐾𝐾 ∆𝑡𝑡

∗  ramp rate over a given time span has been proposed as such a 
measure (e.g., Hoff & perez, 2010) However most authors prefer using the ramp rate’s variance, or its 
square root, the ramp rate standard deviation, over a given time span as the metric for variability. We 
retain this definition of nominal variability. 
 

Nominal Variability =  𝜎𝜎(∆𝐾𝐾𝐾𝐾 ∆𝑡𝑡
∗ ) = �𝑉𝑉𝑉𝑉𝑉𝑉[∆𝐾𝐾𝐾𝐾 ∆𝑡𝑡

∗ ]  (1) 
 
Historically, there has been other approaches to quantify variability. In earlier work, Skartveit & Olseth 
(1992) have used of the standard deviation of Kt, σKt, rather than σ∆Kt or σ∆Kt* as a measure of 
variability.  However the latter should be a more appropriate metric because σKt can be driven by one 
single ramp event -- consider for instance the case of perfectly clear conditions (i.e., no variability) 
followed by a one-time change to uniform, heavily overcast conditions without variability; in this case 
σKt would be the same as if conditions were highly variable and changing from clear to cloudy at every 
time period; on the other hand σ∆Kt* would capture the difference between the two situations with a 
low value in the first case and a high value in the second. 
 
Power output (absolute) variability: Eq. 1 describes a nominal dimensionless metric. When dealing with 
power generation it is also useful to quantify variability in absolute terms. This is expressed by Eq. 2. 

 
Power Variability =  𝜎𝜎(∆𝒑𝒑∆𝒕𝒕) = �𝑉𝑉𝑉𝑉𝑉𝑉[∆𝒑𝒑∆𝒕𝒕]               (2) 

 
 
VARIABILITY MITIGATION – SPATIAL AND TEMPORAL EFFECTS 
 
When considering a fleet of multiple solar electric installations the power variability of N plants is given 
by (Hoff & Perez, 2012, Perez & Hoff, 2013): 
 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐾𝐾 𝑃𝑃𝑃𝑃𝑃𝑃𝐹𝐹𝑉𝑉 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉 = 𝜎𝜎(∑ ∆𝒑𝒑∆𝒕𝒕𝒏𝒏𝑁𝑁
𝑛𝑛=1 ) =  �𝑉𝑉𝑉𝑉𝑉𝑉[∑ ∆𝒑𝒑∆𝒕𝒕𝒏𝒏𝑁𝑁

𝑛𝑛=1 ]            (3) 
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Where 𝑝𝑝𝑛𝑛 represents the power output time series of the nth plant in the fleet. 
 
In the special case where all the plants in the fleet are identical, exhibit the same variability𝜎𝜎(∆𝒑𝒑∆𝒕𝒕), and 
their power output time series are uncorrelated, Eq. 3 simplifies to:  
 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐾𝐾 𝑃𝑃𝑃𝑃𝑃𝑃𝐹𝐹𝑉𝑉 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉 =  �𝑁𝑁 𝑉𝑉𝑉𝑉𝑉𝑉[∆𝒑𝒑∆𝒕𝒕] = √𝑁𝑁𝜎𝜎(∆𝒑𝒑∆𝒕𝒕)                    (4) 
 

In this special case, the relative variability – defined as the ratio of absolute variability to installed 
capacity – is given by: 
 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐾𝐾 𝑅𝑅𝐹𝐹𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉𝑅𝑅𝐹𝐹 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉 = √𝑁𝑁𝜎𝜎(∆𝒑𝒑∆𝒕𝒕)
𝑁𝑁𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

                        (5) 

 
Where 𝑃𝑃𝑖𝑖𝑛𝑛𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the installed capacity of each plant. Therefore the relative variability of a fleet of 
identical power plants with uncorrelated power outputs, but experiencing the same level of individual 
variability equals each individual plant’s relative variability divided by the square root of the number of 
plants. 
 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐾𝐾 𝑅𝑅𝐹𝐹𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉𝑅𝑅𝐹𝐹 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉 = (𝑆𝑆𝑉𝑉𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹 𝑃𝑃𝐹𝐹𝑉𝑉𝑆𝑆𝐾𝐾 𝑅𝑅𝐹𝐹𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉𝑅𝑅𝐹𝐹 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝑉𝑉𝐾𝐾𝑉𝑉)/√𝑁𝑁             (7) 
 

More generally, Eq. 7 is applicable to the nominal variability of a fleet of N locations experiencing 
identical, but uncorrelated Kt* time series. 
 

𝜎𝜎Δ𝑡𝑡𝐹𝐹𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡 = 𝜎𝜎Δ𝑖𝑖
1

√𝑁𝑁
                          (7) 

Where 𝜎𝜎Δ𝑡𝑡𝐹𝐹𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡 is the fleet’s nominal variability and 𝜎𝜎Δ𝑡𝑡1  is a single location’s nominal variability.  
 
This relative variability reduction underlies the well-known spatial smoothing effect noted by many 
authors – e.g., Marcos et al., (2013), Murata et al., (2009), Woyte et al., (2007), Wiemken et al., (2001), 
Vignola, 2001).  
 
Nearby locations are highly correlated, experiencing the same ramp rates at the same time and varying 
in sync; in this case the fleet exhibits nearly the same relative variability as the individual systems. 
Distant locations’ time series are uncorrelated; hence the fleet’s relative variability is reduced by √𝑁𝑁. 
Therefore the key factor to capture is correlation.  A considerable amount of work has been devoted to 
this issue in recent years – e.g., Becker et al., (2014), Bing et al., (2011), Badosa et al., (2013), Frank et 
al., (2011), Halász & Malachi, (2014), Hoff & Norris (2010), Hoff & Perez, (2012b), Huang et al., (2014), 
Jamaly et al., (2012), Kankiewicz et al., (2011),Kuszamaul et al., (2010), Lave et al., (2013), Lave & Kleissl, 
(2013), Lorenz et al., (2011), Mazumbdar et al., (2013), Norris & Hoff, (2011) Perez et al., (2011a, 2011b, 
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2012), Rowlands et al., (2014), Sengupta (2011), Stein et al., (2011), Vindel & Polo (2014) -- leading to 
the assertion that the correlation of ∆𝐾𝐾𝐾𝐾 ∆𝑡𝑡

∗  time series between two locations is a predictable function 
of three factors: 
 

• The distance, d, between the two locations, 
• The time scale, ∆t, 
• The speed, V, of the variability-inducing clouds/weather systems1. 

 
The central influence of time, speed and distance had been identified by Hoff & Perez (2010) who 
postulated that a dimensionless dispersion factor, D, captures the variability relationship between a 
single point and a dispersed PV fleet. The dispersion factor is given in Eq. 8 for a homogenous fleet of 
systems, where L represents the linear dimension of the fleet in the wind direction. 
 

𝐷𝐷 = 𝐿𝐿
𝑉𝑉Δ𝑡𝑡

     (8) 

 
They identified three possible fleet configurations (figure 3): 
 

(1) A crowded configuration where the number of systems, N, exceeds the dispersion factor. In this 
case the relative variability of the fleet equals the single point’s relative variability divided by D. 

(2) An optimum configuration where D equals N and where the fleet’s variability equals the single 
point’s variability divided by N. 

(3) A dispersed configuration where D is larger than N and where the fleet’s variability 
asymptotically tends towards the single point’s variability divided by √𝑁𝑁 as D/N increases. 

 
 

1 This velocity is a priori defined as the vector in the direction of the two considered locations. However, as will be discussed 
below, empirical evidence shows that a mean, local -- directionless -- velocity, can be an adequate input for assessing regional 
station pair correlations. 
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Fig. 3: Relative output variability as a function of the Dispersion Factor for 
a fleet of N identical PV systems experiencing the same individual variability 

 
 
The dispersion factor model reflects the underlying correlation (or anti-correlation) existing between 
any two points within the fleet. Considering a single pair of stations experiencing the same nominal 
variability 𝜎𝜎Δ𝑡𝑡1 , Eq. 7 may be generalized when the two locations are partially correlated, leading to: 
 

𝜎𝜎Δ𝑡𝑡
𝑝𝑝𝑖𝑖𝑖𝑖𝑝𝑝 = �𝜌𝜌+1

√2
 𝜎𝜎Δ𝑡𝑡1        (8) 

 
Where 𝜎𝜎Δ𝑡𝑡

𝑝𝑝𝑖𝑖𝑖𝑖𝑝𝑝 is the nominal variability of the pair and 𝝆𝝆 is the correlation between each time series.  
 
The dependence of 𝝆𝝆 upon ∆t, d, and V has been inferred from a growing base of empirical evidence.  
 
Mills & Wiser (2010) analyzed 20 second data from the 32-station ARM network (Stokes & Schwartz, 
1994).  They observed the exponential decay of station pair correlation as a function of station distance 
and noted that the rate of decay was a continuous function of the considered time scale. Hoff & Perez, 
(2012) used 10 km hourly satellite-derived irradiances over the continental US. They observed a similar 
asymptotic decay with distance and a predictable dependence of this decay upon ∆t for time intervals of 
1, 2 and 3 hours. They also noted that the rate of decrease of correlation with distance was different for 
different US regions and attributed these differences to prevailing regional cloud speeds.  Hoff et al. (ref) 
analyzed high frequency data (seconds) from a 25-station modular network and confirmed that 
asymptotic decay with distance was a strong function of ∆t depending on cloud speed that they had 
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acquired independently from satellite-derived cloud motion vectors. They proposed the following 
relationship linking distance, time interval and cloud speed. 
 

𝜌𝜌 = 1

1+ 𝑖𝑖
(Δ𝑖𝑖)(𝑉𝑉)

                      (9) 

 
Perez et al. analyzed high-resolution high-frequency satellite-derived irradiances (1km, 1minute) in 
climatically distinct regions of North America and Hawaii to investigate site-pair correlation decay as a 
function of distance (0-200km) time scale (1 minute to hourly) and mean monthly regional cloud speed 
(figure 4) independently derived from satellite cloud motion vectors. They proposed an alternate 
formulation for 𝜌𝜌 given in Eq. 10: 
 
 

𝜌𝜌 = 𝐹𝐹
𝑖𝑖ln(0.2)
1.5 (∆𝑖𝑖)(𝑉𝑉)          (10) 

 
Lave & Kleissl (2010) and Lave et al. (2011) analyzed high-resolution distributed irradiance 
measurements with a variety of statistical tools such as spectra, coherence spectra, wavelet, 
correlations, probability density functions, and spatial and temporal averaging with the objective of 
developing a model for simulating the power output of large power plants from single point 
measurements. The wavelet variability model (WVM) was then proposed in Lave et al. (2013a) and it 
uses wavelet decomposition of the irradiance signal into different time scales (duration of shading from 
clouds or clouds systems, (figure 5) that were proven to be associated with different amounts of 
variability reduction. The associated preliminary spatio-temporal correlation function dictates the 
amount of variability reduction and uses a parameter A that scales the correlation function and that had 
to be determined from a sensor network collecting high frequency irradiance data.  

𝜌𝜌 = 𝐹𝐹𝑒𝑒𝑝𝑝 �− 𝑖𝑖
𝐴𝐴 �̅�𝑡
�            (11) 

 
Through a virtual cloud model Lave et al. (2013b) inferred that the parameter A in Eq. 11 could be 
approximated to ½ V for station pairs in the direction of the cloud speed. 
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Fig. 4: Site-pair correlation as a function of time period and distance for sample regions in North America and 
Hawaii. Mean monthly cloud speed was estimated from satellite-derived cloud motion vectors computed for each 
data point. 
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Fig. 5: (Top plot): Clear-sky index time series, and (bottom 12 plots) wavelet 
modes for Ota City on October 12, 2007. Clear-sky index measured (GHI, black) 
and simulated spatially averaged across the power plant (GHI, magenta). The 
spatial smoothing is especially evident for the short time scales, but it essentially 
disappears at a time scale of 2 to 5 minutes. 

 

Figure 6 illustrates and contrasts the formulations in Eq. 9, 10 and 11 for an example with a time scale of 
one minute and a cloud speed of 20 km/hour. Note that the difference between Eq. 10 and 11 may be 
traceable to the fact that V represents a monthly prevailing cloud speed in the first case and a time-
coincident cloud speed in the second, further noting that Eq. 10 was derived empirically without 
consideration whether pairs where located along or across wind direction. 
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Fig. 6: Comparing correlation decay with distance as formulated in Eq. 9, 10 and 11 
for one-minute data and a cloud speed of 20 km/h. 

 

Formulations such as equation 9 or 11 that define cloud speed in the direction of a station pair, do not 
explain the variability and correlation reduction with distance that is nevertheless observed when speed 
is zero – i.e., in cross wind directions – e.g., see Hinkelmann et al., (2011), Lonji et al., (2013) -- Solar 
Energy 97 58-66 2013]. As an attempt to describe correlation anisotropy with respect to cloud speed, 
Arias-Castro et al. (2013) applied a kinematic-stochastic model based upon given cloud cover 
fraction 𝜆𝜆𝑛𝑛, cloud size 𝑉𝑉, stream-wise and cross-stream distance, cloud speed, and time difference. 
Through dimensional analysis, the correlation functions were expressed through just 4 independent 
variables: cloud cover fraction, the along-wind and cross-wind distance normalized by cloud diameter 
(𝐷𝐷𝑖𝑖𝑖𝑖𝑎𝑎𝑛𝑛𝑎𝑎,𝐷𝐷𝑐𝑐𝑝𝑝𝑎𝑎𝑖𝑖𝑖𝑖), and the distance of cloud motion within the ramp interval ∆𝐾𝐾 relative to the cloud 
diameter (𝐷𝐷𝑐𝑐𝑖𝑖𝑎𝑎𝑐𝑐𝑖𝑖) resulting in Eq. 12. 

𝜌𝜌 =
2e

−𝜆𝜆𝑖𝑖�2−𝐴𝐴𝑖𝑖��𝐷𝐷𝑖𝑖𝑖𝑖𝑎𝑎𝑖𝑖𝑎𝑎2+𝐷𝐷𝑐𝑐𝑐𝑐𝑎𝑎𝑖𝑖𝑖𝑖2�� − e
−𝜆𝜆𝑖𝑖�2−𝐴𝐴𝑖𝑖��(𝐷𝐷𝑖𝑖𝑖𝑖𝑎𝑎𝑖𝑖𝑎𝑎−𝐷𝐷𝑐𝑐𝑖𝑖𝑎𝑎𝑐𝑐𝑖𝑖)2+𝐷𝐷𝑐𝑐𝑐𝑐𝑎𝑎𝑖𝑖𝑖𝑖2��

− e
−𝜆𝜆𝑖𝑖�2−𝐴𝐴𝑖𝑖��(𝐷𝐷𝑖𝑖𝑖𝑖𝑎𝑎𝑖𝑖𝑎𝑎+𝐷𝐷𝑐𝑐𝑖𝑖𝑎𝑎𝑐𝑐𝑖𝑖)2+𝐷𝐷𝑐𝑐𝑐𝑐𝑎𝑎𝑖𝑖𝑖𝑖2��

2[e−𝜆𝜆𝑖𝑖 − e−𝜆𝜆𝑖𝑖[2−𝐴𝐴𝑖𝑖(𝐷𝐷𝑐𝑐𝑖𝑖𝑎𝑎𝑐𝑐𝑖𝑖)]]
    (12) 

Further, the three key factors governing the correlation decay -- time scale, cloud speed and distance -- 
are not entirely independent variables. This was noted by David et al. (2014) when they analyzed station 
pair correlations from an irradiance measurement network in the Island of la reunion. Whereas 
exponential formulation in Eq. 10 and 11 would imply that, for a given cloud speed, a linear relationship 
should exist between the distance at a given correlation level and time scale, with the slope depending 
on cloud speed, (Perez et al., 2011a), they observed that the time scale vs. distance slope tended to 
diminish as a distance increased (figure 7). This may be explained by the observation that the underlying 
driver of variability (cloud speed) evolves as a function of the considered spatial and temporal scales. For 
the smallest scales the drivers are cloud substructures. As the spatial scale increases, the drivers become 
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entire cloud fields, and then entire weather systems, hence because the speed of these drivers is known 
to decrease with scale, the observed relationships are non-linear. 

 

 

Fig. 7: Mean distance to reach a 10% (left) and a 25% (right) correlation threshold as a function of the time 
interval of observations in La Reunion (ground and satellite)  

The cloud speed dependence upon time scale becomes fully apparent when considering very large 
spatio-temporal scales as in Perez & Fthenakis (2012, 2015) who analyzed millions of possible pair 
correlations from the NASA SSE data set (NASA, 2012) for the entire planet. Figure 8 compares the 
observed exponential correlation decay for ∆T of one and seven days respectively. It is remarkable that 
these results are fully consistent with lower spatio-temporal scales such as shown in figure 4, plausibly 
representing an expression of the underlying self-similar (fractal) nature of clouds and cloud systems at 
all scales (Lovejoy, 1982). As for smaller scales, decorrelation distances are a function of prevailing cloud 
speed. Comparing East-West pairs and North-South pairs in Figure 9 indicates that decorrelation 
distances are considerably shorter for the latter – a manifestation of the fact that weather systems tend 
to move in East-West directions. Finally, as noted for la Reunion it is also apparent that the cloud system 
velocity underlying variability decreases with time scale. For instance, cloud system speeds inferred 
from figure 9 using equation 10 would indicate that the speed of the East-West weather system motion 
driver for daily ∆T is of the order of 20 km/h. For ∆T of seven days the prevailing weather system’s 
speed is of the order of 8 km/h. 
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Fig. 8: Site-pair correlation as a function distance for daily and weekly time periods. Station pairs are selected to 
have a predominantly East-West orientation. 
 
 

 
Fig. 9: Impact of prevailing cloud speed on correlation decay for time periods ranging from one to thirty days – 
contrasting East-West pairs (prevailing direction of weather systems) and North-South pairs 
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APPLICATION MODELS AND TOOLS:  
Understanding the fundamentals of solar resource variability’s spatio-temporal characteristics has led to 
the development of tools and methodologies to address operational questions, in particular to address 
the question of how to predict the variability and output ramp-rates of spatially extended or distributed 
solar power plants from a limited number of input data, e.g., a single pyranometer. 
 
An approach developed by Lave et al., applies the wavelet analysis to decompose the irradiance signal 
into different time scales (see fig. 5 above) to simulate a power plant’s output given (1) a spatio-
temporal correlation function (e.g., from eq. 11), (2) measurements from a single irradiance point 
sensor, (3) knowledge of the power plant footprint and PV density (Watts of installed capacity per m2), 
(4) a time and location-dependent scaling parameter (parameter A in Eq. 11). The WVM uses these 
inputs to estimate the variability ratio over the area of the plant. The simulated power plant may have 
any density of PV coverage: it may be distributed generation with low PV density (i.e., a neighborhood 
with rooftop PV), centrally located PV as in a utility-scale power plant with high PV density, or any 
combination of both.  
 

 
  

Fig. 10: Wavelet variability model (WVM) for modeling reduction in PV power 
output variability through geographic smoothing. 

 
Another operational approach proposed by Hoff & Perez is based upon expressing Eq. 3 as the sum of 
the covariance of all possible plant pair combinations in a PV fleet. 
 

𝜎𝜎∆𝑡𝑡
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𝑛𝑛=1 ] = �∑ ∑ 𝐶𝐶𝐶𝐶𝑉𝑉�∆𝑷𝑷∆𝒕𝒕𝒊𝒊 ,∆𝑷𝑷∆𝒕𝒕
𝒋𝒋 �𝑁𝑁

𝑗𝑗=1
𝑁𝑁
𝑖𝑖=1        (12) 
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The covariance between any two plants equals the standard deviations of each of the locations times 
the correlation coefficient between the two locations (i.e. 𝐶𝐶𝐶𝐶𝑉𝑉�∆𝑷𝑷∆𝒕𝒕𝒊𝒊 ,∆𝑷𝑷∆𝒕𝒕

𝒋𝒋 � = 𝜎𝜎Δ𝑡𝑡𝑖𝑖 𝜎𝜎Δ𝑡𝑡
𝑗𝑗 𝜌𝜌Δ𝑡𝑡

𝑖𝑖,𝑗𝑗). Therefore  
the standard deviation of the changes in fleet output can be defined entirely by the standard deviation 
of the change in plant output at each location and the correlation between the locations (obtained e.g., 
from Eq. 10). This method can be applied by deriving nominal variability from one, or a small subset of 
instrumented stations and assuming that sampled variability is representative of nearby locations.  

Kato et al. (2011) proposed a comparable approach to determine fluctuation of high penetration 
photovoltaic power generation system dispersed over a large area known as the representative blocks 
method. PV is distributed over a number of subgroups each consisting of N blocks with a given installed 
capacity and a given variability. The size of each block is set so as block to block correlation is negligible 
and a form of Eq. 5, accounting for different system sizes, may be applied to aggregate blocks and 
determined the variability of the ensemble. 

The methodologies developed to understand variability have also led to the development of new 
instrumentation and modeling capabilities for generating high frequency data over extended areas. The 
sky imager functionality has been greatly enhanced -- Urquhart et al. (2014), to produce high frequency 
(seconds) locally gridded irradiance data (~10 km radius) and cloud speed can be measured as input to 
variability models (Fung et al., (2013) Bosch et al., (2013a, 2013b) )--. Satellite-to-irradiance models were 
also enhanced to produce high resolution (1 km) data with a time scale approaching 1-minute (Perez et 
al., 2011a).  In addition to producing the experimental data that led to a better understanding of 
variability, these new capabilities, in particular the satellite capability, have also led to a direct massive 
approach of PV fleet simulation to directly evaluate and manage variability issues for time scales in 
excess of a few minutes and spatial scales of a few kilometer, by directly simulating any dispersed PV 
fleets from satellite-derived irradiance time series (Clean Power Research, 2012.) 

 

 

Fig. 11:  Comparing one-minute satellite-derived and measured global irradiance 
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SOLAR VARIABILITY: IMPLICATIONS FOR POWER GRID MANAGEMENT 
 
Observations and models describe a space-time continuum underlying the smoothing effect solar 
resource variability: shortest-term variability matters for the smallest spatial scales while the minimum 
relevant time scale gradually increases with the size of the considered footprint. This is illustrated in 
Figure 12 where the absolute power variability of a nominal 1kW PV power plant (from eq. 2) is plotted 
as a function of the resource’s footprint from a single point up to 200X200 km. This particular example is 
set in a tropical locations. However trends observed in different climates are quite comparable (Perez et 
al., 2013b). 
 

 
 

Fig. 12:  Nominal variability of a 1 kW power plant as a function of its footprint 

 
The solar generation footprint and time scale should therefore be the primary concerns of grid 
operators as they pose different load management challenges and imply different solutions: for single 
distribution systems and large centralized plants, one-minute fluctuations are relevant as they may 
create voltage control issues. For grid balancing areas including both fleets of large and small distributed 
systems, variability effects below 30 minutes should be of no concern, while hourly and above time 
scales remain relevant. . 
 
Likewise variability mitigation solutions should reflect the solar resource time-space context. 
 

• Up to 10s of meters – small and medium PV installations -- ramp rates of the order of seconds 
are relevant – in particular over-irradiance issues, where ramps can exceed power ratings by up 
to 50% (Ole-Morten, 2014, Yordanov et al., 2012) and can create voltage control issues at 
interconnection points. These are generally passively mitigated by the installations’ hardware 
that curtails excess spikes. For very large systems, buffering via capacitors may be warranted. 
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• From hundreds of meters to a few km -- distribution feeders and large PV plants -- minute ramps 
are relevant, with impact on distribution system voltage, or transmission system voltage for 
large centralized power plants.  In the latter case active output buffering via capacitor or battery 
storage could be considered – some utilities impose maximum allowable one-minute ramp rate 
requirements (PEA, 2013). However these should only be warranted for very large plants or very 
dense PV fleets where solar production is of the order of the base demand energy flow on the 
local power grid. For most distributed systems, as long as penetration remains reasonable, 
experience shows that the ramping noise induced by PV systems on distribution grids is less 
than the background demand-side ramp noise that utilities have been accustomed to handle for 
a long time (Holger et al., 2014, 2014a). For very large dispersed penetration -- exceeding local 
demand -- grid management would be similar to a centralized plant case and would require 
buffering 

• From 5 to 20 km – substations, cities -- 1 minute variability vanishes while 10 minute and longer 
ramps remain. Depending on penetration, local regulation via storage may be needed. 

• For ~ 50 km – large cities and dense transmission networks -- 15-30 minutes fluctuations and 
above are still a concern. Solutions include contingency stand-by generation, storage or load 
management in order to react to ramps and insure balance between supply and demand -- note 
that these solutions need not be collocated with PV installations. 

• For 100’s km – regional transmission organization’s balancing areas – fluctuations of less than 
one hour should not be of concern. Variability mitigation at these scales can be effectively 
handled by an optimized basket of active generation, storage, load management, PV output 
curtailment, and increased interconnection bandwidth (Perez, 2015). 

 
For all temporal and spatial scales where active variability mitigation would be needed, it has been 
shown that solar forecasting could substantially reduce mitigation measures and operational cost (Perez 
et al., 2013b). For small centralized scales, minutes-ahead forecasts could be obtained from sky imaging 
sensors (Yang et al., 2014), while for a few km and more, satellite-derived (1-2 hours ahead) and 
numerical weather prediction forecasts (5+ hours ahead) would be warranted (Perez et al., 2014). 
 
CONCLUSIONS 
 
The understanding of solar energy variability requires a specification of the temporal and spatial context 
for which variability is assessed. A large body of work has been produced in recent years which has led 
to the understanding of a predictable, quantifiable variability-smoothing space-time continuum from a 
single point to 1000’s of km and from seconds to days. The shortest relevant time scale for which 
variability should be assessed is a direct function of the considered solar generation footprint, and, to a 
lesser extent, the speed of the clouds/weather systems inducing variability. 
 
The impact of solar variability on power grids can only be assessed, and if needed mitigated, under this 
space-time contextual light. For instance whereas the mitigating of one-minute ramps is warranted for 
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large centralized plants, it would be both inefficient and useless for a fleet of small and medium systems 
distributed over a utility service area, where mitigation occurs naturally. 
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