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Abstract—Smart grids are a relatively new development in
power systems and due to the possible complexity of such
systems; the possibilities have yet to be clearly defined. Drawing
a clear distinction between one grid configuration being “smart”
and another failing the criterion is not realistic. Instead, it is
much more practical to consider smart grids in terms of
opportunities to improve the operation of the power system that
are exploited or can be exploited. One of the keys features of a
smart grid is the ability to utilize information to make better
operational decisions. This paper proposes that significant
improvements can be made to the operations of a smart grid by
providing information about the likely behavior of renewable
energy — either through online short-term forecasting or longer-

One of the key aspects to a smarter grid is the ability to
make decisions on how to operate the power systedvain
the supplyside and the demarside. The right information is
essential in order to make the right decisions and this is
ubiquitous thoughout the entire smart grid system.

Il. SMART GRIDS

The term Osmart gridO is somewhat qualitative since there
are various proposed implementations that have varying levels
of sophistication [1..5]. However, standard among all
implementations is the use ofdwanced sensor and
communications technologies to enable better use of assets,

term assessments. provide improved reliability and enable consumer access to a

wider range of services. There are some defining features that

Index Terms—Smart grid, renewable energy, forecasting, exist in most smart grids

assessment.
A. A smart grid will provide an interface between consumer
appliances and the traditional assets in a power system

NE of the fundamental challengeof power system (generation, transmission and distribution)

operationis running asrue supplyon-demand system that  This twoway communication will allow the consumer to
is expected to be absolutely reliablédistorically this better control their energy usage and provides more choices to
challenge led to a power system based on highly coaldell the custmer. Furthermore, the twaway communication will
supply to match a largely uncontrolled demandowever, also allow better DSM such that in certain situations the
with the dual concerns of climate change and energy securigystem operator can be given control of the loads in the system
alternative sources of energy have become an increasirgabling more agile responses to system behavior.
attractive proposition and are now beginning to achieﬁg A smart grid will be at least semi-autonomous

significant levelsof penetration in certain areas. This can h ¢ intelli il ble th
cause problems with the conventional system balancing e use of intelligent systems will enable the power system

methodologies Since penetration levels of renewable energlf’ r:el_Spf)ng o stlfmulus,hobserveti]_thrqllljgh sglansor I:]thWOka,
are likely to continue increasing rethink of the existing V'th lImite 'nrf’Ut rr10md? uman. This wi _en?] e much faster
energy balancing paradigm may be reqifEortunately, an OPerations when handiing interruptions in the power system

operational smart grid has the potential to mitigate some of my even be able to identify areas of concern and

difficulties that are posed by high levels of renewable enerngo_nf'gure_ the power system to mitigate potential
generation. ntingencies.

The use of smarter gridoperatios allows for greater C. A smart grid will optimize the assets of the power system
penetration of variable energy sourcesotigh the more  he yse of responsive operating protocols will optimize
flexible management of theystem This can be achieved inpq,yer flows along existingransmission thereby improving
many ways from active demassitie management (DSM) e reliapility of the system and deferring capital expenditure
temporary  storage technologies, whether dedicated 9 transmission upgrades. Due to the communication of peak
electricity or sourced through a symbiotic supply (SUCh g4 periods and the likely subsequent consumer response to
electric vehiclep increased price signals the peak loads balreduced and the
need for expensive flexible generation technologies will be
reduced.
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D. A smart grid will support better integration of distributed For example, a smart grid may allow foat curtailment, but
generation into the conventional centralized power system no consumer is going to be happy to accept such an agreement
Improved communications and more advanced megeriwithout some guarantee of a maximum number of

technologies will enable more intelligent incorporation dfterruptions. Similarly, storage may be purchased to allow for

decentralized power production through the use of betieetter operation of localized portions of the power system
sensors and twway metering. This will allow customers(taking strain off transmission during constrained periods) or

(whether residential, commercial or industrial) teesaluate even utilizing storage that is designed to support the power

the proposition otonnecting local generation equipment. Theystem as a whole. Alternatively, the storage may be sourced

customer could in fact be an energy supplier instead ffddm an electrievehicleto-grid arrangement, but again an
consumer. agreement must bmade on how often the system can cycle
the batteries and how much it is allowed to draw them down.

Ill. RENEWABLE ENERGY INTEGRATIONUSING ASMART GRID  gych system design decisions, whether in terms of contractual
Weatherdriven, nonscheduled, renewable energy sourcexgreements or the installment of physical equipment, must be

require new operational procedures. Coniaal fossil fuel based on accurate information abdhe degree of flexibility

power plants can be operated in accordance with the needthaf is required. If high levels of nestheduled renewable

the power systm; the present power system operatingnergy are employed in the system, these will tend to

procedures were designed with this in mirldenewable dominate the flexibility requirements and so careful
energy sources such as wind or solar are variable and thusagsessment of the renewable energy resources is vital when
operathg schedules of such plants are largely dictated by tdting-up a smart grid, reegotiating contracts or considering
changing OfuelO supply. This is especially pertinent in the dastallation of physical equipment. In essence, an assessment
of wind, photovoltaic solar and ruwf-the-river hydro, none of of the variability of renewable energy and the effects on the
which have inherent storage in their power plant deSigese power system must be performed.

systems cannot be controlled in the same manner as alntegrationstudiesare continuing d improve and as the

conventional generation facility. level of sophistication increaseso too doesmportance of
With low levels of wind or solar energy penetration thaccurately modeling the OfuelO that drives the renewable

overall effect on grid operations is limited, yet as thenergy[8].In order to assess the likely behaviour of ldagn
penetration levels increase so too do the effects. It has bpatierns the best informtion we have about the future is what
recognized that as the penetration levels increase, mbes happened in the past. Unfortunately, {targn records of
advanced control of the power system will be required tenewable energy production are not available for a vast
maintain system reliability6]. These controls include moremajority of the generation plants. Most plants have only been
efficient use of transmission, use of demand resp@msk operational for a few years at mastd the growth rate of new
intelligent energy storage, all of which can be enabled througinewable energy is still a significant portion of total
the application of a smart grid. In fact, the ability to betténstallation.In fact, it is usually not even possible to obtain
integrate renewable energy is one of the driving factors limg-term, onsite meteorological daf&]. Thus, an alternative
some smart grid installations. Xcel EnergyOs SmartGridQityst be usedotbe able to obtain the historical information
white paper specifically communicates that a key aspect to itsed to determine the requirements for the smart geieE
renewable energy integration plan involves a smart grid: ~ Transactions on Power Systems had a Special Section on
Wind Energy in 2007 including the paper OUtility Wind

“The ability to communicate (via a smart grid) and Integration and Operating Impact Stafetlee ArtQ[10] which
new improvements in storage (cheaper, longer stated

lasting, higher capacity batteries) allows for a

creation of a new market instrument. A smart grid “A state-of-the-art wind-integration study typically

with advanced energy storage reduces the devotes a significant effort to obtaining wind data
variability associated with renewable energy, that are derived from large-scale meteorological
enabling more renewable energy on the grid, thus modeling...”

reducing emissions.”
In fact, one of the strongeativantages of using numerical
weather prediction modeling to downscale reanalysis datasets
IV. ASSESSINGRENEWABLE ENERGY IN A SMART GRID is that longterm records can be obtained. It is possible to

A smart grid must be able to make decisions and thdgrform a 4Q/e_ar climate variability_ anal_ysis, d_etailing the
decisions must be based upon information. However, not alluFby hour wind and power capacity asie. This level of
that information is necessarily OliveO data. In fatenw detail may not be warranted for small energy installations , but

designing a smart grid the likely limitations on the systefﬁr large installations (or even high concentrations of small
must be understood some of these limitations will be installations) this information can be used to develop some

physical, some will be contractual and some may even ffy decision making tools that allow the optiation of the
political. Without enabling the smart grid to properly hand@YStem design for the smart grid.
these limitations, the smart grid would not perform correctly.



A. Daily Variability production in July is also comparably low, but there was at

Each renewable energy project (Or region) has Speciﬁlast one instance where the CapaCity factor al®st 70%.
variability patterns that are typical depending the time of ddjis variation is important to understand when designing a
and time of year. The energy output is based on the logg)art grid system.
weather pattens, which change depending on the seasonal ¢
daily influences. After performing a record extension over
period of 40 years the average behavior in terms of montl_
diurnal cycle can be established. Fig. 1. shows an example ‘& g 50
site with diurnal cycle defined for each month. The flgureg 40
shows that highest generation occurs between 0400 and 1 ,,
UTC in spring and summer (it is a site from the northel
hemisphere). However, the lowest generation typically occt
in summer from 1500 to 0100 UTC. This algademonstrates Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nev Dec
that the winter production tends to have a fairly low different Time
in its diurnal behavior while in summer the diurnal behavior f49- 2 Monthto-month climate variability analysis showing variable power

. . . . pacity derived from a 4@ear dataset. The solid line within the shaded box
marked. The variation in the diurnal Cyde durmg Summé@notes t median power capacity. Upper and lower boundaries of the shaded

would be something that should be addressed in a@gmdr  box correspond to the 75% and 25% quartiles, while the extremities denote
the maximum and minimum power capacity.
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Fig. 1. Daily variability graphic showing the lorgrm averaged diurnal Fig. 3 Monthto-month climate variability analysis showing variable power

cycles, defined separately for each month. It also provides a yearly avereggacity derived from a 4¢@ear dataset. The top panel shows a time series of

indicating the overall diurnal cycle and monthly cyefehe site. monthlymean power capacity in gray and a runningn@mth mean in black.
The straight black line is the losigrm average. The bottom panel shows the
time series of monthlynean El Ni—o 3.4 anomalies.

B. Monthly Variability

Eventhough the monthly variability may be understood in a
general sense from Fig. 1. the difference in behavior in theV. FORECASTINGRENEWABLE ENERGY IN A SMART GRID
same months in different years is also important to understand¥hen actially operating smart grids forecasts of future
The variability assessment over a period of 40 years generadjuirements are essential to be able to prepare the flexible
defines the @erage behavior reasonably well, yet this does ng§stems to behave in the appropriate manNen-scheduled
mean that every month will behave exactly as its @10 renewable energy resources add another variable to an already
mean would indicate. Fig. 2. shows an example of a miwath complicated balancing acfThe fact that these sources of
month climate variability analysis. The figure shows thafeneration cannot be dispatched in the traditional sense can
during August the lowest ot is expected and there haveause problems for conventional system operation. A smart
been months where the energy production was nearly as gwd takes advantage of potential improvements that can be
as 15% of the capacity factor. However, the median eneliggde to conventional operation through thee usf



communications and information. While renewable energpes further out into the future (for the weadkead plot) the
cannot necessarily be operated in a conventional mannerprdiction intervals widen indicating a corresponding
behavior can be predicted and the forecast informationrésiuction in the level of confidence in a forecast so far into the
exactly the kind of information that a smart grid must use toture.

improve systemefficiency. In fact, as renewable energy

penetration levels continue to increase, -soheduled Windy Knoll Hour Ahead Forecast TIVE: 06/12/2007 @ 223000 PDT
renewable energy may become the single largest source aese|, o o 1 0 4, 59— ;
variability on the power system. This makes the employme Now LR
of accurate renewable energy forecastingep &omponent of _fw -l 100
a smart grid. In a smart grid, decisions are dynamically ms § 2 ,\.' g2
based on information about electricity supply and demand. Em / > g
the world of renewable energy integration, forecasting fee S 60 %
the smart grid. g7 5
Meteorological processes drive renewablenergy 3” 9 5
generation and thus it is inherently variable. This variabili L%’ 2 0 3
occurs across all of the time frames of utility operation fro =~ et &
reattime minuteto-minute fluctuations thrOUgh to yearly wa. 16 17 18 19 20 21 22 23 00 01 02 03 04 05 06 07 08 09 ¢
variation affecting longerm planning (as demonstratec (e s s SRS =
above) However, recent wind integration studies have shov .. " m. — — ~ . R

Obse

that the variations that have the largest effects on the sys..... Copyright 2007 STIER, Inc. CONFDENTIAL: Do not copy. releass. or radistibuta. )
rliabily operations and costs of operation are those in {0 Fioe ' Woe"eed et ometon, Tre fne 1 e e o e
hourly and daily timefram@L0]. These two time frames are AnNowO shows the observations.

directly related to the ancillary services of load following and

unit commitment; consequently, the stafethe-art wind Windy Knoll Day Ahead Forecast TIME: 03/17/2008 @ 053000 PDT
energy prediction systems focus on these timescales in ol Avrsge Ef

to meet the needs of the systems operators and markestrau

In a smart grid a lot of the human interactions that presen
try to manage system operation will be able to be replaced
machines that have a faster response time and can pro
larger quantities of data.

In fact, even in a conventional power ®yst forecasts of
renewable energy are considered crucial once even mode
levels of penetration are achieved. During 4téake
operations, the generation and the load must be matched.
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conventional generation can be controlled to a large exte R M MM A s saar e A angll
but tre load and the renewable energy generation must T iSRRI UL e T
forecast; there is no other efficient way that the conventior ...~ s —— -~ e
plants can be operated to provide the balancing. Furthermc _ _, Copyright 2008 ITIER, Inc. CONFIDENTIAL: Do ot copy. falaasa, of radisriouto

the uncertainty of the forecast is also vital to understand - 5 Plot of the daghead forecast information.

order to be abl¢o estimate the necessary reserve capacity fwin dy Knoll Week Ahead Forecast V. 031772008 ® 053000 PDT

the system, following reliability and frequency contro
requirements. The ability of a smart grid to process this kil “Va:
of information could result in significant improvements in th s
operation of renewable ey resources. Figl., Fig.5. and
Fig.6. show a range of forecasts with different horizon
Fig. 4. shows a plot of an houahead forecast primarily basec
on observations information. This plot includes a portion
the plot showing the recent perforntg of the system. The
rapid change in wind energy output was welecast and a
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smart grid could have used this information to accurate u ,, ﬂ] 1 ‘
account for the changing output from the renewable enel 0 [ LN | e | 0 o
plant. Fig 5. and Fig. 6. show plots of longer forecasis are Mon T e T owe T ome TR %
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(including prediction intervals). As can be seen from the osenvetaarme  suspect clon nterval  Forecast Data Trace
. . . . Copyright 2008 3TIER, Inc. CONFIDENTIAL: Do not copy, release. or redistribute.

plots even when the winds are rapidly changing there is Sti. 6 Piot ofthe weekahead forecast information.

significant information that can be obtained about the future

output from a renewable energy plant. Then, as the forecast
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