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 5 

Abstract 6 

Wind farms operate often in the changing wind. The wind condition variations in a wide range of time scales 7 

lead to the variability of wind farms’ power production. This imposes a major challenge to the power system 8 

operators who are facing a higher and higher penetration level of wind power. Thus, wind farm 9 

developers/owners need to take the variability into consideration in the designing/planning stage, in addition to 10 

the conventional main objective of maximizing the expected power output under a fixed wind distribution. In 11 

this study, we first propose a new metric to evaluate the variability of wind power based on the characteristics of 12 

the wind farm and its local wind conditions. Then a series of robustness metrics are proposed to quantify wind 13 

farm’s ability to produce power with high mean value and low variability under changing wind, considering both 14 

short-term and long-term wind condition variations. Based on these metrics, wind farm layout optimization is 15 

performed to maximize the robustness of a real offshore wind farm in Denmark. The results demonstrate that the 16 

robustness metrics are more flexible and complete than the conventional metrics for characterizing wind farm 17 

power production, such as mean power output or wind power variability alone, and it is feasible to design wind 18 

farms to produce power with high mean value and low variability. 19 
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Nomenclature 22 

Acronyms  

WF wind farm 

WT wind turbine 

AEP annual energy production 

TRI 

 

terrain ruggedness index 

Symbols  

𝑣𝑣 wind speed [m/s] 

𝜃𝜃 wind direction [deg] 

𝑃𝑃 power output [MW] 

�̅�𝑣, �̅�𝜃, 𝑃𝑃� non-dimensionalized wind speed, wind direction and power [-] 

𝐴𝐴𝑘𝑘 scale factor of Weibull distribution for the 𝑘𝑘th sector [m/s] 

𝑐𝑐𝑘𝑘 shape factor of Weibull distribution for the 𝑘𝑘th sector [-] 

𝑓𝑓𝑘𝑘 frequency of occurrence for the 𝑘𝑘th sector [-] 

𝜃𝜃𝑘𝑘 wind direction for the center of the 𝑘𝑘th sector [deg] 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 mean power output of the WF [MW] 

𝑃𝑃𝑟𝑟𝑚𝑚𝑟𝑟𝑚𝑚𝑟𝑟  nameplate capacity of the WF [MW] 

𝑣𝑣𝑖𝑖𝑚𝑚, 𝑣𝑣𝑜𝑜𝑜𝑜𝑟𝑟 minimal and maximal wind speeds the WF produces power [m/s] 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 power surface ruggedness index [-] 

𝑉𝑉𝑉𝑉𝑃𝑃 variability of power [-] 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑟𝑟𝑚𝑚𝑟𝑟  mean power output of the reference WF [MW] 

𝑉𝑉𝑉𝑉𝑃𝑃𝑟𝑟𝑚𝑚𝑟𝑟 variability of power of the reference WF [-] 

�̃�𝐴𝑘𝑘, �̃�𝑐𝑘𝑘, 𝑓𝑓𝑘𝑘 variated version of 𝐴𝐴𝑘𝑘, 𝑐𝑐𝑘𝑘 and 𝑓𝑓𝑘𝑘to account for long term wind variations 

𝜉𝜉𝑘𝑘𝐴𝐴, 𝜉𝜉𝑘𝑘𝑐𝑐, 𝜉𝜉𝑘𝑘
𝑟𝑟 independent random variables to characterize the parametric variations of  𝐴𝐴𝑘𝑘, 𝑐𝑐𝑘𝑘 and 𝑓𝑓𝑘𝑘 

𝑉𝑉𝑃𝑃𝐴𝐴, 𝑉𝑉𝑃𝑃𝑐𝑐, 𝑉𝑉𝑃𝑃𝑟𝑟 maximal variation percentages of  𝐴𝐴𝑘𝑘, 𝑐𝑐𝑘𝑘 and 𝑓𝑓𝑘𝑘[-] 

𝑝𝑝𝜆𝜆 probability density function of the λ-PDF distribution [-] 



𝜆𝜆 shape parameter of the λ-PDF distribution [-] 

𝑎𝑎𝜆𝜆 normalizing parameter of  the λ-PDF distribution [-] 

𝑁𝑁𝑠𝑠𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑚𝑚 number of variated wind condition samples [-] 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠  mean power output of the WF under the 𝑙𝑙th variated wind condition sample [MW] 

𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟, 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙,𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠  short-term, long-term and overall robustness metrics [-] 

𝛼𝛼, 𝛽𝛽, 𝛾𝛾 weighting parameters in 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟, 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙 and 𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠  [-] 

𝑁𝑁𝑤𝑤𝑟𝑟  number of WTs in the WF [-] 

𝑿𝑿, 𝒀𝒀 vectors of 𝑥𝑥 and 𝑦𝑦 coordinates describing all WTs’ locations [m] 

 23 

1. Introduction 24 

In the past two decades, wind energy has grown into a mature and important player in the global energy mixture, 25 

especially in the countries where environmental concerns and sustainability have received a high priority in their 26 

development goals. For example, in Denmark, one of the pioneering countries supporting wind power 27 

development, the penetration of wind energy production in the total electricity consumption has grown from 28 

17% in 2006 to 42% in 2015 [1]. With the higher and higher penetration level of wind power, the integration 29 

challenges faced by the electrical power system are becoming more and more critical. 30 

    From the perspective of power system operators, the power variability is one of the most crucial challenges 31 

brought by the high wind power penetration. The wind power variability is a direct consequence of the 32 

fluctuating nature of wind and makes the wind power difficult or generally impossible to dispatch like other 33 

conventional powers. This imposes negative impacts on the reliability, stability, operations, ancillary services 34 

and cost of the power system [2].  35 

The variability of wind power has been the subject of many studies. Most of these studies focus on the short-36 

term variability and are mainly based on the study of the wind power time-series. For example, Katzenstein et al. 37 

[3] developed a metric to quantify the sub-hourly variability cost of individual wind farms (WFs). Kivilouma et 38 

al. [4] studied the characteristics of wind power variability using real data from multiple regions and divided 39 

these regions into low, medium and high variability regions according to the maximum 1 hour wind power 40 

ramps relative to the nominal capacity. The metric they used to quantify the short-term variability consists of 41 



values of the ramp duration and the exceedance level of the ramp magnitude. Boutsika et al. [5] proposed a 42 

conditional range metric to quantify the intra-hour wind power variability and extended it to consider scarce or 43 

noisy data situations in a recent study [6]. Power spectral density has also been applied in other variability 44 

metrics [7,8]. 45 

Several methods have also been proposed to mitigate the negative impacts brought by the short-term 46 

variability of wind power, including: interconnecting WFs [8], optimizing regional spatial distribution of WFs 47 

[9] and optimizing wind turbine (WT) control strategy [10]. Better wind power forecasting can also contribute in 48 

solving the short-term variability challenges, as suggested in several recent studies, such as in [11,12]. 49 

In the meanwhile, the long-term variability of wind power has received less attention, mainly due to the lack 50 

of wind power time series that is long enough for long-term variability analysis. Recently, Kirchner-Bossi et al. 51 

[13] analyzed the long-term variability of wind power output from a real WT in the period 1871-2009 for two 52 

locations in Spain. They found that the simulated annual power output from a WT variates largely from year to 53 

year. For example, in one of the sites, its maximal annual value was 644 kW in 1978 while the minimal value 54 

was 485 kW in 1911. In general, predicting the long-term variation of wind power is extremely challenging, as 55 

there are no accurate methods to predict the long-term variation of wind conditions. As pointed out by Watson 56 

[14], general circulation models can predict possible future decadal fluctuations of wind conditions, but large 57 

uncertainties still exist. 58 

All the studies referred above focused on the variability of wind power, which is of major concern to the 59 

power system operators. However, from the perspective of WF developers/owners, the annual energy production 60 

(AEP) of a WF is far more important than its variability, since it directly determines the WF’s income. Thus, 61 

maximizing AEP is usually one of the most important objectives for any WF designer [15].  62 

In the designing/planning stage, AEP of a WF is calculated as an expected value based on the local wind 63 

distribution, which is derived from a certain period of wind measurement data [16]. Most of the studies on WF 64 

layout optimization assumed a fixed wind distribution and thus didn’t take the long-term variability into 65 

consideration [15]. Although the short-term variability has been considered for WF operation and control [10], it 66 

is seldom considered in the designing/planning stage. One exception is a recent study by Song et al. [17]. In this 67 

study, they defined a sensitivity index to evaluate the variation of a given WF’s power output under varying 68 

wind directions. After a first stage optimization of maximizing the mean power output, they then carried out a 69 



second stage local adjustment of the layout to minimize the sensitivity of power to the changing wind direction.  70 

Ideally, it is desirable to have the mean value of WF’s power output as high as possible while keeping its 71 

variability under both short-term and long-term wind variations as low as possible. A lot of studies in the 72 

literature have focused on maximizing the power output, through both wind farm layout optimization [18,19] 73 

and wind farm control [20,21]. However, to the authors’ knowledge, there hasn’t been a metric in the literature 74 

that can be used to address both aspects in the same time, i.e., maximizing the mean power output and 75 

minimizing its variability.  76 

In this study, we propose a series of robustness metrics to quantify WF’s ability to produce power with high 77 

mean value and low variability under changing wind. A new metric for the variability of power is first proposed 78 

to quantify the sensitivity of a given WF’s power output to the possible short-term wind condition variations, 79 

weighted by the local joint distribution of wind speed and wind direction. Then, the short-term robustness is 80 

defined by WF’s mean power output and its variability of power. The long-term robustness is computed by 81 

modelling the possible long-term wind condition variations and investigating WF’s power outputs under such 82 

variating/fluctuating wind conditions. Finally, the overall robustness is defined as a weighted sum of these two 83 

robustness metrics and a layout optimization study is then carried out to maximize it for the Horns Rev 1 WF 84 

using the random search algorithm [19]. 85 

2. Wind farm power output 86 

A WF is a group of WTs located at a site to generate power from the wind. It can be viewed as a system that 87 

transforms the wind energy into power. At any given moment, the power output of a WF depends mainly on the 88 

characteristics of the inflow wind and the state of the WF itself.  89 

The most essential characteristics of the inflow wind are wind speed 𝑣𝑣 and wind direction 𝜃𝜃 at hub height. 90 

Although other characteristics such as turbulence intensity, atmospheric stability also have impacts on the power 91 

output, their influence on WF’s long-term mean performance can be neglected.  92 

In order to calculate the mean power output of a WT or a WF, we usually model the wind with a certain 93 

probability distribution for wind speed. While different types of distributions are available [22], the most widely 94 

used is the Weibull distribution, combined with a wind rose that describes the frequencies of occurrence of 95 

different directional sectors [16]. Considering the fact that wind speed and wind direction are not independent 96 



random variables, we can better characterize the wind conditions with a joint distribution of wind speed and wind 97 

direction: 𝑃𝑃𝑃𝑃𝑓𝑓 = 𝑃𝑃𝑃𝑃𝑓𝑓(𝑣𝑣, 𝜃𝜃). Such kind of joint distribution can be obtained based on wind measurement data 98 

with the method proposed in Ref. [23]. Parameters used in this method include the sector wise Weibull 99 

distribution parameters (scale factor 𝐴𝐴𝑘𝑘 and shape factor 𝑐𝑐𝑘𝑘) and the related relative frequency of occurrence (𝑓𝑓𝑘𝑘) 100 

for each sector that is centered at direction 𝜃𝜃𝑘𝑘. The number of sectors is commonly set as 12, i.e., with 𝑘𝑘 =101 

1, … ,12. 102 

Note that 𝜃𝜃𝑘𝑘  is usually fixed as 𝜃𝜃𝑘𝑘 = (𝑘𝑘 − 1) ∗ 30 𝑃𝑃𝑑𝑑𝑑𝑑 , and the relative frequency of occurrence 𝑓𝑓𝑘𝑘  must 103 

satisfy the condition ∑𝑓𝑓𝑘𝑘 = 1. So we can determine a joint distribution 𝑃𝑃𝑃𝑃𝑓𝑓 = 𝑃𝑃𝑃𝑃𝑓𝑓(𝑣𝑣,𝜃𝜃) with 35 independent 104 

parameters, if the common practice of using 12 directional sectors is chosen.   105 

For the state of WF, the most important factors for power output are the characteristics of WTs, the layout of 106 

WF, the terrain features of the WF site, and the operational status of the WF. When investigating the mean power 107 

production of a WF in the designing/planning stage, we can reasonably assume its operation status to be perfect, 108 

i.e., all WTs are fully operational and no curtailments are required. 109 

For such a WF, we can then calculate its total power output as a function of the inflow wind speed 𝑣𝑣 and wind 110 

direction 𝜃𝜃 , i.e., 𝑃𝑃 = 𝑃𝑃(𝑣𝑣, 𝜃𝜃). This can be done by: discretizing the interested wind speed range and wind 111 

direction range into [𝑣𝑣𝑖𝑖] and [𝜃𝜃𝑗𝑗]; simulating the WF flow field for each pair of (𝑣𝑣𝑖𝑖 ,𝜃𝜃𝑗𝑗) using a certain wake 112 

model such as the Jensen wake model; and calculating the power outputs of each WT and the whole WF 113 

accordingly. The detailed procedure of doing this calculation can be found in Ref. [19]. In Ref. [23], the 114 

resolution for the discretization is recommended to be ∆𝑣𝑣 = 1 𝑚𝑚/𝑠𝑠 and ∆𝜃𝜃 = 1 𝑃𝑃𝑑𝑑𝑑𝑑, which is suggested for 115 

reliable WF layout optimization studies. Thus we use this set of resolution in our study. 116 

As we know, the power output of a single WT depends only on the wind speed 𝑣𝑣 and the function 𝑃𝑃 = 𝑃𝑃(𝑣𝑣) 117 

which is called the power curve. Similarly, the power output of a WF depends on both the wind speed 𝑣𝑣 and the 118 

wind direction 𝜃𝜃. Thus, the function 𝑃𝑃 = 𝑃𝑃(𝑣𝑣, 𝜃𝜃) can be viewed as an extension of the power curve and called as 119 

the power surface. Like the power curve, the power surface of a WF describes its power production 120 

characteristics and is determined solely by its own state. 121 

As an example, the power surface of the Horns Rev 1 offshore WF and its local wind distribution are shown 122 

in Figure 1. This WF is an offshore WF in Denmark composed of 80 Vestas 2MW WTs, and it has been used as 123 

test cases in Refs. [19,23]. 124 



Combining the power surface of a given WF and its local wind distribution, we can calculate the mean power 125 

output for this WF as:  126 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = �𝑃𝑃(𝑣𝑣, 𝜃𝜃)𝑃𝑃𝑃𝑃𝑓𝑓(𝑣𝑣,𝜃𝜃)𝑃𝑃𝑣𝑣𝑃𝑃𝜃𝜃 
(1) 

 

Assuming the availability factor is 100%, we can calculate this WF’s annual energy production (AEP), which 127 

measures the amount of energy it produces in an average year, as: 128 

𝐴𝐴𝐴𝐴𝑃𝑃 = 8770 × 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  
(2) 

 

where 8770 is the total number of hours in a year. 129 

  130 

(a)                                                                            (b) 131 

Figure 1. (a) power surface and (b) local wind distribution of the Horns Rev 1 wind farm. 132 

3. Variability of power output 133 

Wind power variates at a wide range of time scales. In order to take the consideration of variability into the 134 

design of WFs, we propose a new metric to quantify the variability of a given WF’s power output against the 135 

short-term wind condition change.  136 

     Most studies on wind power variability tackle the problem by studying the wind power time series. While it is 137 

a natural choice to analyze real wind power output time series, it can be difficult to implement in the WF 138 

designing/planning stage. Since at this stage, we typically have not finalized the WF design yet and also face a 139 

lack of information about the time series of wind speed and wind direction that this WF will face in the future. 140 

Although we usually have access to wind measurement data for the past 2-3 years, from which we can obtain 141 



historical time series of wind speed and wind direction, and also the local wind distribution, we can’t assume the 142 

historical time series of wind conditions are very representative of the real time series of wind conditions that this 143 

WF will face in the future.  144 

     However, we can be more confident to assume that the joint distribution of wind speed and wind direction is 145 

more representative of the future wind distribution, since it is a statistical measure based on several years 146 

measurements. Furthermore, it is also the common practice to make a projection of the AEP of the designed WF 147 

in its lifetime based on this distribution. Thus, we can define our metric of wind power variability on the local 148 

wind distribution instead of some historical or artificial wind condition time series. 149 

     In principle, the variability of WF’s power output can be viewed as the consequence of the variability of wind 150 

conditions it faces and multiplied by the sensitivity of its power output to wind condition variations. Higher wind 151 

variability and/or higher sensitivity lead to higher power variability.  152 

     The sensitivity of WF’s power output against the wind condition variations is determined by WF’s state, 153 

which mainly includes the WT characteristics, the layout, the terrain feature and the operation status. For a given 154 

WF in perfect operation status, this sensitivity can be characterized by its power surface.  155 

     Considering a conventional power plant, which can output the rated power regardless of the wind condition, 156 

we can draw its power surface in a similar manner as the one for a WF. Since the conventional power plant’s 157 

power output doesn’t depend on the wind conditions, its power surface will be a horizontal plain that is perfectly 158 

flat and its sensitivity to wind variations will be zero.  159 

     We can view the power surface, whether it is for a WF or for a conventional power plant, as a ‘terrain map’, 160 

where power output defines the ‘elevation’, wind speed represents the ‘x coordinate’ and wind direction is the ‘y 161 

coordinate’. Then we can define an index to quantify the ruggedness of the power surface in a similar way as the 162 

terrain ruggedness is quantified. This ruggedness index of the power surface is then used as a measure of the 163 

sensitivity to wind condition variations of WF’s or the conventional power plant’s power output, since it 164 

quantifies how much the power output changes when the wind conditions change. 165 

     We adopt the calculation method of terrain ruggedness index (TRI) proposed by Riley et al. [24] to calculate 166 

the power surface ruggedness index (PSRI). TRI is an objective quantitative measure of topographic 167 

heterogeneity and can be easily calculated based on digital elevation data. The TRI value of a given grid cell is 168 

calculated based on its surrounding eight cells and the cell size.  169 



     In the case of power surface, we first carry out a non-dimensionalization to the involved quantities 𝑃𝑃, 𝑣𝑣 and 𝜃𝜃 170 

with  171 

𝑃𝑃� =
𝑃𝑃

𝑃𝑃𝑟𝑟𝑚𝑚𝑟𝑟𝑚𝑚𝑟𝑟
,    �̅�𝑣 =

𝑣𝑣 − 𝑣𝑣𝑖𝑖𝑚𝑚
𝑣𝑣𝑜𝑜𝑜𝑜𝑟𝑟 − 𝑣𝑣𝑖𝑖𝑚𝑚

,    �̅�𝜃 =
𝜃𝜃

360°
 

(3) 

 

where 𝑃𝑃𝑟𝑟𝑚𝑚𝑟𝑟𝑚𝑚𝑟𝑟 is the nameplate capacity of the WF, 𝑣𝑣𝑖𝑖𝑚𝑚 and 𝑣𝑣𝑜𝑜𝑜𝑜𝑟𝑟 denote the cut-in and cut-out wind speeds of the 172 

WF, i.e., the minimal wind speed at which this WF starts to produce power, and the maximal wind speed at 173 

which it continues to produce power. For the WFs in flat terrain or offshore, they are the same as the cut-in and 174 

cut-out wind speeds of the WTs. Noticing that the maximal power that a WF can output is its nameplate capacity 175 

and the interested wind speed at which the WF produces power lies in the range of [𝑣𝑣𝑖𝑖𝑚𝑚 , 𝑣𝑣𝑜𝑜𝑜𝑜𝑟𝑟], we can see that the 176 

dimensionless quantities 𝑃𝑃�, �̅�𝑣 and �̅�𝜃 are all in the range of [0, 1]. For the joint distribution of the dimensionless 177 

wind speed and wind direction, we can easily derive as:  178 

𝑃𝑃𝑃𝑃𝑓𝑓�����(�̅�𝑣, �̅�𝜃 ) =  𝑃𝑃𝑃𝑃𝑓𝑓(𝑣𝑣,𝜃𝜃) 
(4) 

 

where 𝑣𝑣 = 𝑣𝑣𝑖𝑖𝑚𝑚 + (𝑣𝑣𝑜𝑜𝑜𝑜𝑟𝑟 − 𝑣𝑣𝑖𝑖𝑚𝑚) × �̅�𝑣 and 𝜃𝜃 = 360° × �̅�𝜃. 179 

      For the dimensionless power surface governed by 𝑃𝑃� = 𝑃𝑃�(�̅�𝑣, �̅�𝜃), let’s consider a grid cell of wind condition 180 

(�̅�𝑣, �̅�𝜃 ) and its surrounding cells that have slightly different wind conditions. Assuming the cell size is ∆�̅�𝑣 by ∆�̅�𝜃 , 181 

we can plot the central cell with its eight surrounding cells as in Figure 2.  182 

 183 

Figure 2. Grid cell of wind condition (�̅�𝑣, �̅�𝜃) and its surrounding cells. 184 

 185 

Then this cell’s PSRI can be calculated as:  186 



𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(�̅�𝑣, �̅�𝜃) = ��
(𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑊𝑊)2 + (𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝐸𝐸)2

∆�̅�𝑣2
+

(𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑁𝑁)2 + (𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑆𝑆)2

∆�̅�𝜃2
 

                                                        +
(𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑁𝑁𝑊𝑊)2 + (𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑆𝑆𝑊𝑊)2+(𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑁𝑁𝐸𝐸)2 + (𝑃𝑃�𝐶𝐶 − 𝑃𝑃�𝑆𝑆𝐸𝐸)2

∆�̅�𝑣2 + ∆�̅�𝜃2
� 8� �

1/2

 

 

 

 

 

(5) 

 

     Note that in the above formula, ∆�̅�𝑣 and ∆�̅�𝜃 are chosen corresponding to the recommended cell sizes by Ref. 187 

[23]: ∆𝑣𝑣 = 1 𝑚𝑚/𝑠𝑠 and ∆𝜃𝜃 = 1 𝑃𝑃𝑑𝑑𝑑𝑑. Applying Equation (5) to the power surface of a conventional plant, we will 188 

obtain zero for any wind conditions due to the perfect flatness of the surface. In contrary, PSRI calculated for the 189 

WF will be different for different wind conditions. PSRI of a given wind condition (�̅�𝑣, �̅�𝜃 ) measures how much 190 

the power output will change when the wind condition slightly changes. Thus, it can be viewed as the sensitivity 191 

of power output against the possible short-term wind variations from this given wind condition.  192 

     However, when designing a WF, we are not only interested in the power variability for any given wind 193 

condition. Instead, we need to know the overall variability of power output against all possible wind condition 194 

variations. Considering that the joint distribution of wind speed and wind direction 𝑃𝑃𝑃𝑃𝑓𝑓�����(�̅�𝑣, �̅�𝜃) quantifies the 195 

probability of the wind condition (�̅�𝑣, �̅�𝜃), we can define a new metric called variability of power (VoP) to quantify 196 

the overall variability of power output against the short-term wind variations, which is governed by:  197 

𝑉𝑉𝑉𝑉𝑃𝑃 = �𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(�̅�𝑣, �̅�𝜃)𝑃𝑃𝑃𝑃𝑓𝑓�����(�̅�𝑣, �̅�𝜃)𝑃𝑃�̅�𝑣𝑃𝑃�̅�𝜃 
(6) 

 

     To test this new metric, we carry out a layout optimization study of the Horns Rev 1 WF to minimize its 𝑉𝑉𝑉𝑉𝑃𝑃 198 

using the random search algorithm [19], which is briefly described in Section 5. The results are shown in Figure 199 

3. 200 



 201 

(a)                                                                            (b) 202 

   203 

(c)                                                                            (d) 204 

Figure 3. Layout optimization results of Horns Rev 1 WF to minimize VoP: (a) layouts; (b) partial dimensionless 205 

power surfaces; (c) evolution histories of VoP and 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 in the optimization process; (d) power outputs for all 206 

wind directions with different wind speeds (from bottom to top: 𝑣𝑣 = 5, 7, 9, 11, 13 𝑚𝑚/𝑠𝑠) of the original (solid 207 

lines) and optimized (dash lines) WFs  208 

 209 

Figure 3(a) presents the original and optimized layouts, with their mean power output marked. Note that the 210 

mean power has been decreased from 79.61MW to 78.68MW. Figure 3(b) shows parts of the dimensionless 211 

power surfaces for the original and optimized WFs. Comparing these two surfaces, we can clearly see that the 212 

dimensionless power surface has been largely flattened after optimization, which signifies the sensitivity of the 213 

WF’s power output against short term wind condition variations has been decreased. The evolutions of VoP and 214 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 in the optimization process are shown in Figure 3(c). It shows that VoP has been reduced from 2.63e-4 to 215 

1.80e-4. To better visualize the sensitivity reduction, Figure 3(d) shows the power output of the original and 216 



optimized WFs for all wind directions under a range of different wind speeds. The comparison shows that the 217 

sensitivity of the WF’s power output against wind direction changes has been significantly reduced.  218 

To further validate the effectiveness of the proposed variability metric, we also compare these two WF layouts 219 

using the conventional wind power variability metric. This metric is based on the statistical analysis of the wind 220 

power time series and defined as the standard deviation (std) of the corresponding power ramps, i.e., step-221 

changes of power output taken over a given time frame [5].  222 

Using the 3 year time series of wind speed and wind direction measured at Horn Rev [23], we can easily 223 

simulate the corresponding power output time series from the original and optimized WFs based on their power 224 

surfaces. Then we can calculate the standard deviations of 10min power ramps as 11.22MW for the original WF 225 

and 10.13MW for the optimized WF. Thus, the standard deviation of 10min power ramps has been reduced 9.7% 226 

after the optimization. To better illustrate the difference between these two sets of power time series, we 227 

randomly choose 10 samples of segments in the 3 year time series with different lengths (1 hour, 1 day and 1 228 

week) and calculate the standard deviations related to the 10min power ramps. The comparisons between the 229 

standard deviations for the 10 samples and the power output time series for 1 sample are shown in Figure 4, in 230 

which the power ramp and power have been normalized based on the WF’s nameplate capacity.  231 

 232 

     (a)                                                                            (b) 233 

Figure 4. Characteristics of wind power time series of the original and optimized WF in 3 time intervals: (a) 234 

standard deviations of 10min power ramp of 10 samples; (b) power output of a sample. 235 

 236 

Considering that the standard deviation of 10min power ramps measures the short-term variability of the 237 

power time series, we can clearly see from the above figure that the wind power time series from the optimized 238 



WF generally exhibits smaller variability in different time ranges than that from the original WF. This 239 

demonstrates that the new metric VoP could characterize the short-term power variability of WFs quite well as 240 

the conventional time-series based metrics.   241 

Further examining the optimization results, we can see that the variability of power has been significantly 242 

improved as suggested by the large reduction of 𝑉𝑉𝑉𝑉𝑃𝑃, but it comes with an expensive cost, i.e., the decreased 243 

mean power. Since lower mean power means less energy production and thus less income for the WF’s owner, 244 

we can conclude that the optimization to minimize 𝑉𝑉𝑉𝑉𝑃𝑃 alone is unacceptable and advanced metrics need to be 245 

considered for WF design. Thus, we propose the metrics of robustness in the next section. 246 

4. Quantification of robustness 247 

Robustness of WF’s power production against the changing wind is defined as a type of metric that quantifies the 248 

WF’s ability to maintain its power production performance under wind condition variations. Using this type of 249 

metric, we can simultaneously address two usually conflicting objectives for a WF, i.e., maximizing the power 250 

output and minimizing its variability. 251 

    Considering the different time scales of wind variations, we divide the robustness into two parts: short-term 252 

robustness and long-term robustness. And then an overall robustness can be defined as a weighted sum of these 253 

two parts. 254 

4.1. Short-term robustness 255 

We define short-term robustness 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 as the robustness of wind farm power output against short-term wind 256 

variations. Note that the variability of power against short-term wind variations can be quantified by the metric 257 

proposed in the previous section, VoP. For a WF, it is important to reduce its variability of power, and it is even 258 

more important to maintain its mean power output at a high level. Thus, we define the short-term robustness of a 259 

given WF as:  260 

𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 =  
�𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑟𝑟𝑚𝑚𝑟𝑟⁄ �
𝛼𝛼

(𝑉𝑉𝑉𝑉𝑃𝑃 𝑉𝑉𝑉𝑉𝑃𝑃𝑟𝑟𝑚𝑚𝑟𝑟⁄ )1−𝛼𝛼 ,          0 ≤ 𝛼𝛼 ≤ 1  
(6) 

 

where 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑟𝑟𝑚𝑚𝑟𝑟  and 𝑉𝑉𝑉𝑉𝑃𝑃𝑟𝑟𝑚𝑚𝑟𝑟  are the mean power and the power variability of a reference WF, which can be an 261 

initial design of this given WF that acts as a baseline design and 𝛼𝛼 is a weighting parameter to address the trade-262 



off between the two objectives: maximizing 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 and minimizing 𝑉𝑉𝑉𝑉𝑃𝑃. When maximizing 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 of a WF, we 263 

can easily adjust our emphasis on these two objectives. For example, maximizing 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟  is identical to 264 

maximizing 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 alone if 𝛼𝛼 = 1 is chosen, while minimizing 𝑉𝑉𝑉𝑉𝑃𝑃 alone requires 𝛼𝛼 = 0.  265 

     To select the proper value for 𝛼𝛼, we conduct layout optimizations for the Horns Rev 1 WF to maximize its 266 

𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟  with a range of different values for  𝛼𝛼 (𝛼𝛼 = 0, 0.05, 0.5, 0.95, 1). Each case is optimized with 10000 267 

evaluations. The obtained results are presented in Table 1. 268 

 269 

Table 1. Performance summary of the original and optimized WF with different 𝛼𝛼 270 

 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚[MW] 𝑉𝑉𝑉𝑉𝑃𝑃 [-] 

Original 79.61  2.63e-4  

Optimal (𝛼𝛼 = 0) 78.67 (-1.18%) 1.79e-4 (-31.90%) 

Optimal (𝛼𝛼 = 0.05) 78.83 (-0.98%) 1.79e-4 (-31.90%) 

Optimal (𝛼𝛼 = 0.5) 79.28 (-0.42%) 1.80e-4 (-31.82%) 

Optimal (𝜶𝜶 = 𝟎𝟎.𝟗𝟗𝟗𝟗) 79.64 (+0.04%) 1.81e-4 (-31.44%) 

Optimal (𝛼𝛼 = 1) 79.72 (+0.14%) 2.10e-4 (-20.27%) 

 271 

     Note that in the above table, also in Table 2 and 3 in this paper, percentages in the brackets represent the 272 

relative differences compared with the original WF. After examining the results, we select 𝛼𝛼 = 0.95, since it 273 

gives most balanced results on both objectives: increasing 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚and decreasing 𝑉𝑉𝑉𝑉𝑃𝑃. 274 

4.2. Long-term robustness 275 

Similarly, we can consider the impact of long term wind variations on the WF power production. It is well 276 

known that the wind condition variates in the long term, which causes the long term variability of power 277 

production of WFs [25]. However, there is no adequate method to predict the long-term variations of wind 278 

conditions accurately. Although measure-correlate-predict (MCP) methods can help estimating the average long 279 

term wind condition [26,27], it can’t predict the long term wind variations such as inter-annual changes of wind 280 

distribution.  281 

In order to account the long term variability of wind conditions in WF design, we assume:  282 



• the joint distribution 𝑃𝑃𝑃𝑃𝑓𝑓(𝑣𝑣,𝜃𝜃) derived from the wind measurement data represents the mean wind 283 

condition in WF’s lifetime;  284 

• the uncertainty caused by the long term wind condition variations can be modelled by adding random 285 

variations to the joint distribution’s parameters;  286 

• the random variations of parameters are bounded and follow certain statistical distributions.  287 

Based on these assumptions, we can then conduct a Monte Carlo simulation of the long term wind variations 288 

and assess a given WF’s sensitivity to them.  289 

Noting that a joint distribution  𝑃𝑃𝑃𝑃𝑓𝑓(𝑣𝑣, 𝜃𝜃) is usually determined by 35 independent parameters, we can obtain 290 

a set of randomly fluctuating parameters as: 291 

�̃�𝐴𝑘𝑘 = 𝐴𝐴𝑘𝑘 + 𝐴𝐴𝑘𝑘 ∙ 𝑉𝑉𝑃𝑃𝐴𝐴 ∙ 𝜉𝜉𝑘𝑘𝐴𝐴,
�̃�𝑐𝑘𝑘 = 𝑐𝑐𝑘𝑘 + 𝑐𝑐𝑘𝑘 ∙ 𝑉𝑉𝑃𝑃𝑐𝑐 ∙ 𝜉𝜉𝑘𝑘𝑐𝑐 ,
𝑓𝑓𝑘𝑘 = 𝑓𝑓𝑘𝑘 + 𝑓𝑓𝑘𝑘 ∙ 𝑉𝑉𝑃𝑃𝑟𝑟 ∙ 𝜉𝜉𝑘𝑘

𝑟𝑟 ,
       𝑘𝑘 = 1, … ,12  

(7) 

 

where 𝜉𝜉𝑘𝑘𝐴𝐴 , 𝜉𝜉𝑘𝑘𝑐𝑐  and 𝜉𝜉𝑘𝑘
𝑟𝑟  are independent random variables bounded by [-1, 1] and follow a given type of 292 

distributions; 𝑉𝑉𝑃𝑃𝐴𝐴, 𝑉𝑉𝑃𝑃𝑐𝑐 and 𝑉𝑉𝑃𝑃𝑟𝑟 denote the maximal variation percentages on the three different parameters; and 293 

𝑓𝑓𝑘𝑘 needs to be further normalized to 𝑓𝑓𝑘𝑘 = 𝑓𝑓𝑘𝑘/∑𝑓𝑓𝑘𝑘  since it should satisfy ∑𝑓𝑓𝑘𝑘 = 1. 294 

    In this study we choose the so-called λ-PDF distribution to model the random parametric variations. This 295 

distribution was first introduced by Fang et al. [28] to model a family of bounded, mono-peak, and symmetrical 296 

distributions. Later it was used to model bounded uncertain parameters in a study of robustness of feedback 297 

stabilization control [29]. Here we assume 𝜉𝜉𝑘𝑘𝐴𝐴, 𝜉𝜉𝑘𝑘𝑐𝑐 and 𝜉𝜉𝑘𝑘
𝑟𝑟  in Equation (7) all follow the λ-PDF distribution as 298 

defined as follows:  299 

𝑝𝑝𝜆𝜆(𝜉𝜉) = �𝑎𝑎𝜆𝜆 ∙ (1 − 𝜉𝜉2)𝜆𝜆−0.5, |𝜉𝜉| ≤ 1
0, |𝜉𝜉| > 1

 
(8) 

 

where 𝜆𝜆 ≥ 0 is a parameter controlling the shape of the distribution, and 𝑎𝑎𝜆𝜆 is a normalizing coefficient written 300 

as:  301 

𝑎𝑎𝜆𝜆 =
Γ(𝜆𝜆 + 1)

Γ(0.5)Γ(𝜆𝜆 + 0.5)
 

(9) 

 



in which Γ(∙) is Gamma function. This distribution can approximate any mono-peak and symmetrical PDFs 302 

distributed within [−1, 1] , as long as they are continuous and smooth [29]. Figure 5 shows the λ-PDF 303 

distributions with different values of λ. 304 

 305 

Figure 5. λ-PDF distributions with different values of λ. 306 

 307 

    In this study we use λ-PDF distributions with 𝜆𝜆 = 1.0 for all parameters and choose 𝑉𝑉𝑃𝑃𝐴𝐴 = 0.2, 𝑉𝑉𝑃𝑃𝑐𝑐 = 0.1 308 

and 𝑉𝑉𝑃𝑃𝑟𝑟 = 0.5 for the maximal parametric variation ranges. Employing Equation (7) we can then generate 309 

𝑁𝑁𝑠𝑠𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑚𝑚 sets of parameters, each defining a different joint distribution 𝑃𝑃𝑃𝑃𝑓𝑓𝑠𝑠(𝑣𝑣, 𝜃𝜃). We choose 𝑁𝑁𝑠𝑠𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑚𝑚 = 1000 310 

and two of the generated distributions are shown in the following figure.  311 

 312 

Figure 6. Two wind distributions generated by variated parameters. 313 

 314 



    For any given WF, we can then calculate a series of 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 values: [𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ], each of which represents a possible 315 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 that this WF can yield when facing a variated wind distribution characterized by 𝑃𝑃𝑃𝑃𝑓𝑓𝑠𝑠(𝑣𝑣, 𝜃𝜃). Based on the 316 

mean and standard deviation of these mean power values, we can define a measure 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙 to quantify the long-317 

term robustness, which represents how robust the wind farm is against long-term wind condition variations. It is 318 

governed by 319 

𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙 =  
(mean([𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ]))𝛽𝛽

(std([𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ]))1−𝛽𝛽 ,          0 ≤ 𝛽𝛽 ≤ 1, 𝑙𝑙 = 1, 2, … ,𝑁𝑁𝑠𝑠𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑚𝑚  
(10) 

 

In this definition we also address the trade-off between higher expected value of 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 and lower variations of 320 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 under long-term wind condition variations. To determine the optimal weighting parameter 𝛽𝛽, a series of 321 

layout optimizations are done to maximize 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙  of the Horns Rev 1 WF, with results shown in Table 2 . 322 

 323 

Table 2. Performance summary of the original and optimized WF with different 𝛽𝛽 324 

 mean([𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ]) 

[MW] 

std([𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ]) 

[MW] 

Original 78.54  3.482  

Optimal (𝛽𝛽 = 0) 78.62 (+0.10%) 3.479 (-0.07%) 

Optimal (𝛽𝛽 = 0.05) 78.61 (+0.09%) 3.479 (-0.07%) 

Optimal (𝛽𝛽 = 0.5) 78.64 (+0.13%) 3.480 (-0.06%) 

Optimal (𝜷𝜷 = 𝟎𝟎.𝟗𝟗𝟗𝟗) 78.65 (+0.14%) 3.480 (-0.05%) 

Optimal (𝛽𝛽 = 1) 78.65 (+0.15%) 3.480 (-0.05%) 

 325 

     Based on the above results and the need to address both objectives (higher mean value and lower standard 326 

deviation), 𝛽𝛽 = 0.95 is chosen for the following optimization studies. 327 

4.3. Overall robustness 328 

Finally, the overall robustness can be defined as a weighted combination of the short-term and long-term 329 

robustness measures:  330 



𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠 = 𝛾𝛾𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 + (1 − 𝛾𝛾)𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙,          0 ≤ 𝛾𝛾 ≤ 1 
(11) 

 

where 𝛾𝛾  is a weighting parameter to adjust the trade-off between the short-term and long-term robustness 331 

measures.  332 

     When maximizing 𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠  of a WF, we can easily adjust the emphasis on either the short term or the long 333 

term robustness. For example, maximizing 𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠  is identical to maximizing 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 alone if 𝛾𝛾 = 1 is chosen, 334 

while choosing 𝛾𝛾 = 0 is the same as maximizing 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙 alone. The choice of an optimal 𝛾𝛾 is discussed in the 335 

layout optimization study in next section. 336 

5. Layout optimization 337 

Considering a WF composed of 𝑁𝑁𝑤𝑤𝑟𝑟  WTs, we can represent its layout by 𝑿𝑿 = [𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑁𝑁𝑤𝑤𝑤𝑤]  and 𝒀𝒀 =338 

[𝑦𝑦1 ,𝑦𝑦2, … ,𝑦𝑦𝑁𝑁𝑤𝑤𝑤𝑤]. Here we assume the WF is composed of a single type of WT. If the type of WTs and the wind 339 

conditions at the WF site are given, the WF’s overall robustness is a function of its layout. Thus, we can 340 

formulate the layout optimization of maximizing the overall robustness as:  341 

max𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠 = 𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠(𝑿𝑿,𝒀𝒀) 
(12) 

 

As Equations (6, 10, 11) show, there are 3 weighting parameters (𝛼𝛼, 𝛽𝛽 and 𝛾𝛾) in the robustness metrics, which 342 

we can tune to adjust the focus of the optimization objective.  For example, we can adjust the parameters to: 343 

maximize 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝛼𝛼 = 1, 𝛾𝛾 = 1); minimize 𝑉𝑉𝑉𝑉𝑃𝑃 (𝛼𝛼 = 0, 𝛾𝛾 = 1); maximize mean  (𝛽𝛽 = 1, 𝛾𝛾 = 0) and minimize 344 

standard deviation  (𝛽𝛽 = 0, 𝛾𝛾 = 0) of [𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ] when facing long-term wind condition variations. For the case 345 

study presented here, we use the fixed values for 𝛼𝛼 and 𝛽𝛽  (𝛼𝛼 = 0.95, 𝛽𝛽 = 0.95), combined with a range of 346 

different values for  𝛾𝛾 (𝛾𝛾 = 0, 0.05, 0.5, 0.95, 1). 347 

Two types of constraints, WF boundary and wind turbine proximity, are also considered in the formulated 348 

optimization problem. The detailed modeling of these constraints are the same as in [19] and the minimal 349 

distance between any two turbines are set as 5 rotor diameters. The applied optimization method is the random 350 

search algorithm as described in [19].  351 

This algorithm is a single solution search method. It keeps the current best layout that has been found and 352 

generates a new feasible layout at each step, by randomly choosing one WT, moving it to a random position and 353 



checking all the constraints. This new layout is then compared with the current best layout. If the new layout is 354 

better, it replaces the current best one. This step is iteratively repeated until a stop condition is met. Normally, the 355 

stop condition can be set as a given maximal number of steps (or WF evaluations). The procedure of this 356 

algorithm is depicted in the following flow chart. 357 

 358 

Figure 7. Flow chart of the random search algorithm 359 

 360 

For each optimization problem with a different value of 𝛾𝛾, we run the optimization algorithm with 10000 361 

times of evaluation. The obtained results are summarized in Table 3. 362 

 363 

Table 3. Performance summary of the original and optimized WFs with different 𝛾𝛾 364 

 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚[MW] 𝑉𝑉𝑉𝑉𝑃𝑃 [-] 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 [-] 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙 [-] 𝑃𝑃𝑚𝑚𝑝𝑝 [-] 

Original 79.61  2.63e-4  1.000 4.750 - 

Optimal (𝛾𝛾 = 0) 79.71 (+0.13%) 2.13e-4 (-19.12%) 1.012 (+1.19%) 4.754 (+0.09%) 0.09% 

Optimal (𝛾𝛾 = 0.05) 79.72 (+0.14%) 2.09e-4 (-20.78%) 1.013 (+1.30%) 4.754 (+0.10%) 0.11% 

Optimal (𝛾𝛾 = 0.5) 79.68 (+0.08%) 1.85e-4 (-29.70%) 1.019 (+1.86%) 4.753 (+0.06%) 0.38% 

Optimal (𝜸𝜸 = 𝟎𝟎.𝟗𝟗𝟗𝟗) 79.71 (+0.12%) 1.81e-4 (-31.10%) 1.020 (+2.00%) 4.752 (+0.06%) 1.61% 



Optimal (𝛾𝛾 = 1) 79.65 (+0.05%) 1.81e-4 (-31.45%) 1.020 (+1.96%) 4.750 (+0.01%) 1.96% 

 365 

Note that in the above table 𝑃𝑃𝑚𝑚𝑝𝑝 is the relative improvement of 𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠 . The results in Table 3 show: the 366 

increased power production (𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) and decreased variability (𝑉𝑉𝑉𝑉𝑃𝑃) can be achieved with a modest number of 367 

evaluations (10000) for all cases; 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is only slightly increased while 𝑉𝑉𝑉𝑉𝑃𝑃 is largely decreased; the short-term 368 

robustness (𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟) is easier to improve compared with the long-term robustness (𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙); different values of  𝛾𝛾 369 

result in different trade-off between the involved WF characteristics (𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚, 𝑉𝑉𝑉𝑉𝑃𝑃, 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑟𝑟𝑟𝑟 and 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙). Comparing 370 

the results for all cases, we can conclude that 𝛾𝛾 = 0.95 is a good choice that achieves balanced improvements 371 

over all quantities and thus should be recommended as the default weighting parameter between the short-term 372 

and long-term robustness. Nevertheless, we should remember that the weighting parameters (𝛼𝛼 = 𝛽𝛽 = 𝛾𝛾 = 0.95) 373 

used here are recommended only as the default values and they are free to tune and should be tuned by the WF 374 

developers according to their preferences.  375 

Figure 8 illustrates the optimization result for the case with 𝛾𝛾 = 0.95. The optimized WF is shown to have a 376 

higher power production (𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚), a smoother power surface, a lower variability (𝑉𝑉𝑉𝑉𝑃𝑃) and is less sensitive to the 377 

wind direction changes.  378 

 379 

(a)                                                                            (b) 380 



   381 

(c)                                                                            (d) 382 

Figure 8. Layout optimization results of Horns Rev 1 WF to maximize 𝑃𝑃𝑜𝑜𝑜𝑜𝑚𝑚𝑟𝑟𝑚𝑚𝑠𝑠𝑠𝑠  (𝛾𝛾 = 0.95): (a) layouts; (b) 383 

partial dimensionless power surfaces; (c) evolution histories of VoP and 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 in the optimization process; (d) 384 

power outputs for all wind directions with different wind speeds (from bottom to top: 𝑣𝑣 = 5, 7, 9, 11, 13 𝑚𝑚/𝑠𝑠) of 385 

the original (solid lines) and optimized (dash lines) WFs  386 

 387 

When calculating the long-term robustness metric 𝑃𝑃𝑠𝑠𝑜𝑜𝑚𝑚𝑙𝑙 using Equation (10), we have obtained the mean and 388 

standard deviation of the series of mean power production ([𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 ]) under long-term wind condition variations. 389 

For the case shown in Figure 8, the mean is 78.54MW for the original WF and 78.63MW for the optimized WF, 390 

while the standard deviations are both 3.482MW for the two WFs. It clearly shows the superiority of the 391 

optimized WF to the original WF, when facing possible long-term wind condition variations. Considering the 392 

fact that the optimized WF also has higher 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  and lower 𝑉𝑉𝑉𝑉𝑃𝑃 , we could confidently conclude that the 393 

optimized layout is better than the original one.  394 

6. Conclusion 395 

Wind farms are operating in the constantly changing wind. Maximizing a wind farm’s mean power output while 396 

minimizing its variability under both short-term and long-term wind condition variations are both important for 397 

the wind farm owner and the power system operator. The robustness quantification method proposed in this 398 

study is the first effort to capture the trade-offs between high mean power and low variability, and between short-399 

term and long-term performance in a single metric. The proposed overall robustness metric can be used to assess 400 

the robustness of a given WF’s power production against short-term and/or long-term wind condition variations. 401 



The followed layout optimization study demonstrates that it can serve as a more flexible and complete objective 402 

in WF design optimization than mean power or variability alone. The results also show that we can design more 403 

robust WFs that output higher mean power and also are less sensitive to wind condition changes.   404 

The proposed robustness metrics and associated layout optimization method have the potential to serve as a 405 

useful tool for both WF developers and power system operators. However, the full realization of this potential 406 

would require more real-life case studies and collaboration with industrial practitioners.   407 

Currently the robustness metrics are defined solely on power production characteristics, it is also envisaged 408 

that more realistic economic models for electricity selling and related variability cost should also come into play 409 

in the future study, which will make the metrics more appealing for the potential users.  410 
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