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Wouldn’tit be nice... i) datoat

.to be able to determine how much
transitioning from a GHI point sensor to an entire power plant for any plant?

Aln order to address how to integrate PV into the grid, we need to have an
understanding of the variability.

AHow does plant size (footprint and capacity) affect the reduction in
variability?

AWhat is the difference between central and distributed plants?

AHow does this relationship vary geographically (coastal vs. inland, by
latitude, etc.)?

To answer these questions, a solar power variability model is needed.




Wavelet Variability Model (WVM) ) &5,

A The WVM presented here is a method to estimate
aggregated PV plant output variability given only a single
point sensor measurement

A Universal: works for plants at any location, with any
arrangement of PV modules

A Uses a wavelet decomposition by timescale to account for
different variability reductions (VRs) at different timescales

A Can adjust PV density to simulate a distributed plant, a
central plant, or combinations of both




Two test cases:

Distributed PV Plant

Ota City, Japan
2MW rooftop PV
~550 houses with PV
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Central PV Plant
Copper Mountain, NV
A48MW thin film PV
Fixed tilt
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Wavelet Decomposition h) i,

oob I TR TR 2

norm.
GHI/Power

1

= ——| - _I_,--ﬂ. o
o700 0800 0900 1000 11:00 1200 1300 1400 1500 16:00

AStart with normalized GHI from a point sensor (blue) and normalized
power output of all of Ota City (green). Normalized means 1 = clear.

ANormalized GHI and power output look similar, but if we zoomed in further,
we would notice the power output is smoother than the GHI.

ATo examine this, we break these down into fluctuations at each timescale,
from 2sto 1.1h.




Wavelet Decomposition
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Determining the Variability Reduction ) i,

The Variability Reduction (VR) can be modeled based on correlations
between N PV sites (i.e., between N houses or between N sufficiently
small groups of PV modules)

N?..

VR(t) =
%=1 erf:l P (dm,n: f)

= Correlation equation is dependent on the ratio of distance between
two sites to the timescale of interest, and an “A” coefficient

. 1d
p(dmn t) = exp(———==

A7)
* d, ,is distance between two sites, m and n, and t is the timescale
= p=0whend,, ,isverylargeortis very small
= p=1whend, , isverysmallortisvery large

= A value depends mostly on geographic location, but also varies from
day to day




Determining A Value ) s,
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A A value describes how well sites are correlated:
= Large A : sites correlated even at long distances
(expected at inland sites with large clouds)
= Small A : weak correlation at long distances
(expected at coastal sites with small clouds)

= Avalue is found empirically by determining correlations between
multiple point sensors

Ota City, Japan A=51t012
Lanai, HI A=1to3

UC San Diego, CA A=051t025
Copper Mountain, NV (limited data) | A= 7 to 157
Alamosa, CO (limited data) A =13 to 557

= Future: create database of typical A values — coastal, inland, etc.




Wavelet Variability Model (WVM) ) e,

Model Inputs Model Outputs

*can convertto power using the Sandia Photovoltaic Array Performance Model, or a simple linear
multiplier if not all inputs to the Performance Modelare known.
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Input: PV Footprint

A Input area of interest by drawing one or many polygons
on a Google Map _
Ota City
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Input: Timeseries and PV Density

Timeseries

A Input point sensor timeseries, latitude, longitude, and
UTC offset from *.mat file

A Timeseries resolution determines simulation resolution:
1-secdata in -> 1-sec data out MW Central Plant

2MW Distributed Plant

PV Density

A If plant size (MW) is known, program will
calculate PV density

A Otherwise, specify central or distributed




Validation of WVM rh) teies
A Highly variable days were chosen to test the WVM

7z

A Ota City Copper Mountain
= Qctober 12%, 2007 * September 24, 2011
* Mostly cloudy day = Partly cloudy day
= A=8 (from 6 GHI point sensors) = A=7 (from 15 reference cells)
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Compare Fluctuation Power Index rh) teies_

Ota City Copper Mountain

2007-10-12 2011-9-24

fluctuation power index (fpi) [-]
fluctuation power index (fpi) [-]
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AGoal of WVM is to reproduce power content of fluctuations.

AWVM simulation (Phorm,sim) matches the actual power (P,,,) well, and is a strong
improvementover the GHI point sensor (GHI,,,.,)-

ASimulation does not match actual as well at Copper Mountain (48MW) as at Ota City (2MW)




Compare Ramp Rates ) i,

£09 Simulated RRs (blue) compare well
“os to actual power RRs (red) at all
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= Journal article describing WVM simulation method in more
detail coming soon!

= Test model at more PV plants.

= Develop a database of A values, showing how A changes
geographically and based on other factors such as cloud type,
wind speed, etc. Such a database will allow WVM to be used at
sites where multiple point sensor measurements are not

available.

= Apply WVM to real-world problemes, i.e., provide realistic input
to distribution studies, estimating variability of proposed PV
plants, etc.
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" Thank You! :

Questions/Comments?

ContEet: mEve@uUcse.eev oF miEvVe@saneie.ZeV




