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Abstract—The growing awareness about global climate change
has boosted the need to mitigate greenhouse gas emissions from
existing power systems and spurred efforts to accelerate the
integration of renewable energy sources (e.g. wind and solar
power) into the electrical grid. A fundamental difficulty here is
that renewable energy sources are usually of high variability. The
electrical grid must absorb this variability through employing
many additional operations (e.g., operating reserves, energy
storage), which will largely raise the cost of electricity from
renewable energy sources. To make it affordable, numerous
advancements in technologies and methods for the smart grid are
required. In this paper, we will confine ourselves to one of them:
how to plan the construction of wind farms with high capacity
and low variability locally and distributedly. We first study the
characteristics of both wind resources and wind turbines and
present a more accurate wind power evaluation method based
on Gaussian Regression. Then, we analyze a trade-off between
wind power’s quantity and quality and propose an approach to
optimally combine different types of wind turbines to balance
the trade-off for a specific site. Finally, we explore geographical
diversity among different sites and develop an extended approach
that jointly optimizes the combination of sites and turbine types.
Extensive experiments using the realistic historical wind resource
data are conducted for either of the local and distributed case.
Encouraging results are shown for the proposed approaches and
some interesting insights are also provided.

I. INTRODUCTION

Existing power systems create heavy environmental impacts
and are a prime cause for the current climate change. For
example, in 2011, total U.S. energy-related carbon dioxide
(CO2) emissions by the electric power sector were 2,166
million metric tons and contribute about 40% of total U.S.
energy-related CO2 emissions [1]. In recent years, concerns
about climate change have grown of the need to reduce these
emissions from this sector and stimulated efforts to speed up
the integration of energy from renewable sources (e.g. wind
and solar power) into electricity supply industries. On the
other hand, there is a burning need for upgrading our current
electrical grid into a smart grid, which is a robust, sustainable
power transmission and distribution system that is intelligent,
reliable and environment friendly. The smart grid is the key
enabler for deep integration of renewable energy sources into
our power systems [2], [3]. President Barack Obama advocated
renewable energy as well as the smart grid and announced
several billion dollars in U.S. government support along with
private investment towards this end.
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The biggest obstacle here is that renewable energy sources
are highly variable. They are fundamentally different from
conventional fossil fuel power generation (such as coal and
natural gas) which is dispatchable and easily controlled. The
variability of renewable energy is characterized by three dis-
tinct properties: (i) non-dispatchablity or cannot be controlled
on demand; (ii) intermittency or highly fluctuates; (iii) uncer-
tainty or cannot be known in advance. The variability has little
effect on the electrical grid if renewable power generation is
kept at low penetration levels.

However, as the penetration goes deeper (e.g. 30% of total
electricity demand), it needs much more efforts including
power curtailment, energy storage technologies and operating
reserves to smooth out the variability. The more variability
and the deeper penetration renewable energy has, the higher
the above solutions will cost. For example, the electrical
grid would need large quantities of operating reserves (or
conventional back-up power) and/or non-existent large-scale,
centralized energy storage to tolerate the aggregated vari-
ability. To lower the cost of the electricity generated from
renewable energy sources, it requires various advancements in
technologies and methods drawn from optimization, modeling,
and control for the smart grid, such as renewable energy
forecasting [4]-[7], joint optimization of renewable energy
and storage [8], matching variable generation with adjustable
demand [9], [10], construction planing for renewable power
plants [11], [12], and so on. In this paper, we study one of
these issues: how to plan the construction of renewable power
plants with both high capacity and low variability locally and
distributedly.

We focus ourselves on the construction planing issue for
wind farms. A wind farm usually consists of tens to hundreds
of individual wind turbines. They convert wind energy into
electricity and are connected to the electrical power transmis-
sion network. Renewable power plants’ construction planning
is an extremely complicated decision making problem and
involves a process of balancing diverse technical, economic,
social and ecological aspects. The main concern of this paper
is to address one fundamental issue: the quantity and quality
of renewable energy sources, which is related to either of the
above four aspects. This paper can be seen as a significant
complement to the exiting construction planing work such as
[11]-[13]. One of the conventional cost reduction approaches
is to sit power plants in the locations with the most abundant

2813



IEEE INFOCOM 2014 - IEEE Conference on Computer Communications

renewable resource such as where wind blows hardest or where
sun irradiates strongest. This quantity-oriented approach was
rather effective in the old ages when the power generation
from conventional energy sources was dominant. However, as
the era of deep integration of renewable energy sources comes
with the smart grid, the cost of electricity generation is also
heavily dependent on the quality or the magnitude of variabil-
ity of renewable energy sources. Therefore, a thoughtful cost
reduction approach should take account of both the quantity
and quality of renewable energy sources at the same time when
planning the construction of renewable power plants. However,
there is always a trade-off between the two objectives, i.e., a
site with large quantity usually has high variability and vice
verse, due to the nature of wind resource. We propose novel
solutions to deal with this issue. In specific, we make three
contributions as follows.

First, we analyze the characteristics of power conversion for
each type of wind turbine and then propose a more accurate
wind power evaluation method based on Gaussian Regression.
There are two motivations here. One is that, some existing
works that address the wind farms’ construction planing issue
employ wind speed or power density as a proxy to evaluate
the quantity and/or quality for a site [11], [12], [14], [15]. The
power density is simply calculated by cubicing wind speed.
These works can yield some misleading results on wind power
assessment, since they totally overlook how much the wind
resource could be converted into usable power or electricity
by wind turbines and how well the output power is. The
inaccurate evaluation will cause the cost rise if with a deep
penetration level of renewable energy. The other motivation
comes from one crucial observation that different types of
wind turbines have different power characteristics [16]-[21].
That is, different turbine types have different quantities (or
capacity factors) and qualities at power generation for a site.
There is one optimal type of wind turbine for each site.

Second, we give some key observations through analyzing
the evaluation result for each individual turbine type using
the Gaussian Regression based method. Based on them, we
propose an optimal wind turbine combination approach to
balance the trade-off between wind power’s quantity and
quality for a local site.

Finally, we explore the geographical diversity among dif-
ferent sites and address further how to balance the trade-off
through jointly optimizing the combination of different sites
and types of wind turbines. For a given requirement on the
quantity of wind power generation, the approach optimizes the
quality; while for a given requirement on quality, the approach
maximizes the quantity. We conduct extensive experiments
based on a large amount of real-world meteorological data
trace [22], and show encouraging results of the proposed
approaches. We also provide some interesting insights based
on result analysis.

The rest of the paper is organized as follows. Section II
introduces an overview of wind resource and provides the
Gaussian Regression based evaluation method. Section III
presents the optimal wind turbine combination method. Sec-

tion IV explores geographical diversity and gives an extended
approach to jointly optimize the combination of sites as well
as turbine types. Section V concludes this paper and points
out the future work.

II. WIND POWER QUANTITY AND QUALITY EVALUATION

The most important step when determining the locations
for constructing wind farms is the wind power’s quantity and
quality evaluation. The former criterion is related to the esti-
mated average annual capacity of the usable power potentially
generated by a site, while the latter one refers to the estimated
variance of that. Some existing evaluation methods employed
wind speed as a proxy, which gives a rough description of the
power capacity. A method with higher evaluation accuracy
is needed as the percentage of the wind power integrated
into the electrical grid grows. In this section, we analyze the
characteristics of different types of wind turbines based on
data from real-world product sheet and propose a method to
achieve accurate evaluation.

A. Understanding Wind Resource

Wind speed data are usually measured by observing equip-
ments with a certain height (e.g. ~ 10 meters), which is in
most cases much smaller than the height of wind turbines (at
least tens of meters). The 1/7th wind profile power law [23]
is used to assess the wind speed at the height of a specific
turbine (>~ 50 meters):

&)= G) »

where v is the wind speed at height h; v, is the known wind
1

speed at a reference height h,.; the friction coefficient o = 3
or 0.143. Though « can vary from 0.1 (calm water) to 0.4
(large city with tall buildings) [24], 0.143 is the most common
value suitable for most observation sites. The wind resource’s
assessment of a site can be achieved by calculating the average
value and/or variance of the historical wind speed adjusted by
Equation (1).

One alternative approach to evaluate wind resource is to
adopt the wind power density P (W/m?), which has a cubic

relation with the wind speed (v) [25]:
1
P = SCppv?, )

where p is the air density, and C}, is the power coefficient
denoting how much power that can be extracted from the wind,
which is limited by Betz’ Law and cannot be greater than
59.3%. The power coefficient is usually set constant when
assessing wind resource in the literature such as [11], [12],
[26]-[29].

B. Understanding Wind Turbines’ Characteristics

Both of the two approaches above solely focus on one side
of the coin: the quantity and quality of the wind resource that
a site possesses, while overlook the other side of the coin:
how much the wind resource could be converted into usable
power by wind turbines and how well the output power would
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Fig. 1. The output power and power coefficient curve to wind speed of

ENERCON turbine type E48 (800kW).

be. Due to the technological limitations of modern turbines,
the power that can be extracted from the wind resource is
only part of the total it possesses. The proportion, a.k.a, the
turbine efficiency or power coefficient, varies a lot with the
wind speed [16]-[21]. The maximum efficiency can reach at
50% while the minimum is close to 0%. For example, from
Figure 1, we can see that as the wind speed grows, the power
coefficient (the red curve) first increases and then starts to
decrease from a turning point (10 m/s). Some misleading
results would come out if using the Equation (2) with one
constant coefficient. Besides this characteristic, there are at
least other three that we need to take account of, in order to
make a more accurate evaluation of the wind power that a site
can potentially generated.

The first characteristic is called cut-in speed, the minimum
wind speed at which the wind turbine starts to generate usable
power. The typical cut-in speed of a wind turbine is between
2 to 4 meters per second. As the wind speed rises greater
than the cut-in speed, the output power (the blue curve)
increases rapidly, until it reaches the limit that the wind turbine
is capable of, typically at some speed between 12 to 17
meters per second. The limit is called rated output power
and the corresponding wind speed is called rated speed. The
output power rises no further and keeps at the constant level
when the wind speed is greater than the rated speed. This
characteristic forces the planner to treat the different ranges
of wind speed separately when estimating the output power.
The last characteristic is cut-out speed, at which turbines have
to cease power generation and shut down, in order to protect
them from damage when the wind speed is too high. Figure 1
shows an example of ENERCON turbine type E48 [18] with
800k W rated output power. The cut-in, rated and cut-out speed
are 3, 14 and 25 meters per second, respectively.

C. Gaussian Regression Based Evaluation Method

Different types of wind turbines have different cut-in speeds
and/or rated output power/speeds. The output power of a type
can be expressed by a piecewise function:

0, v <Y

G(’U), Vzn < S Vrate
fprate, Vrate <v S Vout
0, v > Yout,

P(v) = 3)
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where V" (V°%!) is the cut-in (cut-out) speed, Vete (Prate)
is the rated speed (the rated output power), and G(v) is a
fitted curve for the ramp-up. For example, the output power
curve in Figure 1 consists of three pieces: the output power is
0 when the wind speed is lower than 3 m/s, 800 kW when
higher than 14 m/s, and in-between is a ramp-up. Moreover,
different turbine types have different relations between power
coefficient and wind speed. Hence, we have to do output power
curve fitting for each turbine type.

We tried multiple curve fitting methods for G(v), including
polynomial regression with different degrees up to 9, expo-
nential fitting, Gaussian Regression with different number of
items up to 5. We use the data in the product sheet in [18]
for training. Gaussian Regression was found out to have the
least training error, i.e., root-mean-square error (RMSE) less
than several watts. RMSEs for other fitting methods were at
least 75% worse. Note that different turbine types of may have
different optimal numbers (n in Equation (4)) of Gaussian
items and we use the optimal number for each turbine type.
The ramp-up curve (G(v)) is as follows:

(v=bp)?

Gv) =are  2e1°

(v=bn)?

2en? 1< n <5,

+ ... +ane )
where a., by, c, are parameters to be fitted.

Now we can calculate the output power P(v;) of a wind
turbine by Equation (3) with the wind speed v; at each time .
One way to assess the quantity of the power is called capacity
factor, which is defined as the ratio of the actual output power
to the maximum possible output or rated output power. In
general, higher capacity factor means larger output power. The
average capacity factor (1) during a time period [0, T}, for a
given site and a given type of wind turbine, can be calculated

as follows:
T P 'Ut
T Zt 0 ’Prate

Furthermore, the quality of the wind power for the site and
the turbine type, can be interpreted as the standard deviation
(o) of the capacity factor:
2
_ u) ,

S

For clarity, we summarize the Gaussian Regression based
evaluation method as follows:

®)

Prate (6)

Gaussian Regression Based Evaluation Method

Step 1 Adjust the wind speed according the turbine height
by Equation (1);

Step 2 Derive P(v) in Equation (3) by Gaussian Regres-
sion;

Step 3 Calculate the average capacity factor and standard
deviation (variance) by Equation (5)(6).
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III. LocALLY OPTIMAL WIND POWER GENERATION

As discussed above, different types of wind turbines possess
different characteristics on power conversion. Hence, there
is some optimal type of wind turbine perfectly suitable to
the statistical property of wind resource for a site. Those
quantity-oriented methods would select the turbine type that
generates the maximum average capacity factor. However, this
would bring considerable additional cost for they overlook
the quality. This section first shows the trade-off between the
quantity and quality of wind power, and then addresses how
to balance the trade-off with the focus on the optimal turbine
type combination for a specific site. The next section will
discuss further about this issue through exploring geographical
diversity among different sites.

A. Ranking Turbines for A Site

We employ the real-world historical wind speed data ex-
tracted from National Solar Radiation Database (NSRD) [22],
which contains wind speed field, solar irradiation field and
other meteorological fields (such as sky cover, temperature,
humidity). This database consists of a serially complete col-
lection of hourly meteorological data from Jan 1st, 1991 to
Dec 31th, 2010. NSRD contains the data from more than
one thousand observation sites which are coded with USAF
number (site ID). As to the data for wind turbines, ENERCON
is one of the few companies who have published some detail
parameters of their wind turbines, especially on the relation
between the output power and wind speed. The data of a
series of ENERCON products given in [18] is adopted here.
We choose the maximum hub height for each type of the
wind turbine when calculating the output power. Note that
each type of wind turbine can be equipped with hubs of
different heights (from tens to more than one hundred meters)
[18], and different watts of wind power would be generated
for different hub heights according to Equation (1)(3). The
proposed approaches in this paper could be easily adapted to
select both wind turbine types and hub heights. In addition,
we do not consider how to deploy wind turbines for a specific
area, but the proposed approaches could be combined with
some existing works such as [30].

Based on the Gaussian Regression based evaluation method
proposed in Section II-C, we rank different types of wind
turbines for each site, according to their average capacity
factor and standard deviation (or variance) respectively over
the twenty years. Let us take a site with ID 723830 (Sandberg,
CA) as an example to illustrate this. Table I shows the ranking
result for the ten turbine types from [18]. One important
observation here is that the turbine type with the maximum
average capacity factor is different from the type with the
minimum variance. For example, type E101 (3000kW) has
the best average capacity factor but rather poor variance; while
type E44 (900kW) is with the lowest average capacity factor
but the best variance.

In addition, there is significant difference between the best
and worst type in the output power’s quantity and quality.
Type E44 (900kW) is more than 32% worse than type E101

TABLE I
RANK ACCORDING TO THE AVERAGE CAPACITY FACTOR AND STANDARD
DEVIATION. EACH TURBINE TYPE IS DENOTED AS TYPE(RATED OUTPUT
POWER). NOTE THAT E82 HAS THREE SUB-TYPES DIFFERENTIATED BY
THE RATED OUTPUT POWER [18].

Rank Type o Type 4
1 E101 (3000kW) | 0.4486 E44 (900kW) 0.3037
2 E82 (2000kW) | 0.4342 E82 (3000kW) | 0.3173
3 E53 (800kW) 0.4159 || E126 (7500kW) | 0.3251
4 E82 (2300kW) | 0.4128 E70 (2300kW) | 0.3288
5 E33 (330kW) 0.3752 E33 (330kW) 0.3313
6 E82 (3000kW) | 0.3686 E48 (800kW) 0.3324
7 E126 (7500kW) | 0.3666 E53 (800kW) 0.3393
8 E48 (800kW) 0.3649 || E101 (3000kW) | 0.3546
9 E70 (2300kW) | 0.3623 E82 (2000kW) | 0.3574
10 E44 (900kW) 0.3034 E82 (2300kW) | 0.3998

(3000kW) at average capacity factor but nearly 24% better
than type E82 (2300kW) at variance. Therefore, installing only
one single type of turbine in a site can not achieve the optimal
quantity and the optimal quality for wind power at the same
time. Moreover, the turbine type with the largest rated output
power is always not optimal at either quantity or quality. For
instance, type E126 (7500kW) has neither the best average
capacity factor nor the smallest variance. We did the similar
ranking for all other sites in NSRD and these observations
above are always true.

B. Optimal Combination of Turbine Types

According to the analysis above, we can conclude that
one should install a combination of different types of wind
turbines, in order to meet the requirements of both high
average capacity factor and low variance for a site. In addition,
we assume that there is little influence from other turbines on
calculating the capacity factor for a turbine. The assumption
is reasonable since the influence would be lowered as much as
possible when deploying wind turbines in a large area of land.
This combination problem can be split into two subproblems.
Subproblem P1 is that, for a given requirement on the average
capacity factor (M), to minimize the variance; Subproblem
P2 is that, for a given requirement on the variance (A),
to maximize the average capacity factor. We formulate the
two subproblems into Convex Programming (CP) problems as
follows:

P1l: min i wichov(ﬁ;ﬁﬂl, 712’7552)
i J
sub.to Y wip; > M,
Zi w; =1,
P2: max D Wilki
sub.to ), Zj wiij’m;(gf,.Efiz , 7’},,.&32) <A,
i J
doiwi =1,

(N
where w; is the weight that the total rated output power of
each turbine type holds in a combination, Cov(gﬁgﬂ, jjﬂ,fjjl)
is the covariance of capacity factor between every two turbine
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types, and p; is the average capacity factor of each type. There
are many efficient algorithms for solving CP problems, such
as Interior-point methods [31]. Larger weight for a turbine
type means selecting more turbines from the type, while zero
weight indicates eliminating the type from the combination.
Moreover, using the resulted weight, one can easily calculate
the number turbines from each type to be installed for a
required wind power capacity.

The fundamental concept behind the two subproblems is
that the weight in a combination should not be selected
individually on their own merits of each turbine type. Rather,
it is important to consider how each type changes in quality
(quantity) relative to how every other type in the combination
changes in quality (quantity). The resulted combination strikes
a balance between wind power’s quantity and quality. In
general, the turbine type with higher quantity or larger average
capacity factor is of lower quality or of more variance (See the
example in Table I). Therefore, the two subproblems can be
seen as a form of diversification. Under certain assumptions
and specific quantitative constraints of quality (quantity), the
convex problems in Equation (7) would find the best possible
diversification strategy for a site.

C. Results and Analysis

The wind speed data of site 723830 is also used in the
experiment of this section. To illustrate the effectiveness of
the proposed approach (CP problems in (7)) at balancing the
wind power’s quantity and quality, we compare them with
other two approaches. One approach is the Uni-Type, by which
only a single type of turbine is installed for a site. For problem
P1, the Uni-Type approach would select the turbine type that
satisfies the capacity factor requirement and with the smallest
variance; while for problem P2, this approach would choose
the turbine type meeting the variance requirement and with
the maximum capacity factor. Uni-Type can be seen as a
superset of those quantity-oriented methods. Let us give an
example of problem P1 using the Uni-Type approach. For a
required capacity factor of 0.4, the first four turbine types in
column 2 of Table I can meet the requirement. Hence, the Uni-
Type approach will choose type E53(800kW), since it has the
smallest variance among the four. One could reach a similar
example for problem P2 using Table I. The other approach is
called Max-Rate, by which the turbine type with the maximum
rated output power is selected for a site, e.g., type E126
(7500kW) in Table I. To the best of our knowledge, there is
no existing work that addressed the turbine type combination
problem and thus the Uni-Type and Max-Rate approach are
used for comparison here.

Figure 2 shows the comparison results between CP (in
Equation (7)), Uni-Type and Max-Rate approach. For problem
P1, CP significantly outperforms the other two approaches.
Max-Rate, the red straight line in the figure, always has
the worst performance, because it simply selects the turbine
with the largest rated output power which is neither quantity-
optimal nor quality-optimal. The curve is shorter than the
other two, since type E126 (7500kW) can not satisfy the
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Fig. 2. The resulted comparison among the CP, Uni-Type and Max-Rate

approach for problem P1 and P2.

required capacity factor any more after the value of 0.37.
Uni-Type performs better than Max-Rate, as it chooses the
turbine type with the least variance after meeting the capacity
factor requirement. Since the capacity factor for all considered
turbine types is greater than 0.3 for site 723830 (see Table I),
the CP and Uni-Type curves are flat before this value point. In
addition, Uni-Type is a staircase curve. Each step represents a
change in the selection of turbine type for the site and there are
four times of this kind of change in total. Due to the optimal
combination of weighted turbine types, CP provides a more
smooth curve and has up to 21.9% lower variance than Uni-
Type. Moreover, the two curves have the similar trend about
the variance changing with the required capacity factor. This
is due to the nature of wind resource, that is, larger capacity
factor of a site always comes at the expense of higher variance
in wind power generation.

Similar result analysis can be made for problem P2 ac-
cording to Figure 2-(b), such as shorter curve for Max-Rate
and staircase curve for Uni-Type. We omit it here to avoid
repetition. It’s worth noting that CP outperforms Uni-Type
across all valid required variance, and has up to 32.2% more
capacity factor than Uni-Type.

Insights: Different types of wind turbines can significantly
compensate each other by smoothing each other’s fluctuation
of the output power.

IV. GLOBALLY OPTIMAL WIND POWER GENERATION

Last section exploits the difference of power conversion
characteristics between different turbine types and deals with
the problem of turbine type combination. This is an effective
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TABLE I
TURBINE RANKING ON AVERAGE WIND POWER’S CAPACITY FACTOR FOR
THREE SITES.

TABLE III
TEN SITES’ RANKING ON THE QUANTITY AND QUALITY OF WIND
RESOURCE BY DIFFERENT EVALUATION METHODS. WIND SPEED: THE
ADJUSTED SPEED BY EQUATION (1); CUBIC POWER: THE EVALUATION

approach from the point of view of the owner of a single wind
farm. However, the electrical grid is going to integrate more
wind power from geographically distributed wind farms. The
locally optimized turbine combination would not achieve a
desired global result from the angle of the electrical grid. This
section also addresses the quantity-quality trade-off problem,
but further explores the geographical diversity among different
sites, i.e., jointly optimizes the combination of sites as well as
turbine types.

A. Globally Ranking Wind Power Generation

With the turbine ranking for all sites in NSRD [22], we
observe that these sites have different optimal turbine types (or
different rankings on turbine type) on both quantity and quality
of wind power. For example, Table II shows the turbine type
ranking on capacity factor for three sites with ID of 722524,
722953 and 723830. The quantity-optimal type for each site
is type E82 (2000kW), E82 (2300kW) and E101 (3000kW)
respectively. The reason is that different sites possess different
statistical properties of wind resource due to the geographical
diversity among them.

Another observation is that the three evaluation methods
discussed in Section II produce rather different results on
assessing the wind resource. This can be observed from
Table III, which exhibits the ranking results for 9 sites by
the three methods. The 9 sites are with complete wind speed
trace and have the largest capacity factor (based on Gaussian
evaluation method) among all of the more than one thousand
sites recorded in NSRD. The table also demonstrates the
misleading results of the first two methods at evaluating the
wind resource for different sites. Let us compare the best site
by each method. For the method only using the adjusted wind
speed by Equation (1), the best is site 724510; for the method
using wind power density by Equation (2), it is site 725745;
for our Gaussian Regression based method, it is site 723630.
They derive different best sites. Furthermore, the difference of
ranking results between the three methods will become even
larger when more sites are considered.

One more observation is that none of the sites possess the
best average capacity factor and the smallest variance at the
same time. For instance, site 723630 and site 723525 (at the
rightmost two columns of Table III) have the best quantity

Rank Sites METHOD BASED ON EQUATION (2); GAUSSIAN: THE PROPOSED GAUSSIAN
722524 722953 723830 REGRESSION BASED EVALUATION METHOD.

1 E82 (2000kW) E82 (2300kW) E101 (3000kW)

2 E101 (3000kW) | E101 (3000kW) E82 (2000kW) Rank Wind Speed Cubic Power Gaussian

3 E53 (800kW) E53 (800kW) E53 (800kW) 12 ) o ) m )

4 E82 (2300kW) E33 (330kW) E82 (2300kW) 1 724510 | 723525 | 725745 | 723525 | 723630 | 723525

5 E33 (330kW) E82 (3000kW) E33 (330kW) 2 723630 | 723630 | 724510 | 723630 | 724510 | 725063

6 E82 (3000kW) E126 (7500kW) E82 (3000kW) 3 723526 | 723526 | 724515 | 723526 | 723526 | 723630

7 E48 (800kW) E70 (2300kW) E126 (7500kW) 4 724515 | 727645 | 723526 | 725063 | 723525 | 727645

8 E126 (7500kW) E82 (2000kW) E48 (800kW) 5 725745 | 724510 | 723630 | 727645 | 725745 | 724515

9 E70 (2300kW) E48 (800kW) E70 (2300kW) 6 724585 | 724585 | 724585 | 724585 | 727645 | 724585

10 E44 (900kW) E44 (900kW) E44 (900kW) 7 727645 | 724515 | 727645 | 724510 | 724585 | 723526
8 723525 | 725063 | 725063 | 724515 | 724515 | 724510
9 725063 | 725745 | 723525 | 725745 | 725063 | 725745

and quality respectively. Therefore, the quantity-quality trade-
off also exists in site selection.

B. Optimal Combination of Sites and Turbine Types

This subsection solves the two problems (P1 and P2)
through exploiting both the geographical diversity and the
difference of power characteristics between turbine types. The
two kinds of diversities bring more chance to strike a balance
on the trade-off and to achieve more cost effective solutions.
Meanwhile, this also makes the problem become even harder.
We have to deal with whether to choose a site in the solution
or the weight for each site, in addition to the weight for each
turbine type in the site. To avoid boolean variables in the
program that represent whether a site is chosen or not, we
set a weight variable (w;;) for each turbine type j in each site
7. When to extract the sites’ combination in the solution, we
only need to check the sum of the weight for the turbine types
in each site. That is, for a site ¢, if Zj w;; # 0, then the site
is chosen; otherwise, the site is eliminated from the solution.
The Convex Programming formulations for problem P1 and
P2 are as follows:

. Piy(v) P
Pl:min 33,3755 > wijwuCou( 7’5_;5:)2’ PIZ;ZJ))
sub. to Zi Zj Wij i > M,
Zi Zj wij =1,
0 <w;; <1,
P2: max 21 Zj Wij i
P;j Py (v
sub. to 32,37, 3y Yoy wigwnCov(F4E, F)) < A,
Zi Zj Wi = ]-7
0<w; <1,
(3)
where Cov (24 () Pulv)y g the covariance of capacity factor

prate y prate
between turbine typeklj in site ¢ and turbine type [ in site k,
and p;; is the average capacity factor of each turbine type j
in each site 7. Using the resulted weight, one can easily check
whether a site is selected and calculate the number of each
type of turbine to be installed for an expected power capacity
in the selected sites.
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C. Results and Analysis

1) Statistical Results: The wind speed data of the 9 sites
in Table III and Guassian Regression based evaluation method
in Section II-C are used in the experiment of this section. For
comparison, we construct other three two-step methods: Uni-
Type + Opt-Wgt, Max-Rate + Opt-Wgt and Opt-Type + Eql-
Wgt. The sub-methods at the left side of the plus sign are first
used to choose the turbine type, and then those at the right
side are used to determine the weight for each site. The detail
description for each sub-method is as follows:

e Uni-Type and Max-Rate: the same approaches as pre-
sented in Section III-C;

o Opt-Type: the optimized combination of turbine fype by
using the approach in Equation (7);

e Eql-Wgt: the approach that assigns each site with the
equal weight in the total rated output power;

e Opt-Wgt: a similar approach to Equation (8), but only
considering the covariance of capacity factor between
different sites and not considering that between different
turbine types.

Through comparing with these three approaches, we can
clearly show the performance gain of the proposed method in
Equation (8) at either of the two aspects: turbine combination
and site combination.

Figure 3 shows the comparison results between CP, Max-
Rate + Opt-Wgt, Uni-Type + Opt-Wgt and Opt-Type + Eql-
Wgt. For problem P1, the performance of Max-Rate + Opt-
Wgt (the red curve in the figure), degrades quickly after the
required capacity factor of 0.33 and has the worst performance
among the four methods. In addition, the curve is much
shorter than others and stops before the required capacity
factor reaches the value of 0.37. One part of the reason here
is quite similar to those for Max-Rate in Section III-C. The
other part is that the bad performance of Max-Rate dominates
that of Opt-Wgt. Uni-Type + Opt-Wgt performs better than
Max-Rate + Opt-Wgt, because the former approach, to some
extent, considers to choose a better type of wind turbine at
reducing the variance of the output power. Even involving
the optimal site combination Opt-Wgt in the second step, the
two approaches still come with very poor performance. This
clearly indicates the crucial effect of turbine type combination
at reducing the variance.

Another observation showing the above effect is that,
compared with other three approaches whose curves are all
monotonously increasing, Uni-Type + Opt-Wgt has a different
trend about the variance changing with the required capacity
factor. The Uni-Type + Opt-Wgt curve starts to decrease
after the capacity factor becomes larger than 0.38, and then
increases again after the capacity factor of 0.41. This is
because of the fact that the best turbine types for each site
usually would not coincide with the turbine types with the
lowest variance for site combination.

We thus conducted the experiment for Opt-Type + Eql-Wgt.
Although the performance of this method becomes slightly
better than Uni-Type + Opt-Wgt after the capacity factor of
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Fig. 3. The resulted comparison among the CP, Uni-Type + Opt-Wgt, Max-

Rate + Opt-Wgt and Opt-Type + Eql-Wgt approach for problem P1 and P2.

0.3, it still has rather larger variance of output power even
with the optimized turbine type combination in the first step.
This is because Eql-Wgt totally ignores the optimization on
site combination. Therefore, in order to achieve the optimal
variance, we should jointly consider the turbine type combi-
nation and site combination. This is what the proposed method
CP does. From Figure 3-(a), we can see that CP performs best,
and yields up to 34.5% lower variance than Uni-Type + Opt-
Wgt and up to 18.4% than Opt-Type + Eql-Wgt (whose curve
is also shorter). In addition, before the required capacity factor
of 0.3, all curves are flat. There are two reasons for this. One
is that the capacity factor for each site and each turbine type is
larger than 0.3; the other one is that the turbine type chosen for
each of the four approaches stay unchanged and the weight of
the types for each site also keeps the same when the required
capacity factor is less than 0.3.

Similar result analysis can be made for problem P2 ac-
cording to Figure 8-(b), such as CP outperforms all other
approaches and Max-Rate + Opt-Wgt performs worst. There
are two additional points that need to be noted here. The first
one is that Uni-Type + Opt-Wgt becomes the shortest curve
among all the four in this case. This approach for problem P2
first selects the turbine type that satisfies the required variance
by Uni-Type. However, there is no single type of turbine that
can satisfy the required variance lower than 0.09. So the curve
stops at this variance value. The second point is that CP has
the longest curve. The approach can deal with very tough
requirements on the variance of output power and can find
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Fig. 4. The resulted relations between the capacity factor, variance and the
number of candidate sites for CP on problem P1 and P2.

solutions for all the required variance less than the value of
0.025.

Insights: (i) Different sites can also compensate each other
by smoothing each other’s power fluctuation; (ii) Using the
optimal combination of turbine types (by Equation 7) for each
individual location does not yield the optimal solution for the
aggregation of these locations; while jointly optimizing the
turbine type combination and site combination does.

2) Varying the Set of Candidate Sites: To demonstrate the
relation between the capacity factor/variance of output power
and the number of candidate sites, we also conducted some
experiments under different subsets of the 9 sites in Table III.
A simple approach! applied here to choose sites for each
subset {s;|i € {1, ...,9}} is to fill the subset with a size of n by
the sites of the top n largest capacity factor for problem P1 (the
top n lowest variance for problemP2), such as s; = {723630},
sy = {723630, 724510} for problem P1 (s; = {723525},
s9 = {723525, 725063} for problem P2), and so on. For each
of the 9 subsets, we execute the CP in Equation (8) for a few
required capacity factors (variances) and plot the results as 3D
mesh curves shown in Figure 4.

Since the analysis for the relation between wind power’s ca-
pacity factor and variance has been presented in Section IV-C1,

'We expect to develop a much smarter approach to decide the optimal
number of sites to be selected in our future work (see more discussion on this
in Section IV-D).

we mainly focus on the analysis for the trend about capacity
factor/variance varying with the number of candidate sites in
this subsection. For problem P1, shown in Figure 4-(a), as
the number of candidate sites increases, the resulted variance
for a specific requirement on capacity factor decreases. The
reason is that it is scarcely possible that all candidate sites
have no wind or zero wind speed at the same time. As more
sites are combined, there is more possibility for these sites to
compensate each other in power generation. To the extreme,
we may expect the case that the variance of output power is
equal to zero if perfectly combining a large amount of sites.
However, from the figure, we can see that the decreasing
rate of the variance becomes smaller and smaller as the
number of candidate sites grows. To realize the perfect case
with zero variance, a large amount of very small-scale wind
farms in different sites need to be constructed for a specific
required capacity of output power. This is neither realistic nor
cost effective. Hence, how to choose an optimal number of
wind farms to achieve both balanced quantity-quality and cost
effectiveness is not a trivial problem, and we leave it as our
future work.

Similarly, for problem P2, the resulted capacity factor for
a specific requirement on variance increases as the number
of candidate sites grows. One observation that needs to be
noted here is that selecting just a few number of sites could
meet a lower requirement on the variance of the output power.
For example, as shown by the dark red part of the mesh
in Figure 4-(b), for required variances greater than 0.06, the
resulted capacity factors are nearly the same when combining
more than three sites.

Insights: Though combining more sites comes with less
variance, it needs to combine only a few number of sites to
meet not too stringent requirements on quality.

D. Discussion

More consideration should be taken for site selection when
to construct wind farms in the smart grid. Besides the cost for
wind turbines, there are several other costs, such as electricity
grid connection, land purchase, infrastructure, and so on.
Therefore, it is not cost effective to construct many wind farms
in very small scale just to meet the requirement on the capacity
factor or variance of output power as mentioned above. That
is, the resulted weight from the proposed CP in Equation (8)
should be not too small. To guarantee a proper scale for each
wind farm to be constructed, we can first add some constraints
to the problem, such as the weight for each site must be greater
than a threshold value w,,;,. However, if there are a large
amount candidate sites, still 1/w,y,;, sites may be picked out
for a resulted site combination. For example, 100 sites may
be chosen when w,,;,, = 0.01. Then, a constraint to limit the
number of selected sites should be adopted then. This point is
quite different with that for turbine type selection, where the
weight for each turbine type to be installed could be rather
small and there is no need to limit the number of the types.
This constraint could also guide us to figure out the cost-
effective number of wind farms that need to be constructed.
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We will deal with the P1 and P2 problem with the above two
additional constraints in more detail in our future work, where
an detail analysis about the relation of the threshold weight
and the number of selected sites with the expected capacity
factor and variance, will be provided.

V. CONCLUSION

The cost of electricity from renewable energy sources would
rise, since deep integration of them needs many additional
operations for the electrical grid. Numerous advancements
in technologies and methods are required for the smart grid.
This paper focuses one of them: how to construct wind
farms of large quantity and high quality in the smart grid.
Using the proposed Gaussian Regression based evaluation
method, we analyzed the trade-off between wind power’s
quantity and quality. A novel approach was then proposed for
optimally combining different types of wind turbines under
the requirement of either the capacity or variance. Finally, the
approach was extended to jointly optimize the combination of
sites and turbine types by exploring the geographical diversity
among different sites. Encouraging experimental results were
shown for both of the two approaches and several interesting
findings were also discussed. For the future work, to make
a complete framework, we will first take account of more
real-world factors into this wind farms’ construction planning
problem, including decision of optimal number of sites,
optimization of the overall cost, power loss on transmission
and energy storage systems. Then, the proposed approaches
in this paper will be adapted to combine other kinds of
renewable energy resources such as solar power [32], [33]
and hydrogen power [34].

Acknowledgement: We would like to thank the anonymous
reviewers for their constructive comments. This work was
supported in part by the NSERC Discovery Grant 341823 and
McGill Tomlinson Scientist Award.

REFERENCES

[1]1 EIA, “Electric power annual,”
http:/fwww.eia.gov/electricity/annual/, 2013.

[2] E. Bitar, P. P. Khargonekar, and K. Poolla, “Systems and control
opportunities in the integration of renewable energy into the smart grid,”
in Proc. of the IFAC World Congress, 2011, pp. 4927-4932.

[31 W. Clark III, Sustainable Communities Design Handbook: Green Engi-
neering, Architecture, and Technology. Butterworth-Heinemann, 2010.

[4] C. Monteiro, R. Bessa, V. Miranda, A. Botterud, J. Wang, G. Conzel-
mann et al., “Wind power forecasting: state-of-the-art 2009.” Argonne
National Laboratory (ANL), Tech. Rep., 2009.

[5]1 M. Lei, L. Shiyan, J. Chuanwen, L. Hongling, and Z. Yan, “A review
on the forecasting of wind speed and generated power,” Renewable and
Sustainable Energy Reviews, vol. 13, no. 4, pp. 915-920, 2009.

[6] S.S. Soman, H. Zareipour, O. Malik, and P. Mandal, “A review of wind
power and wind speed forecasting methods with different time horizons,”
in North American Power Symposium (NAPS), vol. 4, 2010.

[71 N. Sharma, P. Sharma, D. Irwin, and P. Shenoy, ‘“Predicting solar
generation from weather forecasts using machine learning,” in /EEE
International Conference on Smart Grid Communications (SmartGrid-
Comm), 2011, pp. 528-533.

[8] P. Denholm, E. Ela, B. Kirby, and M. Milligan, The role of energy
storage with renewable electricity generation.  National Renewable
Energy Laboratory, 2010.

[9]

(10]

(11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]
[20]
[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

2821

S. Borenstein, M. Jaske, and A. Rosenfeld, Dynamic pricing, advanced
metering, and demand response in electricity markets. Center for the
Study of Energy Markets, University of California Energy Institute, UC
Berkeley, 2002.

K. Spees and L. B. Lave, “Impacts of responsive load in pjm: Load
shifting and real time pricing,” The Energy Journal, vol. 29, no. 2, pp.
101-122, 2008.

A. Lee, H. Chen, and H. Kang, “Multi-criteria decision making on
strategic selection of wind farms,” Renewable Energy, vol. 34, no. 1,
pp. 120-126, 2009.

T. Kaya and C. Kahraman, “Multicriteria renewable energy planning
using an integrated fuzzy vikor & ahp methodology: The case of
istanbul,” Energy, vol. 35, no. 6, pp. 2517-2527, 2010.

M. Fripp, “Switch: A planning tool for power systems with large
shares of intermittent renewable energy,” Environmental Science and
Technology-Columbus, vol. 46, no. 11, p. 6371, 2012.

S. Baban and T. Parry, “Developing and applying a gis-assisted approach
to locating wind farms in the uk,” Renewable energy, vol. 24, no. 1, pp.
59-71, 2001.

R. Van Haaren and V. Fthenakis, “Gis-based wind farm site selection
using spatial multi-criteria analysis (smca): Evaluating the case for new
york state,” Renewable and Sustainable Energy Reviews, vol. 15, no. 7,
pp. 3332-3340, 2011.

Wind Power Program, “Wind turbine power ouput variation with steady
wind speed,”
http://www.wind-power-program.com/turbine_characteristics.htm.

GE, “Wind turbines,”
http://www.ge-energy.com/products_and_services/products/wind_turbines/,
2013.

ENERCON, “Enercon wind energy converters-product overview,”
http://www.enercon.de/p/downloads/EN_Productoverview_0710.pdyf,
2013.

Vestas, “Vestas brochures,”
http://www.vestas.com/en/media/brochures.aspx, 2013.

NORDEX, “Wind turbines,” http://www.nordex-online.com/en/products-
services/wind-turbines.html, 2013.

WINDFLOW, “Windflow 500 wind turbine,”
http://www.windflow.co.nz/products, 2013.

National Renewable Energy Laboratory (NREL), “National solar
radiation data base,” http://rredc.nrel.gov/solar/old_data/nsrdb/1991-
2010/NCDCStationData/.

E. Peterson and J. Hennessey Jr, “On the use of power laws for estimates
of wind power potential,” Journal of Applied Meteorology, vol. 17, pp.
390-394, 1978.

G. M. Masters, Renewable and efficient electric power systems.
Wiley & Sons, 2005.

W. Cliff, “Effect of generalized wind characteristics on annual power
estimates from wind turbine generators,” Battelle Pacific Northwest
Labs., Richland, WA (USA), Tech. Rep., 1977.

National Renewable Energy Laboratory (NREL), “Wind energy resource
atlas of the united states,” http://rredc.nrel.gov/wind/pubs/atlas/.

M. Albadi and E. El-Saadany, “New method for estimating cf of pitch-
regulated wind turbines,” Electric Power Systems Research, vol. 80,
no. 9, pp. 1182-1188, 2010.

Y. Gao, Z. Zeng, X. Liu, and P. Kumar, “The answer is blowing in the
wind: Analysis of powering internet data centers with wind energy,” in
Proc. of INFOCOM (Mini Conference). 1EEE, 2013.

C. Dong, F. Kong, X. Liu, and H. Zeng, “Green power analysis for
geographical load balancing based datacenters,” in International Green
Computing Conference (IGCC). 1EEE, 2013, pp. 1-8.

G. Marmidis, S. Lazarou, and E. Pyrgioti, “Optimal placement of wind
turbines in a wind park using monte carlo simulation,” Renewable
Energy, vol. 33, no. 7, pp. 1455-1460, 2008.

S. Boyd and L. Vandenberghe, Convex optimization.
university press, 2004.

G. Bekele and B. Palm, “Feasibility study for a standalone solar—wind-
based hybrid energy system for application in ethiopia,” Applied Energy,
vol. 87, no. 2, pp. 487-495, 2010.

H. Yang, Z. Wei, and L. Chengzhi, “Optimal design and techno-
economic analysis of a hybrid solar—wind power generation system,”
Applied Energy, vol. 86, no. 2, pp. 163-169, 2009.

R. Dufo-Lopez and J. L. Bernal-Agustin, “Multi-objective design of
pv—wind—diesel-hydrogen—battery systems,” Renewable energy, vol. 33,
no. 12, pp. 2559-2572, 2008.

John

Cambridge



