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Understanding variability and unpredictability of wind power is essen-

tial for improving power system reliability and energy dispatch in transmission

and distribution systems. The research presented herein intends to address a

major challenge in managing and utilizing wind energy with mitigated fluctu-

ation and intermittency. Caused by the varying wind speed, power variability

can be explained as power imbalances. These imbalances create power sur-

plus or deficiency in respect to the desired demand. To ameliorate the afore-

mentioned issue, the fluctuating wind energy needs to be properly quantified,

controlled, and re-distributed to the grid.

The first major study in this dissertations is to develop accurate wind

turbine models and model reductions to generate wind power time-series in

a laboratory time-efficient manner. Reliable wind turbine models can also

perform power control events and acquire dynamic responses more realistic

to a real-world condition. Therefore, a Type 4 direct-drive wind turbine with
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power electronic converters has been modeled and designed with detailed aero-

dynamic and electric parameters based on a given generator. Later, using

averaging and approximation techniques for power electronic circuits, the or-

der of the original model is lowered to boost the computational efficiency for

simulating long-term wind speed data.

To quantify the wind power time-series, efforts are made to enhance

adaptability and robustness of the original conditional range metric (CRM)

algorithm that has been proposed by literatures for quantitatively assessing the

power variability within a certain time frame. The improved CRM performs

better under scarce and noisy time-series data with a reduced computational

complexity. Rather than using a discrete probability model, the improved

method implements a continuous gamma distribution with parameters esti-

mated by the maximum likelihood estimators.

With the leverage from the aforementioned work, a wind farm level

behavior can be revealed by analyzing the data through long-term simulations

using individual wind turbine models. Mitigating the power variability by

reserved generation sources is attempted and the generation scenarios are gen-

eralized using an unsupervised machine learning algorithm regarding power

correlations of those individual wind turbines. A systematic blueprint for re-

ducing intra-hour power variations via coordinating a fast- and a slow- response

energy storage systems (ESS) has been proposed. Methods for sizing, coordi-

nation control, ESS regulation, and power dispatch schemes are illustrated in

detail. Applying the real-world data, these methods have been demonstrated
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desirable for reducing short-term wind power variability to an expected level.
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Chapter 1

Introduction

This chapter presents the motivation and background on quantifying

and mitigating short-term wind power variability. In addition, it describes the

research objective, scope of work, and contributions. Section 1.1 sets the no-

tion of researching wind power via dynamical modeling. Control schemes and

incorporation of energy storage systems can, thereby, be investigated based on

the system models. Power variability quantification metrics will be proposed

to evaluate the control effectiveness. The main research objective and tasks

are stated in Section 1.2 with approach in Section 1.3. Original contribution

and dissertation outline are also given in Section 1.3.

1.1 Background and Motivation

By the end of 2014, the installed wind power capacity has reached an

unprecedented 370 GW worldwide, including 129 GW in the EU, 115 GW in

China, and 66 GW in the US [2]. The increasing wind power penetration gives

rise to potential problems in system stability, power quality, system protection,

and, most of all, unexpected power variations.

Understanding wind power variability and unpredictability is essential

1



for maintaining and improving power system reliability and energy dispatch

from transmission and distribution systems. Power imbalances from wind

farms can be regulated in various manners [3–8]. Typically, geographical layout

will ameliorate the power variations by evening out the total power throughout

a widespread region according to stochastic process. Operating reserve and

system reliability can, therefore, be evaluated via correlations from geographi-

cal distribution [9,10]. Further, modern wind turbines such as Type 3 or Type

4 with pitch control capability can accomplish regulations by controlling the

grid-side converter and pitch. In multi-machine or network systems [11, 12],

managing power output from wind turbines can dispatch power without addi-

tional infrastructure investment. Sadly, none of the aforementioned endeavors

can provide additional generation capacity for specific grid demands during

low wind speed. Power regulations, from this perspective, have been accom-

plished via energy storage systems (ESSs) and via coordination control with

other power sources and unused generation capacity [4, 5, 7]. Current studies

involving sizing and controlling of ESSs are mainly based on historical wind

power operational data, which can be a feasible approach for system planning

level designs.

In extending the usage of ESS, this work proposes system layouts and

coordination control strategies for fast- and slow-response ESSs. The two types

of ESSs are sized by probabilistic sizing methods from a novel variability quan-

tifications metric. Short-term power variability can, thus, be mitigated to a

desired level using a minimum ESS volume. To explore the interaction of

2



a wind turbine during power control and energy regulation, accurate system

modeling is studied. Present models are developed based on Type 1 to Type

4 with aerodynamics, mechanical, and electrical sub-models [13–16]. The de-

tailed modeling is capable of reproducing transients and dynamic responses,

but with low computational efficiency. Due to the model complexity, data

acquisitions from long-term simulations, such as producing monthly or annual

power profiles, are not possible. For example, it will take more than 20 sec-

onds to run a single instance of the Type 4 wind turbine for 1 second duration

with a complete order representation in PSCADTM. Therefore, the concept

of model reductions is desirable to obtain a realistic simulation for gathering

long-term operational data and implementing controls.

Aiming for solutions to manage wind power variations and increasing

reliability and power availability, the following aspects are, herein, investigated

in order to develop a system for simulating, quantifying, and controlling the

wind power variability:

1. Suitable models with a lower order of computational complexity, vali-

dated by real-world data for partial transient responses and long-term

steady-state operations;

2. Approach to generalize wind power generation scenarios among wind

turbines that share correlated wind speeds within a regional wind farm;

3. A method for quantifying wind power variability with a simpler compu-

tational process and improved adaptability and robustness for the field

3



data;

4. Optimized layouts and operational schemes for ESSs to reduce the wind

power variations and imbalances with minimal ESS lifetime consump-

tion.

1.2 Research Objective and Tasks

The objective of this dissertation is to develop theories and methodolo-

gies for controlling and regulating wind power variability and to demonstrate

their efficacy through simulation. The theme of the research can be divided

into two parts. Graphical demonstrations of each are illustrated in Figures 1.1

and 1.2.

1.2.1 Task I: Concepts and Designs

The concept and design begin with characterizing the variability of the

wind power and by proposing a reference power profile with reduced variability.

Sizing, control, and regulation methods at this stage are based on analyses of

historical wind power data.

Shown in Figure 1.1, the raw wind power data Praw(t) with an unmiti-

gated variability is processed by statistical methods to determine its variability

measures in terms of CRMraw and CRraw. In Figure 1.1, the larger block in red

performs variability quantification using the conditional range metric (CRM).

The CRM is a state-of-the-art approach that can deliver an empirical pattern

4



of short-term variability via statistical models and historical time-series data.

This metric is based on the general idea of characterizing a varying source by

its range of outputs and predicts the power variations regarding the current

production level. The conditional range CR which takes much smaller values

than the wind farm rated capacity is the range of the power output determined

by the length of an observation time interval and a desired coverage rate. This

proposal aims to extend the CRM-based method for applications to scarce or

noisy wind power data by reformulating the probability model for characteriz-

ing the power-deviation series. It improves adaptability and robustness while

reducing the computational complexity.

The ultimate goal of this work is to mitigate short-term wind power

variability, i.e., to reduce the intra-hour power variations of a wind farm, so

that its variability can be controlled and regulated down to a desired value.

With this expectation, two reference parameters are defined: desired power

time-series Preference(t) and variability characteristics CRMreference. Param-

eter Preference(t) is a calculated power profile, satisfying the variability re-

quirement CRMreference. ESSs or third-party generation sources are applied

to achieve Preference(t). Sizing and dispatch strategies are derived based on

CRMreference from a statistical perspective. The smoothed or variability-

mitigated power output Psmooth(t) is sent back to the CRM block to verify

the effectiveness of variability mitigation technique and to update the desired

power profile Preference(t) as well.
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Figure 1.1: Demonstration of objective and demonstrations in reducing wind power variability. Task I:
Concepts and Designs
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1.2.2 Task II: Implementations and Simulations

Because the methods developed in Part I are based on data analysis,

they shall be validated and proven to be feasible by simulations in the imple-

mentation stage depicted in Figure 1.2. The wind farm modeled as individual

quasi-dynamic wind turbines is simulated with real-world wind speed Vwind,1(t)

through Vwind,n(t), producing an aggregated raw power output PWF (t). Using

the ESS sizing and dispatch strategy developed in Part I, wind turbine level

and wind farm level ESSs are employed to smooth PWF (t). Subjects on system

modeling and coordination control are investigated in this part.

Considering the-state-of-the-art in wind power technology, this work

focuses on wind farms with direct-drive wind turbines. Such wind turbines

possess full controllability on the rotor speed as well as independent active and

reactive power control. A complete modeling of direct-drive wind turbines is

investigated and designed. Parameters of blade aerodynamics, expected cut-

in, rated, and cut-out wind speeds, sizes of inline inductors on the machine,

grid sides, the DC capacitor, and controller limits are derived and calculated.

Dynamic responses and steady-state data acquired from case studies evaluate

the design validity and accuracy.

To enhance the computational efficiency for simulating wind power

plants, reduced-order models are proposed. They are shown as the red blocks

in Figure 1.2. The aim of these models is to develop wind farms using individ-

ual or partially aggregated turbine models with time efficiency. Reduced-order

models are equipped with dynamic controls and precise energy management
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Figure 1.2: Demonstration of objective and demonstrations in reducing wind
power variability. Task II: Implementations and Simulations

for regulating wind power variation. Reduced-order models also allow long-

term operations of wind power plants for statistical wind power quantification.

Based on the full wind turbine model, three reduced-order models are investi-

gated through proper assumptions, linearization, and simplifications to shorten

simulation runtime. They are compared in terms of performance and accu-

racy with respect to the full model in the time domain simulation. Despite the

simplifications, the reduced-order model is responsive to wind speed change or

fault events with a response time down to 1 ms.
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1.3 Research Approach and Contributions

Specific research approach and contributions, which correspondingly

meet the dissertation objective defined previously, are summarized in this sec-

tion. Dissertation outline and chapter arrangement are also incorporated.

1.3.1 Development of Direct-Drive Wind Turbine Model in Time
Domain

The first contribution of this research, presented in Chapter 2 and pub-

lished in [17], is to develop direct-drive wind turbine models in time-domain.

Wind turbine models with manufacturer specifications are favorable for wind

power interconnection and power flow studies. Although detailed and accurate,

their usages are limited by industrial non-disclosure agreements. The primary

work in this section is to develop direct-drive wind turbine models with desired

design parameters based on the publicly available information. Starting with

rotor blade performance and permanent magnet synchronous machine data,

a series of equations for determining preliminary aerodynamic and electrical

design parameters of a direct-drive wind turbine with a given converter topol-

ogy is presented. Serving as a case study, these equations, derived based on

aerodynamic, circuit analysis, and electric machine theories, can determine

blade radius, expected cut-in, rated, and cut-out wind speeds, sizes of inline

inductors on machine and grid sides as well as the DC capacitor, and controller

limits accurately. Researchers and practicing engineers who want to develop

a wind turbine system will find this section useful as a benchmark and a basis
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for initial design with complete manufacturer independence.

1.3.2 Development of Reduced Order Simulation Models

In order to simulate wind farms using individual or partially aggregated

wind turbine models through long-term operations for power data acquisition,

model reductions of direct-drive wind turbines are proposed in Chapter 3 to

reduce computational burden and complexity. Based on the direct-drive wind

turbine model, three reduced order models are developed regarding accuracy

and computational efficiency. Two of these models are developed with com-

plete system dynamics using circuit analysis. The third model is analyzed

based on a perspective of system energy flow. It features a quasi-dynamic

response by assuming a steady-state operation of certain variables while main-

taining critical differential equations for necessary dynamics during variable

wind speeds and power system faults. These materials are organized in [18].

Long-term power time-series can, subsequently, be gathered by simulating the

reduced models with real-world wind speeds.

1.3.3 Improvement of the Computational Algorithm for Quantify-
ing Wind Power Variability

Using a relatively large volume of measured wind power time-series, the

conditional range metric (CRM) has been successfully employed to quantify

intra-hour wind power variability. To effectively quantify wind power vari-

ability, the algorithm of the conditional range metric has been improved by

reformulating its probability kernel in Chapter 4. Aiming for accuracy and
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adaptability, a gamma distribution is proposed to model the power-deviation

series without introducing the joint probability density matrix. The shape and

inverse scale parameters α and β of the gamma distribution are calculated by

the maximum likelihood estimators (MLE) at each production level. Bayesian

estimators (BE) for α and β are then developed as a posterior joint distribu-

tion to calculate their expectations by taking the mean value of the paired

sample points via a modified rejection sampling strategy. The match between

MLE and BE indicates a valid assumption of the likelihood distribution and

exact estimated parameters. Applying data from the National Renewable En-

ergy Laboratory (NREL) and their down-sampled subsets, the efficacy of the

proposed CRM with the gamma distribution approach is compared to that of

the existing CRM using a quantile model. Published in [19], this improved

method can estimate an output range under a certain duration and coverage

rate with adaptability for scarce data up to 30 minute per sample point and a

tolerance for noisy sampled data up to 10% in the power time-series. System

operators can apply this metric to predict future wind power variations and

prepare reserved generation. This method is also capable for access variability

of other time-series such as load fluctuation analysis.

1.3.4 Employment of Reserved Generation Sources and Energy
Storage Systems to Mitigate Wind Power Variations

To mitigate intra-hour wind power variability evaluated by the condi-

tional range metric, reserved generation sources and energy storage systems

are employed to compensate the wind power imbalances.
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In Chapter 5, the quasi-dynamic models are simulated with a third-

party generation sources to study the operation and correlation on power

management. Characteristics of operating a generation source on single wind

turbine and wind farm levels are outlined. Data gathered from simulations are

generalized into power generation scenarios. By introducing an unsupervised

machine learning algorithm, correlated generation scenarios can be grouped

by an unsupervised machine learning methods. Detailed contents are included

in [20].

Probabilistic-based sizing and coordination control methods for fast-

and slow-response energy storage systems (ESS) are described in Chapter 6.

The fast-response ESS is designed to compensate for the hourly wind power

variation, whereas the slow-response ESS coordinates with the energy defi-

ciency or surplus. Aiming for a desired coverage and optimum sizing, the ESS

capacities are determined using the conditional range metric (CRM) and de-

sired power profiles from forecasts. Considering various real-world operational

requirements, two ESS configurations and control strategies are proposed for

power dispatch. The validity and effectiveness of these methods are evalu-

ated by the CRM. Lifetime depreciation of the fast-response ESS is assessed

by a rainflow counting algorithm for comparison among different power dis-

patch schemes. Therefore, with reasonable ESS power and energy ratings,

the variability-reduced power profile can be achieved regarding a minimum

lifetime consumption of the fast-response ESS. With preliminary studies pub-

lised in [21], this work, summarized in [22], contributes systematic designs and
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implementations on ESS sizing, operating, and controlling methods regarding

future power predictions. Power dispatch and regulation solutions proposed

herein can be applied in reality to meet specific requirements from wind farms

owns and grid operators.
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Chapter 2

Modeling and Parametric Design of

Direct-Drive Wind Turbines

As mentioned in Section 1.2, preliminary research must be conducted

on accurately modeling wind turbines for long-term. The modeling process

commences with the complete parametric design for the full model. Model

reductions and validations are proposed based on this design for a more time

efficient simulation subsequently. Considering the current technologies, the

research subject is chosen to be a Type 4 wind turbine with direct-drive con-

figuration and full controllability on rotor speed, DC voltage, and power fac-

tor. The objective of this chapter is to develop a series of equations as a case

study to determine design parameters of a direct-drive wind turbine (Type

4) with the assumptions that the converter topology along with turbine ro-

tor performance Cp and electric machine data are given. Starting with rotor

blade performance and permanent magnet synchronous machine data, a series

of equations for determining preliminary aerodynamic and electrical design

parameters of a direct-drive wind turbine with a given converter topology is

presented. These equations, derived based on aerodynamic, circuit analysis,

and electric machine theories, can determine blade radius, expected cut-in,

rated, and cut-out wind speeds, sizes of inline inductors on machine, and grid
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sides and the DC capacitor, and controller limits accurately.

The wind turbine configuration is given in Section 2.1. Blade and

aerodynamic information from MOD-2 turbines is introduced in Section 2.2,

while Sections 2.3.2 and 2.3.3 provide mathematical models and controllers for

the grid-connected and machine-side converters of the wind turbine system,

respectively. Parameters of the power circuits and controllers are calculated

in detail. In Section 2.4, the complete wind turbine system is modeled in

PSCADTM and the designed parameters are shown to be viable by simulation

results.

2.1 System Configuration

Among modern wind turbines, Type 4 direct-drive wind turbines hold

an advantage in the gearless drive train, eliminating the possibility of gearbox

failures experienced by other types. Furthermore, by applying a permanent

magnet synchronous machine (PMSM), it is even more preferable to remove

slip rings and brushes, which require continuous maintenance. Research on

Type 4 wind turbines involvs in control schemes and converter topology de-

signs. A full-converter wind turbine with independent active and reactive

power control has been demonstrated in [14]. Literature [23] offers a multi-level

configuration for wind turbine converters with the goal of increasing power

and voltage ratings while reducing the total weight of the system. Control

strategies for low-voltage ride-through capability during a fault condition are

presented in [24].
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Figure 2.1 illustrates a Type 4 direct-drive wind turbine system. The

grid-side inductor Lac represents a combined equivalent of transformer leakage

and system short-circuit inductances, and an additional inline inductor for

harmonic mitigation. The inclusion of inductor Lac is necessary to account

for the voltage difference between PWM and sinusoidal grid voltages. Similar

to inductor Lac, inductor Lf is inserted in series on the machine side to help

reduce current distortions caused by switching operations [13]
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Figure 2.1: Circuit configuration of a direct-drive Type 4 wind turbine

2.2 Blade Aerodynamic Design

The direct-drive wind turbine employs a 2.0-MW non-salient pole per-

manent magnet synchronous machine (PMSM) with 39 pole pairs as the gen-

erator, which is interfaced to the grid through two PWM converters with

back-to-back connections [15]. Blade aerodynamic performance Cp is adopted

from the MOD-2 wind turbine [16]:
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Cp =
1

2

(
2.2369

Vw
ωm
− 0.022β2 − 5.6

)
e−0.38028

Vw
ωm (2.1)

where β is the pitch angle of rotor blades in degrees. The characteristics of Cp

is plotted in Figure 2.2.
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Figure 2.2: Characteristics of Cp regarding various pitch angle β and tip speed
ratio λ (λ = Rωm/Vw)

Power extracted from the air stream follows the equation:

Protor =
1

2
ρ · Cp · πR2

rotorVw
3 (2.2)

The nominated power of the turbine rotor blades Protor, is set to 1.5

MW with a rated wind speed Vw = 13 m/s, despite the machine rating is 2.0

MW. Thus, the rotor radius can be calculated from (2.2):
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Rrotor =

√
2Protor,rated

ρ · Cp,rated · π · Vw,rated3
= 35.76 m

The cut-in wind speed is defined when the power exacted is higher than the

system power losses, while the cut-out wind speed is when the rotor blades

cannot capture 1.5 MW even with β = 0 due to stall. The cut-in and cut-out

wind speeds are determined empirically through simulation after the model

has been developed in PSCADTM. The cut-in and cut-out wind speeds are 4

m/s and 23 m/s, respectively.

Since the Type 4 wind turbine has a full control of its rotational speed,

it is preferable to achieve the maximum power point tracking (MPPT) when

the wind speed is blow the cut-in speed. In order to keep (2.1) at the maximum

value, the rotator speed ωm must follow the wind speed accordingly, such that

the ratio Vw/ωm is constant. A constant tip speed ratio method can be applied

as follows:

λopt =
Rωm,opt
Vw

= 6.97

Threrfore, ωm can be calculated as: ωm,opt = 0.1948Vw.

The MPPT curve under various wind speed is shown in Figure 2.3.

When Vw exceeds the rated wind speed, Cp is regulated by the pitch angle β

to keep Protor at the rated power output. β is regulated by the power generated

to the grid and the rotor speed for protection purposes. The pitch control block

is illustrated in Figure 2.4.
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2.3 Design of Electrical and Control Parameters

Base on the system circuit configuration and control blocks, parameters

of electrical components and controllers can be developed by applying circuit
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analysis and control theory.

2.3.1 DC Link

The DC link behaves as an intermedium between the grid-connected

inverter and the machine-side converter. It is represented by the following

differential equation:

C
dVdc
dt

= Saia + Sbib + Scic − (SmAisA + SmBisB + SmCisC) (2.3)

In (2.3), ia, ib, and ic are grid the line currents flowing into the converter. Vdc is

the DC-link voltage. Sa, Sb, Sc and SmA, SmB, SmC are the switching functions

are the switching functions for the grid-connected inverter and machine-side

converter, respectively.

2.3.1.1 DC-link Voltage Vdc

The DC-link of the wind turbine system provides an energy linkage

between the two converters. The DC voltage is responsible for calculating

other unknowns and has to be determined first. In order to have a lower

THD in the grid currents, the amplitude-modulation index is chosen at the

typical value ma = 0.8. Then, Vdc can be obtained by the definition of the

amplitude-modulation index given below:

Vdc =

√
6 · Vph
ma

=

√
6 · 690/

√
3

0.8
= 1220V
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2.3.1.2 Capacitor Size C

The capacitor size of the DC-link can be as large as possible to maintain

a constant DC voltage. However, an unnecessarily enlarged capacitance will

leads to a slower voltage response and excessive equipment volume required

in the nacelle. Therefore, the actually capacitance is constrained by an upper

bound and a lower bound. The lower bound capacitance is affected by the

requirement of maximum DC voltage ripple. By considering the machine-side

converter as a perfect resistive load, the capacitor dynamics in (2.3) can be

re-writen as [25]:

Cmin
∆Vdc
∆t

= Saia + Sbib + Scic −
Vdc
RL

= idc − IL (2.4)

where ∆Vdc is the DC voltage ripple during a time period ∆t, and Sa, Sb, Sc

are the switching states of each phase realized by power electronic devices (VT

in Figure 2.1). Because the instantaneous DC current idc acquires its largest

value idc,max from the switching state Sa = Sb = Sc = 1 and a minimum value

of zero from Sa = Sb = Sc = 0, (2.4) can be split into two equations:


Cmin

∆Vdc,up
TV,up

= idc,max − IL,max

Cmin
∆Vdc,down
TV,down

= 0− IL,max

(2.5)

where ∆Vdc,up is the voltage rise during the capacitor charging time TV,up,

∆Vdc,down is the voltage drop during the capacitor discharging time TV,down,

and IL,max is the maximum linear current equivalent of the DC-link. Taking
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∆Vdc,ref = ∆Vdc,up = −∆Vdc,down = 24.4 V (2%) and TV,up + TV,down = Ts/2 =

1/(2 · fcr), (2.5) becomes:

Cmin =
iL (idc,max − iL)

2idc,maxfcr ·∆Vdc,ref
= 1.2067× 104µF

where idc,max = 7958.7 A, iL = 1837.6 A, and fcr = 2.4 kHz.

The upper bound capacitance is ruled by the dynamic requirement

represented by voltage ascending time tr that denotes the charging time for

the DC capacitor to charge from its initial voltage to the desired 1220 V. The

voltage response of the capacitor is given by:

Vdc − Vd0 = (idc,maxRL,eq − Vd0)
(

1− e
tr

RL,eqCmax

)
(2.6)

where Vd0 is the initial DC voltage rectified by the six diodes (VD) from the

three-phase grid with six IGBTs (VT) turned off. The value of Vd0 is Vd0 =

1.3505 Vl−l = 931.8 V. RL,eq is the equivalent resistivity when the converter is

working at its rated power, therefore its value is defined as: RL,eq = V 2
dc/Srated

= 0.6639 Ω.

Setting tr = 0.005 s in (2.6) and solving for Cmax:

Cmax =
tr

RL,eq ln
(
idc,maxRL,eq−Vd0
idc,maxRL,eq−Vdc

) = 1.0992× 105µF

The DC-link capacitance can be any value between Cmax and Cmin.

Considering the margin, it is chosen barely larger than twice of Cmin as C =
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24.98 mF.

2.3.2 Grid-Connected Inverter

Figure 2.5 illustrates the voltage oriented control (VOC) block diagram

for the grid-connected inverter. The three controllers (GVdc(s), Gid(s) and

Giq(s)) must acquire a favorable dynamic response without steady-state errors

so PI controllers with limits can be adopted [26]. Parameters determined are

DC-link voltage Vdc, DC capacitance C, AC inductance Lac, and the limit

settings for PI controllers (GVdc(s), Gid(s) andGiq(s)). In this section, the grid-

connected inverter is designed to have the same power rating as the PMSM

(Prated = 2 MW, Srated = 2.2419 MVA), therefore, it can mimic the power

output properties of a synchronous machine in terms of adjusting active and

reactive power independently within the rated apparent power. the model of

the grid-connected converter is given as [27]:


Lac

dia
dt

= −(Sa −
Sa + Sb + Sc

3
) · Vdc + ea

Lac
dib
dt

= −(Sb −
Sa + Sb + Sc

3
) · Vdc + eb

Lac
dic
dt

= −(Sc −
Sa + Sb + Sc

3
) · Vdc + ec

(2.7)

where ea, eb, and ec are the grid line-to-neutral voltages.

2.3.2.1 Limits for PI Controllers GVdc(s), Gid(s) and Giq(s)

The limits of the PI controllers are important for regulating the max-

imum line current flowing between the converter and the grid. The limit of
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GVdc(s) affects the maximum charging current of the DC capacitor. Since it

is on the path of the active current, according to Figure 2.5, and is afterward

controlled by Giq(s), the limit of GVdc(s) can be the same as Giq(s). It is

defined as the peak value of the active current on the AC side:

iq,rated = ipkreal,rated ·
√

3

2
=
√

2 · Prated/3
Vph

·
√

3

2
= 2898.6A

GVdc(s)

dcV

,dc refV   ,q refi
Giq(s)
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,d refi

di
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Figure 2.5: Control block diagram of the grid-connected inverter

Controller Gid(s) limits the peak value of the reactive current in the d-q

frame. Since the reactive power is a floating value, according to the present

active current and rated current, the limit for Gid(s) is defined as:

id,rated =

√√√√(√3

2
ipkrated

)2

− i2q =

√(√
3 · Srated/3

Vph

)2

− i2q
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The variable iq is mostly ragged due to the switching, and thus a low pass

filter can be implemented to smooth the waveform.

2.3.2.2 AC Inductance Lac

Similar to the DC capacitance, the AC inductance is also limited by

both an upper bound and a lower bound. Using phase A and an assumption of

unity power factor,t he inductor differential equation is introduced as follows:

Lac
dia
dt

= −(Sa −
Sa + Sb + Sc

3
) · Vdc + ea (2.8)

The largest harmonic magnitude at switching frequency determines the

minimum value of Lac when the sinusoidal line current is at the peak point.

Due to the unity power factor, ea is also at its peak value: ea = Vm. Switching

states Sa = Sb = Sc = 1 and Sa = Sb = Sc = 0 renders a maximum current

increasing rate to (2.8), while the state Sa = 1, Sb = Sc = 0 decrease the line

current the most. Substituting Sa = Sb = Sc = 0 and Sa = 1, Sb = Sc = 0

into (2.8) respectively yields [25]:


Lac,min

∆ia,up
Ti,up

= Vm

Lac,min
∆ia,down
Ti,down

= −2

3
Vdc + Vm

(2.9)

where ∆ia,up is the current increment during the switching time period Ti,up,

and ∆ia,down is the current drop during Ti,down. Setting ∆iref = ∆ia,up =

−∆ia,down = 300 A and Ti,up + Ti,down = Ts/2 = 1/(2 · fcr), and substituting
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in the known values: Vdc = 1220 V, fcr = 2400 Hz, and Vm =
√

2/3× 690 V

into (2.9), the minimum inductance is:

Lac,min =
Vm (2Vdc − 3Vm)

4Vdcfcr ·∆iref
= 0.1202 mH

The maximum inductance is limited by two factors: the maximum

apparent power flowing through the inductor and the AC current’s rate of

change. The maximum inductance limited by the power flow can be computed

as:

Lac,max 1 = 3Vph
Va,max − Vph
ωSrated

= 0.1409 mH

Still, the chosen inductance has to be small enough to follow the chang-

ing rate of the AC current. According to (2.8), there is:

Lac,max 2
dia
dt

= −(Sa −
Sa + Sb + Sc

3
) · Vdc + ea (2.10)

The maximum current changing rate (dia/dt) for phase A current dia/dt =

Im,rated sin(ωt+ φ) is ωIm if Im is constant, thus, the maximum dia/dt occurs

at the zero-crossing (ea = 0) due to the unit power factor. The maximum con-

trollable AC voltage on right-hand side of (2.10) can be achieved by setting

Sa = 0 and Sb = Sc = 1. Substituting the aforementioned switching state into

(2.10) yields Lac,max2:
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Lac,max 2 =
2Vdc

3ωIm,rated
= 0.8132 mH (2.11)

Taking the smaller of Lac,max1 and Lac,max2, he maximum inductance for the

grid-connected inverter is Lac,max = 0.1409 mH. Considering Lac,min and Lac,max,

the AC inductance is chosen as Lac = 0.1296 mH.

2.3.3 Machine-Side Converter

The machine-side converter is responsible for governing the electromag-

netic torque and mechanical speed of the PMSM and has the same configu-

ration as the grid-connected inverter, as shown Figure 2.1. The PMSM used

here is a non-salient-pole machine with a low-rated frequency. The PMSM is

modeled together with the converter as follows:


(SmA −

SmA + SmB + SmC
3

) · Vdc = RsisA +
dλsA
dt

(SmB −
SmA + SmB + SmC

3
) · Vdc = RsisB +

dλsB
dt

(SmB −
SmA + SmB + SmC

3
) · Vdc = RsisC +

dλsC
dt

(2.12)

where Rs is the stator winding resistance. λsA, λsB, and λsC are the total

magnetic flux linkage of the stator. The machine-side converter control block

is shown in Figure 2.6 [28].
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Figure 2.6: Control block diagram of the Machine-Side Converter

2.3.3.1 Limits for PI Controllers Gωm(s), Gisd(s) and Gisq(s)

The PI controllers Gωm(s) and Gisq(s) regulate the active current isq of

the machine in series. These two controllers share the same limit in respect to

the power equation of the PMSM:

isq,rated =

√
2

3

Pgen
Pλrωm

= 3249.1 A

For the magnetizing current, isd is normally set to zero to acquire an

optimal torque control. The limit of its controller Gisd(s) is thus fixed and can

be computed by the rated parameter of the machine, below:
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isd,rated =

√
S2
rated − P 2

rated√
3Vl−l

= 847.60 A

2.3.3.2 Machine-Side Filter Lf

Due to the small inductance of the machine, the harmonic current will

be large, causing torque pulsation. A filter, Lf , shown in Figure 2.1, is pre-

ferred in order to smooth the stator current. Calculation of inductance Lf is

in the same fashion as that of Lac. The minimum value of Lf is calculated as:

(Ls + Lf,min) =
Esa (2Vdc − 3Esa)

4Vdcfcr ·∆is,ref
= 0.4168 mH

where Ls is the per-phase stator inductance in abc frame. For isd = 0, isq is

equal to is and Ls is equal to Lq. Esa is the internal phase voltage of the

PMSM, given as 0.8921 p.u. of the rated phase voltage. ∆is,ref is the desired

current harmonic at switching frequency and is set to 100 A. Since Ls = 1.5731

mH > 0.4168 mH, the minimum value of Lf is Lf,min = 0.

Lf,max can be derived similarly as Lac,max. Regarding a rated active

power, power flow from the machine to the converter is written as:

Prated = 3Esa
Esa

ωm (Ls + Lf,max 1)
(2.13)

From (2.4), Lf,max1 can be determined as:
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Lf,max 1 = 3Esa
Esa

ωmPrated
− Ls = 1.5194 mH

Similar to the calculation procedure of Lac,max2, using (2.11) and sub-

stract the value of Ls from its right-hand side, Lf,max2 is:

Lf,max 2 =
2Vdc

3ωmIm,rated
− Ls = 3.4314 mH

Finally the maximum bound of Lf is Lf,max = 1.5194 mH. Based on the

large dispersion of Lf,min and Lf,max, Lf can be chosen within a wide range of

values. In order to minimize the inductor size, Lf is set to just over one-third

of the maximum value, which is Lf = 0.52 mH.

2.4 Design Verificaiton and Simulation

The complete model of the Type 4 wind turbine is developed in PSCADTM

using a 1 µs solution time step. The parameters of power circuits and con-

trollers are set to values derived from previous sections. Steady-state opera-

tions are simulated from cut-in wind speed up to the cut-out point. Power

curve and rotor performance under various wind speed are shown in Figure

2.7(a). Above 13 m/s, the rotor pitch control maintains the constant rated

power output and prevents from overloading. The rotor performance Cp has

its highest value at a lower wind speed and begins to drop when the wind

speed is larger than 8 m/s. Keeping the highest value of Cp at a lower wind

speed is achieved by varying the rotor speed to acquire the optimal tip speed
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ratio, as expressed in Figure 2.7(b). The rotor speed will reach its rated value

at a wind speed of 8 m/s and will maintain the rated value until the cut-out

wind speed. Figure 2.7(b) also shows the pitch angle, which has its largest

value at a wind speed of 19 m/s and starts to decrease due to the stall of the

rotor blades.

DC-link voltage under steady-state is displayed in Figure 2.8(a). The

DC voltage is bouncing around the designed 1220 V and the ripple is within

the requirement ∆Vdc,ref . Figure 2.8(b) illustrates the grid current and phase-

to-ground voltage of phase A under the rated wind speed. The grid voltage

and current are in per-unit on a base of the PMSM. Since the current flowing

into the wind turbine system is defined as positive, it is out of phase with the

grid voltage when the power factor is unity.

The designed values and simulation results are listed and compared in

Table 2.1. The simulation results meet the designed value well, however, the

maximum harmonic current at switching frequency in both the grid side and

the PMSM exceeds the designed value. This inconsistency is caused by PWM

dead zones and the previous assumptions of a constant DC voltage and an

ideal switching process for power electronic devices.

2.5 Summary

This section has described the design of parameters for a 2-MW Type

4 direct-drive wind turbine. The wind turbine has been considered as a

full model including aerodynamics, PMSM, machine-side converter and grid-
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Figure 2.7: Steady-state performance of the designed wind turbine. (a) Power
curve and blade performance versus the wind speed; (b) Pitch angle and rotor
speed versus wind speed.
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Figure 2.8: Voltages and currents under rated wind speed operation. (a) DC-
link voltage; (b) Grid voltage and current of phase A
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Table 2.1: Design Requirements and Systems Actual Response
Items Designed Values Simulation Results

Active power
1.5 MW 1.4994 MW

generated (Pgen)

Rated angular
15 rpm 15.0005 rpm

speed (ωm)

DC-link voltage
1220 V 1220.4 V

(Vdc)

Maximum DC voltage
24.4 V (2%) 9.959 V (0.8%)

ripple (∆Vdc,ref )

Voltage ascending
0.005 s 0.0009 s

time (tr)

Maximum grid current
300 A 377.85 A

harmonic magnitude(∆iref )

Maximum machine current
100 A 119.38 A

harmonic magnitude(∆is,ref )

connected inverter. The control variables and parameters for each part have

been elaborately derived and computed according to the proposed require-

ments. In order to test the designed variables, the simulation model of the

wind turbine has been built using PSCATM. Data from the simulation demon-

strate that the system has featured a promising performance on both steady-

state operation and dynamic response. By comparing the requirements and

the simulated quantities, the designed parameters have been proven to be valid

and practical.
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Chapter 3

Model Reduction, Validation and Analysis of

Direct-Drive Wind Turbine

To gether long-term wind power data and implement controls, it re-

quires accurate steady-state and dynamic models of wind farms. Due to mod-

eling complexity and computational burden, wind farms are rarely represented

with equivalent models of individual wind turbines. Instead, they are repre-

sented with equivalent models of multiple turbines of the same type, known

as aggregated modeling. Depending on the need of the studies, equivalent

models can be full or reduced order. Reduced order models for wind tur-

bines with doubly-fed induction generator technology (Type 3) are relatively

well-established and have been proven viable [29–31]. The objective of this

section is to propose reduced order models of the aforementioned Type 4 wind

turbine and to fill the gap between the fully dynamic model and the steady-

state model, providing the possibility of simulating a wind turbine through

long-term (monthly or annual) operations under an acceptable CPU runtime

while maintaining the response for major dynamic events such as voltage sags,

power systems faults, and controlling and regulating operations.

There are three stages of reduction. In the first stage, three-phase volt-
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ages and currents of the converters are transformed into DC quantities via

the power-invariant d-q transformation, ignoring the converter zero-sequence

network. Ideal voltage and current sources driven by reference switching func-

tions from the control systems are implemented as switching sources to form

new power circuits in the d-q domain. Hence, the switching characteristics

and losses of all power electronic devices can be reduced while controllers and

general system dynamics remain intact. Based on the circuits from the first

stage, the second stage reduction averages the discrete switching functions

with an assumption of infinite switching frequency for power electronic de-

vices. Current harmonics and DC ripples caused by the switching process and

over-modulation sub-transient during wind turbine dynamic operations are

not included. To further eliminate the power circuit, the third stage reduction

is derived by considering a steady-state operation for grid active and PMSM

torque currents, and by assuming a perfect regulation of the grid reactive and

PMSM magnetizing currents. However, system dynamics in terms of current,

voltage, and torque responses during wind speed change and fault conditions

are reserved. Simpler controllers for the reduced system are designed without

current feedback, yet are capable of maintaining an overall controllability of

the wind turbine.
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3.1 Possibility of Modeling Reduction Regarding De-
sired Time Scale

Valid wind turbine modeling includes developing mathematical expres-

sions that behave as actual wind turbines electrically and mechanically during

both transient and long-term operation. Although there are various aerody-

namic and electrical parameters in a wind turbine system, only a handful of

key elements dominate the major response.

3.1.1 Long-Term Operations

The main interest of wind turbines during a normal (without power

system events, such as a fault), long-term operation is the active power output

while the three-phase terminal voltages and line currents may not need to

be observed. Typically, long-term data is recorded by the power monitoring

equipment with a sampling resolution in terms of minutes or hours, which

is much longer than even the slowest electrical dynamics. Scarce sampled

data is insufficient to interpret any dynamical information. For instance, a 10-

minute sampling rate can only record the r.m.s. value of three-phase quantities,

instead of any 60 Hz information. Therefore, most of the long-term operations

can be realized as a pointwise steady-state picture.

To be specific, the power curve of a wind turbine for any type is a

major demonstration of steady-state characteristics. Using the wind turbine

power curve and the wind speed can produce a relatively credible long-term

power output and this kind of modeling can be considered a ‘pure’ steady-
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state model. Intrinsic parameters related to the wind turbine power curve are

blade aerodynamic performance Cp and total system losses Ploss. The system

losses Ploss will not be included, because it varies under different production

levels, and is a minor contribution to the system resistive components. With

a proper linearization during the modeling process, the wind turbine can be

nominalized to any rated power arbitrarily using aggregation.

3.1.2 Transient Responses

Differing from long-term operation, transient responses are dominated

by the system differential equations. Elaborated electrical parameters specify

the dynamics in detail. Therefore, the four types of wind turbine will never

experience the same transient electrically. The Type 1 and 2 wind turbines

reflect dynamics from electromagnetic circuits of an induction machine, while

the Type 3 wind turbine features a combined response of the machine stator

and the power electronic switching in the rotor circuit. The Type 4 wind

turbine is fully controlled by power electronic circuits and their respective

controllers; the accuracy of its transient response is primarily determined by

the controller design and settings, ignoring the electromagnetic phenomenon

from the machine.

The boundary between dynamics and steady-state related to the time

scale is shown in Figure 8. As the sampling interval increases, the dynamical

information decreases, according to the Nyquist-Shannon sampling theorem.

Because a detailed model could only represent its steady-state features if a
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larger sampling interval is applied, the modeling complexity can be just enough

to cover the fastest dynamics in Figure 3.1. The reduced model proposed in

this section is designed to keep the steady-state operation up to 10 minutes, yet

can still cover the dynamics down to 1 ms, including all three-phase quantities

and their corresponding r.m.s values.

Time Scale
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Figure 3.1: Time-scale boundaries between dynamics and steady-state opera-
tions in a wind turbine system.

3.2 Switching-Function and Switching-Average Models

To increase the computational efficiency, the complexity of the wind

turbine system can be reduced based on analysis and approach for power

electronic circuits.
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3.2.1 Switching-Function Model

By performing the power-invariant d-q transformation to the power

circuit in Figure 2.1, the three-phase converter model can be transformed

into a two-phase equivalent. Thus, voltages and currents in the three-phase

AC circuit will be replaced by DC quantities. The derivation of the system

model can be found in [15] by pre-multiplying the transformation matrix (3.1)

to all three-phase quantities in the full model (2.3), (2.7) and (2.12) using

matrix multiplication rules. Further, the flux linkage is converted by λsd =

Ldisd +
√

3/2λr and λsq = Lqisq.

C3S/2R =

√
2

3

[
cos θ cos(θ − 2π/3) cos(θ − 4π/3)

sin θ sin(θ − 2π/3) sin(θ − 4π/3)

]
(3.1)

Power electronic circuits in the full model are replaced by ideal volt-

age and current sources. These ideal sources are driven by reference voltages

and currents weighted by Sd, Sq, Ssd, and Ssq, shown in Figure 3.2. The

corresponding differential equations are as follows:


Lac

did
dt

+ ωLaciq = −SdVdc + ed

Lac
diq
dt
− ωLacid = −SqVdc + eq

(3.2)


SmdVdc = Rsisd + Lsd

disd
dt
− ωeLsqisq

SmqVdc = Rsisq + Lsq
disq
dt

+ ωeLsdisd +

√
3

2
ωeλr

(3.3)
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C
dVdc
dt

= Sdid + Sqiq − (Smdisd + Smqisq) (3.4)

This approach ignores switching characteristics and losses of the power

electronic devices. In Figure 3.2, ωe = P · ωm is the electrical angular speed

of the PMSM in radians. Seen by the grid, the grid-side active current iq and

reactive currents id are obtained from their respective circuits and transformed

into the abc frame of reference as three-phase quantities ia, ib, and ic, which

appeared in the full model. Then, the three-phase currents ia, ib, and ic

are injected in to the grid using ideal current sources. The control systems

remain the same as the full model illustrated in [32–35], keeping a mostly intact

dynamic. The current harmonic components and machine torque fluctuation

caused by the switching are the same as those in the full model.

3.2.2 Switching-Average Model

Although the wind turbine system has already been modeled with dif-

ferential equations, it is still a discrete system, as the components in Figure

3.2 are represented by switching functions. The fast-average approach can be

further applied to reduce the switching terms.

Assuming an infinite switching frequency, the switching functions in

Figure 3.2 can be averaged by continuous signals, instead of discrete signals,

as follows:
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Figure 3.2: Reduced power circuit of the switching-function model. This topol-
ogy is then used to derive the switching-average model and quasi-dynamic
model.

〈Sd〉 =
〈vd〉
Vdc

, 〈Sq〉 =
〈vq〉
Vdc

, 〈Smd〉 =
〈vmd〉
Vdc

, 〈Ssq〉 =
〈vsq〉
Vdc

(3.5)

Thus, the averaged system differential equations can be derived by

substituing (3.5) into (3.2), (3.3) and (3.4):


Lac

did
dt

+ ωLaciq = −〈vd〉+ ed

Lac
diq
dt
− ωLacid = −〈vq〉+ eq

(3.6)


〈vsd〉 = Rsisd + Lsd

disd
dt
− ωeLsqisq

〈vsq〉 = Rsisq + Lsq
disq
dt

+ ωeLsdisd +

√
3

2
ωeλr

(3.7)
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C
dVdc
dt

= (
〈vd〉
Vdc

id +
〈vq〉
Vdc

iq)− (
〈vsd〉
Vdc

isd +
〈vsq〉
Vdc

isq) (3.8)

where 〈vd〉 and 〈vq〉, 〈vsd〉, and 〈vsq〉 are the averaged voltages of the grid-

connected and machine-side converters in the d-q frame, respectively. These

voltages can be the output signals from the controllers for the modulation

delay has been removed. The current response in the circuits can be used to

calculate the grid power injection and the PMSM torque.

Because the simulation software does not have to solve the switching

functions, which require much smaller solution intervals depending on the

switching frequency, the requirement for the solution time step of a switching-

average model will be more flexible. This advantage leads to an even shorter

CPU runtime by setting a larger solution time step without compromising

accuracy.

3.3 Quasi-Dynamic Model

The switching-function and switching-average models are derived from

fundamental power electronic analysis. They are capable of representing elec-

tromagnetic transient of the wind turbine. They can, however, be further sim-

plified by assuming a steady-state operation for current variables, and most of

the differential equations can be reduced by setting the dynamic terms to zero.

During the reduction, certain dynamics, such as current, voltage, and torque

response, must be retained and cannot be reduced. Therefore, the third stage
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reduced model is quasi-dynamic.

Identifications must be made in the first priority to discriminate essen-

tial parts of the wind turbine modeling. The dynamic response of an energy

system is represented by its transient, during which the energy stored in differ-

ent components interact with each other. For a Type 4 wind turbine system,

there are three main types of energy: kinetic stored on the rotor blades, elec-

tric field energy in the DC capacitor, and the AC electromotive force from the

grid. Since the AC electromotive force from the grid is not a component in the

wind turbine system, but is a known input quantity, the differential equations

for the DC capacitor and mass model of the rotor blades should be reserved

and all controllers can be ignored, except for the DC voltage and rotor speed

controllers.

Based on the analysis above, the dynamics of the grid active current iq

and PMSM torque current isq in the wind turbine system will be taken into

account, as the energy flowing between multiple systems is responsible only

for the delivery of active power. Thus, the following assumptions are made

during the development:

� The total energy stored in the DC capacitor and the rotor blades is much

larger than that stored in the system inductance (Ld, Lq and Lac) for

any time;

� The grid reactive current id and the PMSM magnetizing current isd are

assumed to be in a steady-state and will follow the controller well without
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any delay or disturbance;

� The DC-link is the linkage for the grid active current iq and the PMSM

torque current isq, ignoring the voltage fluctuation caused by the grid

reactive current id and the machine magnetizing current isd.

3.3.1 Model Derivation

Developed based on the switching-average model, the wind turbine is

also considered as current source injections in the abc frame. System unknown

variables are the grid active and reactive currents (iq and id in (3.6). Starting

with the grid-connected converter, id is a reference given manually, according

to the premade assumptions, while iq can be derived by linearizing and aver-

aging the switching process. Assuming a steady-state active power flow and

ignoring the reactive current, (3.6) can be rewritten with diq/dt = 0 as:

 〈vd〉 = SdVdc = ed − ωLaciq

〈vq〉 = SqVdc = eq
(3.9)

In the same way, the averaged PMSM model in (3.7) can be simplified

by setting isd = 0 and disq/dt = 0:


〈vsd〉 = SmdVdc = −PωmLsqisq

〈vsq〉 = SmqVdc = Rsisq +

√
3

2
Pωmλr

(3.10)

Substituting (3.9) and (3.10) into (3.8) gives:
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C
dVdc
dt

=
eq
Vdc

iq −
Rsi

2
sq

Vdc
−
√

3

2

Pωmλr
Vdc

isq (3.11)

The torque current isq in (3.11) is still an unknown and can thus be

eliminated by considering the electromagnetic torque equation of the PMSM

Te =
√

3/2Pλrisq (P is pole pairs):

C
dVdc
dt

=
eq
Vdc

iq −
2RsT

2
e

3VdcP 2λ2r
− ωmTe

Vdc
(3.12)

Noted that the first equations in both (3.9) and (3.10) are not necessary

for the modeling due to the fact that 〈vd〉 and 〈vsd〉 are no longer regulated by

the controllers and can be discarded. As mentioned above, the kinetic energy

stored in the rotor blades must be considered, so the rotor mass model must

remain. Finally, the quasi-dynamic model of the direct-drive wind turbine is

as follows:

C
dVdc
dt

=
eq
Vdc

iq −
2RsT

2
e

3VdcP 2λ2r
− ωmTe

Vdc
(3.13a)

J
dωm
dt

= Te + Tm −Bωm (3.13b)

The aerodynamics of the rotor blades are formed by linear equations,

according to (2.1) and (2.2), and do not require any reduction, yet, the con-

trollers for the wind turbine electrical system must be simplified and modified

to fit the derived model. System parameters such as C, J , B, and Vdc in (3.13)
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are responsible for the transient response instead of the long-term operations.

C and Vdc have been calculated, while J and B are innate parameters desig-

nated to the system in per-unit. They are given the values of J = 5.0 p.u. and

B = 0.

3.3.2 Reduced Controllers

From (3.13a) and (3.13b), feedback-controlled variables can be identi-

fied as the DC-link voltage Vdc and the rotor speed ωm. The simplified con-

troller shown in Figure 3.3 is reduced from the full system controller, where

GVdc(s) is responsible for balancing Vdc in (3.13a).

GVdc(s)

dcV

,dc refV 



qi Input to 

(3.10a)

Figure 3.3: Reduced controller for the DC-link voltage. It controls the active
power following from the grid to the wind turbine system ignoring the reactive
component.

Similarly, the torque current isq can be generated from the rotor speed

controller Gωm(s) in Figure 3.4. With a known isq, the input Te for the mass

model in (3.13b) can be calculated through the torque equation of a non-

salient pole PMSM. Thus, both the DC-link voltage and the rotor speed are

controlled by their respective closed loops, representing primary dynamics of

a Type 4 wind turbine.

Finally, the block diagram of the quasi-dynamic Type 4 wind turbine
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Gωm(s)

m





sqi,m ref
eT3

2
rP

Input to 

(3.10a) & (3.10b)

Figure 3.4: Reduced controller for the PMSM. The active current flowing into
the machine is converted into electromagnetic torque using the torque equation
and energizes the rotor-blades mass model.

model, along with the control systems, is shown in Figure 3.5. The proposed

quasi-dynamic model possesses an averaged feature that does not perform the

switching. Nevertheless, this approach is much simpler than the full model,

as well as other methods in [32–35], as fewer system differential equations

and simpler controllers are involved. Due to the ignored switching process,

the simulation software is unnecessary to perform the switching that requires

a more condensed solution time step in respect to the switching frequency;

thus, the model can run under a much larger solution time step without los-

ing accuracy. The sub-transient response will not be represented due to the

absence of system inductance. This absence is acceptable, as the ignored in-

ductance of the PMSM and the grid-side inline inductance is small, storing

a fast-dissipated energy comparing to that in the capacitor and on the rotor

blades, and has limited effects during a transient event. The reactive power of

the wind turbine system is idealized and controlled directly at the d-q-to-abc

frame transformation without feedback.
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Figure 3.5: Block diagram of the quasi-dynamic Type 4 wind turbine model.
With reduced electrical system and non-reduced aerodynamics, it is capable
for capturing an accurate steady-state information and major dynamics as well
as control events.

3.4 Validation of the Model Reductions

3.4.1 Case 1: Steady-State Operation

During steady-state operation, the reduced models must provide gener-

ally the same results as those from the full model. For the switching-function

model, the DC voltage ripple and the line current harmonics at switching fre-

quency must be comparable with the full model. The switching-average and

quasi-dynamic models must give accurate averaged results with an acceptable

error. For the steady-state operation, the wind speed is set to Vw = 13 m/s.

Figure 3.6 displays the steady-state DC-link voltage, the grid line cur-

rent of phase A, and the power output, respectively. The capability of replicat-

ing DC voltage ripples and AC current harmonics is shown accurately by the
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switching-function model. The switching-average model and quasi-dynamic

model work as expected with negligible error. Active power flow is measured

by a power meter with a smoothing time constant of 1 ms. Steady-state

waveforms are displayed in Figure 3.6(c). Switching losses of non-ideal power

electronic devices leads to a slightly lower power output from the full model

than those of the reduced models. Power oscillations caused by the switching

from the full model and the switching-function model, however, match well

with each other, while the switching-average model and the quasi-dynamic

model hold a constant power output.

3.4.2 Case 2: Response during a Symmetrical Fault

In this case, a 50% three-phase voltage sag is employed to simulate the

wind turbine behavior during a symmetrical fault. The fault occurs at 0.5 s

and lasts for 3 cycles. There is no crowbar connected to the DC-link and the

wind turbine is working at the rated power output under the constant rated

wind speed. The DC-link voltage, the grid line current of phase A, and the

power generated are plotted in Figure 3.7(a), (b) and (c), respectively.

Due to the voltage sag and the controller limit settings of the grid-

connected converter, the power pumped into the grid decreases, while the

power extracted by the rotor blades remains unchanged, resulting in an over-

voltage problem on the DC-link, as shown in Figure 3.7. Because of the

absence of the crowbar, the surplus energy acquired during the fault must

be fed into the grid, even after the fault has been cleared. Therefore, the
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Figure 3.6: Steady-state operation. (a) DC-link voltage. Ripples can be rep-
resented by the full and switching-function models but not by the switching-
average and quasi-dynamic models; (b) Grid line current of phase A. Current
harmonics at switching frequency can be found in full and switching-function
models and is the root cause for the DC ripples and power oscillation; (c)
Active power generated. The power is recorded by a power meter with a
smoothing constant to approach the real-world situation.
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line current in Figure 3.7(b) suffers a swell for 5.5 cycles rather than 3 cycles.

This phenomenon explains the power variations in Figure 3.7(c). From the

comparison, the three reduced models are still valid and can render practical

results for a fault analysis.

Features and performances of the reduced models are summarized in

Table 3.1. The runtime data is collected with a PC configuration as follows:

Intel Core i7-3630QM CPU @ 2.40 GHz, 8.00 GB RAM and 64-bit Windows 7

operating system. The simulation duration is 1 s with a 100 µs plotting interval

based on the steady-state operation in Case 1. The computational efficiency

can be noted that for a 1 µs solution step, the proposed quasi-dynamic model

is almost three times faster than the full mode. Availability and adaptability

of using a much larger time step is even more desirable compared to other

models. At a 100 µs solution step, it takes only 0.41 s to complete the 1-

second simulation, which is faster than the real-time solution, while the full

model and switching-function model become extremely inaccurate and not

practical for yielding usable information.

Table 3.1: Lifetime Depreciation Assessment of the Fast-Response ESS

Model System Solution step CPU runtime

type dynamics requirement 1 µs step 100 µs step

Full model
Switching Frequency restrained

26.28 s Not accurate

Switching-fuction 19.40 s Not accurate

Switching-average
Averaged Flexible

17.55 s 0.61 s

Quasi-dynamic 9.98 s 0.41 s
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Figure 3.7: Response in a symmetrical fault. (a) DC-link voltage. The over-
voltage is due to the power difference between the input (power captured by
the rotor blades) and the output (power fed into the grid); (b) Grid line current
of phase A. The current swell is caused by ‘pumping’ the excessive power into
the grid during and after the fault; (c) Active power generated. This power
profile is a typical response of the modeled Type 4 wind turbine, however, it
can be modified by different control strategies.
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3.4.3 Case 3: Model Validation Using Data from NREL

Although valid and efficient, the reduced models must be validated

using real-world wind data. Validating wind turbine models using field data

has been performed for in many studies. Modeling and validating Type 1

fixed speed wind turbine have been conducted in [36]. The Type 3 doubly-fed

induction generator (DFIG) is currently the prevalent type in the industry.

Different models of DFIG have been proven to be valid and applicable under

normal operations [37], unbalanced voltage sags [38], and short-circuit faults

[29]. In [39], comprehensive analyses and validations for the existing four

types of wind turbines are discussed, however, the detailed modeling process

regarding mathematical derivations is not rendered. In this test case, long-

term real-world wind speed data is only applied to the quasi-dynamic model

for validation purposes.

To accomplish the validation, wind resource data measured by NREL at

over 30,000 sites in the Western U.S. can be found and is accessible online [1].

Field wind speed datasets of a three-year span (from 2004 to 2006) correspond

with power output pre-validated by National Renewable Energy Laboratory

(NREL). The field wind speed data for the validation is chosen from site ID 12

located in the West Texas with coordinates of 31.28°N, 104.52°W. The quasi-

dynamic model is run for the entire year of 2004 in PSCADTM. This wind

speed dataset has a minimum value of 0.18 m/s and maximum value of 26.06

m/s, which can cover the normal operating conditions. Mean and variance of

the wind speed over 2004 are 7.85 m/s and 14.36 m/s, respectively.
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The best field data resolution available from NREL is of every 10-

minute interval, which must be interpolated down to the solution time step.

Although PSCADTM automatically employs a linear interpolation algorithm

for the external data source; this linear interpolant will introduce a problem: it

lacks smoothness and has corners. Once applied, the wind turbine will be ac-

tuated by this discontinuous data with sudden changes at the corners, creating

unexpected disturbances that may be recorded by the power measuring me-

ter. Because the corners will appear every 10 minutes according to the original

data density, the impact of this disturbance will be represented regularly in the

simulated power dataset. To seek a better solution, higher degree piecewise

polynomials can be applied, filling the existing sampled data with points that

create a smoother wind speed profile and remove the sharpness caused by the

linear interpolant [40]. A piecewise cubic Hermite interpolant with continuous

derivatives has been implemented for this purpose. Since the third derivative

of a cubic is a constant, it is possible to show that any piecewise cubic with

three continuous derivatives at every data point must be exactly the same

cubic [41, 42]. The plotting interval is set to 1 minute, thus the interpolation

does not need to recreate the points between plotting samples. Preprocessed

in Matlab, the 10-minute sampled data is interpolated down to a 1-minute

resolution for the simulation in PSCADTM.

The simulation settings in PSCADTM are the same as the previous

case: a 1.5-ms solution step with a 1-minute plotting interval. Real power

from NREL database and simulations are plotted together for the month of
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January in Figure 3.8. The two curves match each other well, representing a

valid quasi-dynamic wind turbine model. The error percentage for the mean

and the variance over entire 2004 is 4.18% and 0.404%, respectively.

As claimed before, the proposed quasi-dynamic model should acquire

a capability of partial aggregation for wind farm simulations. For this pur-

pose, three quasi-dynamic wind turbines representing a small wind farm are

developed similarly. Their 690 V outputs are connected to an infinite source

to achieve the same configuration as that of NREL. Power generated is mea-

sured at each wind turbine and at the source. Wind speed datasets used

to energize the rotor blades are chosen at ID 12 (31.28°N, 104.52°W), ID 39

(31.46°N, 104.61°W), and ID 110 (31.68°N, 104.72°W). The three sites spread

from southeast to northwest and are about 20 km away from each other, which

can represent a geographically widely distributed wind farm. The rated power

of this small wind farm is 90 MW, with a 30 MW power rating for each partially

aggregated wind turbine. Data is drawn solely from January 2004 instead of

the entire year for visual comparison purposes.

Power from the source is compared with the aggregated power from

NREL. The wind power ramping up and down for January 5th to 8th is dis-

played in Figure 16 (a), while some of the plateau regions from 23rd to 26th

are in Figure 3.9(b). The power output from the small wind farm simulated by

the quasi-dynamic model meets that from NREL well for the ramping regions,

however, minor mismatches around 1 p.u. in the plateau regions are caused

by different stalling properties dominated by Cp of the rotor blades.

56



0 5 10 15 20 25 30
0

0.2

0.4

0.6

0.8

1

1.2

Time (day)

P
o

w
e

r 
G

e
n

e
ra

te
d
(p

.u
.)

 

 

Data from NREL

Data from Quasi-Dynamic Model

Figure 3.8: Comparison of power released by NREL and power simulated by
the quasi-dynamic model. The analysis is executed using the data at location
ID 12 in January 2004 in [1].

3.5 Summary

To seek for the possibility of simulating wind farms using individual

or partially aggregated wind turbines and to reduce the computational com-

plexity for over long-term operations, model reductions for Type 4 direct-drive

wind turbines have been proposed in this section. The reduced models fea-

ture simpler configurations and are more time efficient than the full model,

while retaining crucial system dynamics. The steady-state and dynamic op-

erations meet the full model well, which speaks for their validity and efficacy.

Further, the third stage (quasi-dynamic) model reduction has been validated

using real-world wind speed data and compared with the power datasets pro-

vided by NREL throughout the year of 2004. Aggregations representing a

small widespread wind farm have been proved feasible using the proposed

quasi-dynamic model. Data from the simulation matches the NREL power

both in time-series waveforms and statistical analysis. Therefore, the reduced
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Figure 3.9: Comparison of aggregated power from three wind turbines of ID
12, ID 39 and ID 110. Sub-figure (a) shows the working condition of power
ramping up and down in a fluctuated wind speed while sub-figure (b) illustrates
the plateau region with a relatively steady state. The base is 30 MW.

wind turbine model is practical for simulating long-term operations dynami-

cally with reduced CPU runtime.
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Chapter 4

Quantification of Wind Power Variability

The conditional range metric (CRM) has been proposed to quantify

the intra-hour variability of wind power [43]. Using a moving time window of

desired length for observing the variability, this algorithm generates lower and

upper power-deviation series ak,lj and bk,lj from the wind power time-series

under analysis. A quantile model and a joint probability density matrix are

then employed to calculate the conditional range at production level lj for a

given coverage rate p. Initial applications of the CRM have been proposed

and demonstrated in [8, 43, 44]. The CRM is capable of estimating the future

wind power variability from the existing data and predicting a probabilistic

forecast. System reserves and suitable control strategies can be determined in a

purpose of reducing the power variations of wind farms. Impacts of wind power

technology (Type 1 to 4 wind turbines) and wind farm size on variability have

been analyzed in [44]. This analysis gives reasonable applications on wind farm

planning and cooperation level. Coordinating with ESS, the power variations

will be more controllable and desirable. Further work can be initiated in

sizing and allocating the energy storage components in a system design level.

A method of determining ESS capacity using CRM to reduce wind power

variability was proposed in [8]. The applications of CRM are not limited to

59



quantifying wind power variability, but can also be extended to other renewable

energy profiles such as photovoltaic or tidal power generation. It might even

be applicable for short-term load variation analysis.

Despite the effectiveness of the CRM in quantifying the wind power

variability, this method requires a large volume of sampled power data over

a long time span. Under scarce or noisy data, the quantile model has been

found inadequate. Furthermore, the computational burden of generating the

joint probability density matrix could be arduous, as it involves multiplication

of two high order matrices.

The objective of this section is to extend the CRM-based method de-

veloped in [43] by reformulating the probability models for adaptability and

robustness in scarce or noisy data. Rather than employing the quantile model,

this work considers gamma distributions [45] [46] for the deviation series at

each production level without introducing the joint probability density matrix.

The shape and inverse scale parameters α and β of this proposed distribution

are estimated using the maximum likelihood estimator (MLE) [47–49]. In

order to verify the accuracy of the chosen distribution and its estimated pa-

rameters, the Bayesian estimator (BE) is developed as a posterior joint prob-

ability model conditioned by the wind power-deviation series. The choice of

possible priors is discussed according to the gamma likelihood function. Al-

though multiple priors have been provided in [50], this work implements the

non-informative Jeffreys prior due to the lack of information from the data.

The complexity of the posterior distribution prohibits the direct calculation

60



for closed-form solutions of E(α) and E(β), therefore, a modified rejection-

sampling algorithm is derived to estimate E(α) and E(β) by taking the mean

value of the paired sample points from the posterior distribution. The match

between the two estimation methods indicates valid parameters at each pro-

duction level. Using data from the National Renewable Energy Laboratory

(NREL) and their down-sampled subsets, the proposed CRM is compared

with the existing CRM defined in [43]. For the sake of clarity, the proposed

CRM for scarce and noisy data applications shall be designated sCRM, while

the existing CRM [43] with the quantile model is oCRM.

Section 4.1 summarizes the oCRM concept and its computational method

in detail, while Section 4.2 describes the probability model, parameter estima-

tion, and reduction of the joint probability density matrix for the proposed

sCRM. The Bayesian data analysis assuming a gamma distribution likelihood

function is performed in Section 4.3. Based on the comparisons presented in

Section 4.4, sCRM is shown to be more adaptive and accurate than oCRM

under sparse wind power sampling record and noisy data in power-deviation

series.

4.1 The Conditional Range Metric in Wind Power Vari-
ability

4.1.1 Concept of Quantifying Wind Power Variability

Proposed in [43], the fundamental concept of the CRM is to measure

the wind power dispersion statistically within a given observation interval.
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The varying wind power X can be defined as a range R = maxX − minX.

Note that maxX can reach up to the nameplate rated power while minX can

be as small as zero if the wind speed is below the cut-in speed. Therefore,

the maximum range of R might be the rated wind power of a wind turbine or

wind farm Prated, however, R is unnecessarily at Prated all the time. During

a shorter time frame, such as intra- or inter-hours, the range R can be much

smaller than Prated. Shown in Figure 4.1, the 24-hour wind power generation

has a range of 0.9 p.u., i.e., from 0.1 to 1.0 p.u. If a shorter time window Ki is

used to observe the power profile, e.g., approximately from 1:00 p.m. to 4:00

p.m., the power variability represented by R is only about 0.4 p.u. (from 0.19

to 0.59 p.u.).
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Figure 4.1: Wind power variability related to a time window. Production
level lj and power-deviation series are derived through the moving average of
all sampled data points.
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4.1.2 Definition of the Conditional Range Metric

Referring to Figure 4.1, the conditional range of the wind power output

x(t) during an interval [t0, t0+k] starting from t0 with k-long duration is defined

as Mk:

Mk = Mupk −Mlowk
(4.1)

Mupk and Mlowk
are the upper and lower bounds within the interval shown

in Figure ??. Typically, the wind power output is recorded by monitoring

equipment in terms of sampled points. The discrete sampled data is a time

series Xn instead of the continuous function of x(t). The subscript n in Xn

represents the number of the sampled power data points where n = 1, 2, ..., N .

Therefore, the conditional range Mk over a k-long observation interval can be

rewritten as:

Mi,k = Mupi,k −Mlowi,k
= max

n∈Ki

Xi,n − min
n∈Ki

Xi,n (4.2)

where Ki is the instantaneous time window with k-long observation interval

on the sampled data [i, i+ k− 1] (i is the starting point of Ki and its value is

i = 1, 2, ..., N − k). Sliding the time window along the domain of the sampled

power data, the paired values [Mupi,k ,Mlowi,k
] will vary according to maxXi,n

and minXi,n introduced above, resulting in a tighter range of Mi,k rather than

R. Taking the average over all values of the power series Xn in window Ki, a

certain production level lj can be determined. The subscript j of lj indicates
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the desired resolution, e.g., a 0.1-p.u. resolution can be represented as l0.1. A

commonly-used j in conditional range plotting is 0.01. Due to the operation

[i, i+ k− 1] (i = 1, 2, ..., N − k), the moving average process generates a series

of lj with the same resolution as Xn. Thus, the complete CRM considering all

the above parameters can be defined as:

CRMi,k,lj =
[
Mupi,k,lj

,Mlowi,k,lj

]
(4.3)

The conditional range is the distance between the paired upper and lower

bounds:

CRi,k,lj = Mupi,k,lj
−Mlowi,k,lj

(4.4)

CRMi,k,lj and CRi,k,lj serve as a measure of wind power variability over

a given observation interval for the starting point i, the length of the interval

k, and the production level lj. Using this method, the window Ki in Figure

4.1 can be evaluated as CRM = [0.19, 0.59] p.u. and CR = 0.4 p.u. with

i = 13 hr, k = 3 hr, and lj = 0.39 p.u.

4.1.3 Computational Methodology of CRM and CR

The definition of CRM in (4.3) and (4.4) gives a coverage rate of 100%

because Mupi,k,lj
and Mlowi,k,lj

are chosen as the maximum and minimum val-

ues within the time window Ki. The research problem, consequently, can be

formulated as: finding a pair of [Mupi,k,lj
,Mlowi,k,lj

] for a desired coverage rate
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p other than 100% at a particular production level lj. The mathematical ex-

pression of the aforementioned problem is to satisfy the following probability

inequality:

P

({
inf
n∈Ki

Xn ≥Mlowk,lj ,p

}⋂
{

sup
n∈Ki

Xn ≤Mupk,lj ,p

}∣∣∣∣ X̄n = lj

)
≥ p (4.5)

where the new variable X̄n is the averaged wind power for all sampled points

within Ki.

Although the CRM has been described mathematically in (4.5), it is

unsolvable due to the lack of information for the variables. To extract the

necessary information from the existing data, raw wind power data must be

processed and a suitable probability model must be developed. For this pur-

pose, power-deviation series are introduced as follows:

ai,k = X̄i,n −minXi,n n ∈ Ki (4.6)

bi,k = maxXi,n − X̄i,n n ∈ Ki (4.7)

The two series specified in (4.6) and (4.7) are coincident with their correspond-

ing production level lj, generating a unique pair of ai,k,lj and bi,k,lj for every

Ki. (4.5) can then be converted into the following expression using (4.6) and

(4.7):
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P
(
Mlowk,lj ,p

≤ lj − ak,lj
)

= P
(
Mupk,lj ,p

≥ bk,lj + lj

)
= p (4.8)

By redefining the problem in (4.8), the determination for Mupk,lj ,p
and

Mlowk,lj ,p
is simply to solve the probability equation. Since the coverage rate p

is known, a probability model must be built to determine Mupk,lj ,p
and Mlowk,lj ,p

satisfying (4.8) at a given production level lj. Rank quantile models are imple-

mented for the deviation series ak,lj and bk,lj with a resolution of 1/q. The rank

quantiles Qak,lj(r/q) and Qbk,lj(r/q) are the rth q-quantile of ak,lj and bk,lj , re-

spectively, where r = 1, 2, ..., q. If the elements in the deviation series ak,lj and

bk,lj are condensed enough, the quantile resolution q will separate them into

q disjoint sets Sak,lj and Sbk,lj . The joint probability density matrix can be

calculated from:

Vk,lj (i, j) = P
[{
a ∈ Sak,lj

}⋂{
b ∈ Sbk,lj

}]
(4.9)

Hence, the CRM defined in (4.3) can be restated as follows:

CRMk,lj ,p =
[
Mupk,lj ,p

,Mlowk,lj ,p

]
=
[
lj −Qak,lj

(τp) , lj +Qbk,lj
(τp)

]
(4.10)

where τp is computed from the joint probability density matrix Vk,lj . τp is

given as follows:
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τp = inf

{
τp∑
i=1

τp∑
j=1

Vk,lj (i, j) ≥ p

}
(4.11)

4.2 Conditional Range Metric for Scarce and Noise Data

Definitions and computational methodology of the oCRM have been

introduced in Section 4.1. The performance of the oCRM is desirable when

the volume of the wind power data is large. It is still possible, however, to

implement a more substantial probability model, rather than the rank quan-

tile, to improve the algorithm adaptability under sparse data and to avoid

calculating the joint probability density matrix Vk,lj defined in (4.9).

4.2.1 Probability Model of Deviation Series

The metric Mupk,lj ,p
and Mlowk,lj ,p

is modeled as the rank quantile cal-

culated from the joint probability density matrix Vk,lj . Although the quantile

estimation does not introduce any bias of fitting the non-informative data into

a certain distribution that might cause the mismatch between the probability

model and the data, the quantile estimation does have its innate drawbacks:

� The rank quantile is a probability in terms of rank order. It requires

large sampled data to achieve the desired accuracy. The quantile will be

inaccurate if the data points are scarce but the quantile resolution q is

high;
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� Data points will become redundant if the required resolution of proba-

bility q is lower than the total data points. Thus, the quantile model is

optimized only if the q is equal to the total data points;

� Because the quantile model consists of discrete data points without any

continuous function, statistical analyses such as modeling of prior and

posterior distributions, regression, and Bayesian data analysis are not

available; and

� Bad data points may significantly affect the accuracy. Abnormal values

caused by the unusual wind power change in the deviation series ak,lj and

bk,lj will lead to the failure of calculating a credible conditional range

in terms of spikes and irregular points in the plot when the coverage

percentage p is high. A conditional range with a 95% coverage rate is

considered high.

Based on the above aspects, the probability model of the oCRM can

be improved by adopting a suitable probability distribution that will cover the

general histogram of the deviation series ak,lj and bk,lj . There is a trade-off

between being objective in choosing a probability model and being accurate

and more adaptive under all data conditions. This concern can be interpreted

as that the probability model must maintain its general accuracy, even though

the total number of the deviation series sets over the entire production level lj

and the elements in each set will vary according to the expected resolution of

lj. A typical 0.01-p.u. resolution of lj is sufficient to deliver a credible reference
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for most analytical cases. Intuitively, a more condensed lj can render more

precise steps, creating a smoother curve for the conditional range plotting.

With the refined resolution of lj, more deviation series sets should be generated

by (4.6) and (4.7), which will reduce the available data points in each set,

further impairing the performance of the probability model. Therefore, the

distribution proposed for the probability model must be adaptive and without

bias for the data distributed among the vast number of the deviation series

sets. Additionally, other requirements for the desired probability distribution

are summarized as follows:

� The random variables in the chosen distribution must have a range from

zero to infinity;

� The distribution must cover most of the existing data for each deviation

series set at every production level and even possible data appearing in

the future; and

� The shape of the probability density function should match the his-

togram of the data.

To satisfy the above requirements, discrete distributions such as bino-

mial or Poisson distributions should never be adopted because they perform

worse than the quantile probability estimator. The commonly-used Gaus-

sian distribution fails to match both the shape and the range of the data.

A beta distribution holds a similar shape, yet cannot fit in the first require-

ment. Finally, the choice is settled with chi-squared distribution and gamma
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distribution. Both distributions meet the data histogram and have random

variables ranging from zero to infinity. In fact, the chi-squared distribution is

a special case of the gamma distribution with zero included in the variables.

Considering an ideal condition of the power deviation series, zero is unlikely

to appear in the deviation series. Moreover, the gamma distribution possesses

a simpler expression of the probability density function compared to that of

the chi-squared distribution, and it has relatively mature parameter estima-

tion methods, making it the best choice for the study in this work. Hence,

a two-parameter Gamma(α, β) distribution [45] [46] is chosen to satisfy the

above constraints:

ak,lj ∼ Gamma
(
αak,lj , βak,lj

)
(4.12)

bk,lj ∼ Gamma
(
αbk,lj , βbk,lj

)
(4.13)

The probability density function of the two-parameter Gamma(α, β)

distribution is defined as follows:

p(Ym|α, β) =
βα

Γ(α)
Y α−1
m e−βYm

(m = 1, 2, ..., nlj , α, β > 0) (4.14)

where Ym denotes the elements from the deviations series. α and β are the

shape and inverse scale parameters, respectively. nlj is the total data volume

at a certain production level. Γ is the gamma function shown below:
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Γ (θ) =

∫ ∞
0

xθ−1e−xdx (4.15)

4.2.2 Parameter Estimation for the Probability Model

By estimating the shape parameter α and the inverse scale parameter

β for each production level lj appropriately, the discrete quantile model for

the oCRM can be improved by fitting the data into the continuous gamma

distribution. Approaches of determining α and β have been discussed in [47–

53]. In this section, Maximum likelihood estimators(MLE) are employed for

this purpose. Due to the difficulties of identifying bad points in the deviation

series ak,lj and bk,lj , the MLE can minimize the impact of single or even several

bad points by finding the maximum value of the likelihood function across

the entire dataset. The inaccuracy caused by these minor bad points will be

‘diluted’ by the large amount of good data points. Note that the prerequisite

of MLE is to ensure samples are independent. In power time-series, samples

are weakly correlated instead of strictly independent; however, the likelihood

function is formulated for the deviation series rather than the original time-

series. Due to the problem formulated in (4.5), data independence could be

established by taking the maximum and minimum operations of the interval

Ki in Figure 4.1. The likelihood function for the MLE is specified as a joint

probability density function of all observations conditioned by α and β:
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L
(
α, β|Y1, Y2 · · · Ynlj

)
= p

(
Y1, Y2, ..., Ynlj

|α, β
)

=

nlj∏
m=1

p(Ym|αk,lj , β,lj) (4.16)

Now, the problem is simplified as:

Given the data of Y1, Y2, ..., Ynlj

Determine α and β

such that the value of the likelihood function L will be maximized:

{(
α̂MLE, β̂MLE

)}
⊆
{

arg maxL
(
αk,lj , βk,lj |Y1, ..., Ynlj

)}
(4.17)

The estimated values of α and β can then be derived by solving the

following equations:


∂

∂α
lnL (α, β) = 0,

∂2

∂α2
lnL (α, β) < 0

∂

∂β
lnL (α, β) = 0,

∂2

∂β2
lnL (α, β) < 0

(4.18)

At a certain production level, the two pairs of α and β for the sets ak,lj and

bk,lj are not identical. Thus, the total number of α and β pairs are determined

by the quantity of probability models required according to the resolution of

lj. In this work, the 0.01 p.u resolution will lead to 200 different gamma

distributions.
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Mathematically, the explicit closed-form solution of (4.18) does not ex-

ist, therefore, approaches proposed in [54] can be applied to calculate α and β.

This approach is also referred as Brent’s method. It is a root-finding algorithm

that uses a Lagrangian interpolating polynomial of degree two. Theoretically,

it will always converge as long as the value is contained in a given range. The

method has been programmed as ready-to-use code in [55]. Under an ideal

condition, there will not be any zeroes in the deviation series defined in (4.6)

and (4.7). Yet, due to the data density, zeroes may sometimes appear at lj = 0

p.u. and lj = 1.0 p.u. If zero elements occur, the maximum likelihood esti-

mation will face the dilemma of a zero value for the likelihood function L.

Moment estimator (ME) is responsible for this particular case as follows [56]:

α̂ME =

(
Ȳ

s

)2

, β̂ME =
Ȳ

s2
(4.19)

where s is the standard deviation of the data.

In order to test the proposed probability model, field datasets are drawn

from the same source as those used in Section 3.4.3. This time, only the power

datasets are drawn, discarding the wind speed data. As mentioned before, the

best field data resolution available from NREL is of 10-minute intervals, which

is considered scarce to perform the wind power variability with k < 10 min.

Thus, the interpolated data with 1-minute resolution performed in Section

3.4.3 are applied. Although it is controversial to interpolate the raw data

due to the possibility that this operation might generate flawed information
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between the initial points, higher order piecewise polynomials can be employed

to maintain the general continuity of the wind power profile while filling the

existing sampled data with interpolants to create more points available for the

conditional range calculation.
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Figure 4.2: Illustration of fitting the deviation series into gamma distributions.
They are calculated with k = 60 min while the resolution for lj is 0.01 p.u.
The data is chosen from a60 and b60 with lj = 0.3 p.u. and lj = 0.9 p.u.

Figure 4.2 displays the histograms of the deviation series and their

corresponding probability density functions at two production levels, 0.3 p.u.
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and 0.9 p.u., respectively. Most data can be fitted into the gamma distribution

well, and the MLE renders a pair of parameters α and β, which minimizes

the impact of minor irregular values. In Figure 4.2, some points from the

upper deviation series b60,0.9 fall out of the distribution. This fact is caused

by more control events, such as pitch or stalling controls, which occur when

the power is close to 1 p.u. Therefore, instead of representing the nature of

wind power variability, the power time-series is brought about by different

power control strategies employed by the wind turbine. The comprehensive

probability density model through the entire production level is displayed as

a three-dimensional map in Figure 4.3. It can be seen that there are spikes

at lj = 0 p.u. and lj = 1.0 p.u., primarily caused by wind power varying in a

much smaller range when the wind turbine is working around the cut-in wind

speed and at or above the rated wind speed.

4.2.3 Reduction on the Joint Probability Density Matrix

Governed by (4.9), the joint probability density matrix is responsible

for calculating the rank quantile by ensuring that the summation from a cer-

tain amount of elements in Vk,lj is equal to the desired coverage rate p. The

joint probability density matrix Vk,lj in oCRM is derived by multiplying two

matrices denoting the q disjoint sets Sak,lj and Sbk,lj in every production level,

therefore, the dimension of Vk,lj is q by q. The computational burden for cal-

culating Vk,lj will be excessive if the desired resolutions of lj and q are high.

Due to the matrix multiplication of calculating Vk,lj , zeroes will present in the
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Figure 4.3: Probability density model using gamma distribution approach
through the entire production level lj with a resolution of 0.01 p.u. The length
of the analyzed observation interval is k = 60 min.
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matrix. Thus, the coverage rate p for Mupk,lj ,p
and Mlowk,lj ,p

must be identical,

which indicates i must be equal to j in (4.11). In other words, because of the

existing zeroes, it is impossible for Vk,lj to find an asymmetrical coverage rate,

such as p = 0.3 for Mupk,lj ,0.3
and p = 0.9 for Mlowk,lj ,0.9

, at any production

level.

For the above reasons, a reduction on the joint probability density

matrix Vk,lj will be considered. Instead of reticulating the probability density

into a matrix form, it would be better to use the aforementioned gamma

distribution model of the power deviation series. One concern for this method

might involve the independence issue for the maximum and minimum values

in a time window Ki. Since the conditional range aims for an empirical power

deviation, the operations of taking the maximum and minimum values in a

particular window can be considered independent. Shown in Figure 4.1 as

the time window Ki moves point-wise along the time-series power data, each

production level lj is coincident with two deviation points belonging to the

deviation series ak,lj and bk,lj . Sorted by lj, both ak,lj and bk,lj can be grouped

into 100 subsets in respect to a 0.01-p.u. resolution. The probability model

in each subset has been introduced as the likelihood function of a gamma

distribution. Thus, the desired conditional range for coverage rate p can be

derived using the inverse cumulative distribution functions for a particular

production level, shown as follows:
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gak,lj ,p = F−1
(
plow|αak,lj , βak,lj

)
=
{
gak,lj ,p : F

(
gak,lj ,p|αak,lj , βak,lj

)
= plow

}
gbk,lj ,p = F−1

(
pup|αbk,lj , βbk,lj

)
=
{
gbk,lj ,p : F

(
gbk,lj ,p|αbk,lj , βbk,lj

)
= pup

}
(4.20)

where the probability plow and pup might not necessarily be equal. To estimate

a symmetrical probability range, it is set to plow = pup = p. F is the cumulative

distribution function defined as:

p = F (g|α, β) =
βα

Γ(α)

∫ g

0

tα−1e−βtdt (4.21)

Applying the NREL wind power data to (4.20), the cumulative distri-

bution can be realized as the coverage rate regarding the lower range gak,lj ,p

and upper range gbk,lj ,p. Figure 4.4 shows the mesh of ga60 and gb60 .

By replacing Qak,lj(τp) and Qbk,lj(τp) with gak,lj ,p and gbk,lj ,p in (4.10),

the CRM with new probability model is expressed as follows:

CRMk,lj ,p =
[
lj − gak,lj ,p, lj + gbk,lj ,p

]
(4.22)

while the corresponding conditional range in (4.4) is transformed as: CRk,lj ,p =

gbk,lj ,p + gak,lj ,p. The CRM constrained by (4.22) is referred as sCRM for its

improved probability model.

Figure 4.5 illustrates the portfolio of CRM60 with k = 60 min, repre-

senting the wind power variability within an intra-hour observation duration.
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Figure 4.4: Three dimensional display of the upper and lower deviation
through the entire coverage rate p and production level lj. The length of
the observation interval is k = 60 min.

The upper bound Mup60 and the lower bound Mlow60 are in red and blue, re-

spectively. The desired conditional range readings are the distances from the
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upper red to the lower blue. If the mesh in Figure 4.5 is laminated by the p

axis, each piece will be showing a 2-D conditional range metric across all pro-

duction levels under a certain coverage rate; while the slices from lj will denote

how the range follows different coverage rates on a given production level. The

two-dimensional figures regarding a given coverage rate or production level are

also presented in Figure 4.5.

4.3 Bayesian Inference for the Probability Model

In order to confirm that the gamma distribution model and its esti-

mated parameters are suitable for the existing data (power-deviation series),

the Bayesian estimator (BE) is applied using Bayesian inference.

The Bayesian inference is the process of developing a probability model

for a set of data and summarizing the parameters of this model in terms of a

posterior probability distribution [57] [58]. For the purpose of this work, the

Bayesian inference considers the estimated parameters as a joint distribution

conditioned by the data in which the power-deviation datasets are included in

the likelihood function and a proper prior is chosen to follow Bayes’ rule:

p (α, β|Ym) ∝ p(Ym|α, β)p(α, β) m = 1, 2, ..., nlj (4.23)

The expectations E(α) and E(β) in the posterior joint distribution can speak

for their estimated value of α and β. If the parameters derived from the

Bayesian inference meet the results from MLE well, they are considered to be
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Figure 4.5: Conditional range estimation through the entire domain of pro-
duction level lj and coverage rate p with an observation interval k = 60 min.
The red mesh is Mup60 calculated from gb60 while the blue mesh represents
Mlow60 derived from ga60 .

proper for the power-deviation datasets and the gamma distribution is proved

to be suitable.
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4.3.1 Determination of the Prior

As the initial step, a prior must be chosen to perform the Bayesian

inference. The different choices for priors can be arguable and, sometimes,

might be more subjective rather than objective because the empirical knowl-

edge and peripheral information from the datasets might not be available.

In [51], a prior of 1/β is proposed and successfully derives the posterior distri-

bution based on simulated data. However, it is an improper prior, because it

cannot be normalized and its integral over the range of β is infinity. Various

priors for advancing BE of the gamma distribution are discussed in [59] with-

out providing further detailed evidence of selecting an appropriate form under

different circumstances. Because the power-deviation series ak,lj and bk,lj are

processed datasets from the discrete wind power series, there is no more ref-

erential information for determining the prior. Thus, a non-informative prior

should be considered as the same situation in [60]. Generally, one of the most

prevalent non-informative priors is the conjugate prior. The conjugate prior

is capable of developing detailed hierarchical probability models, which have

a better representation of modeling the deviation series. Although simple and

common, the conjugate prior will introduce hyper-parameters as known values

for p(α, β). For the case with both α and β unknown, the conjugate prior of

p(α, β) is [58]:

p(α, β) ∝ pα−1e−βq

Γ(α)rβ−αs
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where p, q, r, and s are predetermined hyper-parameters. The lack of infor-

mation prohibits the guess of these hyper-parameters. For some cases, giving

arbitrary numbers to these hyper-parameters will not affect the estimator when

the likelihood function with tremendous data volume dominates the posterior

distribution. An erroneous posterior distribution might occur if the data can-

not overwhelm the impacts from hyper-parameters; therefore, the conjugate

prior is not preferable for the concerns addressed in here.

Without introducing additional unknown values, the Jeffreys prior can

be employed. It is a well-known weak prior proposed by Jeffreys in 1961 to

tackle situations with little information about the parameters. With both

unknown α and β, the Fisher information matrix for the Jeffreys prior is

described as follows:

I (α, β) = −E
[
∂2 lnP (Ym|α, β)

∂α∂β

]
2×2

=

[
PG (1, α) −1/β

−1/β α/β2

]
(4.24)

where PG (1, x) =
∞∑
i=0

(x+ i)−2 is the polygamma function. The Jeffreys prior

is derived from its definition [61]:

p (α, β) ∝
√
|I (α, β)| =

√
αPG (1, α)− 1

β
(4.25)

Since the Jeffreys prior does not introduce extra variables or unknowns, the

posterior joint distribution conditioned by the data will contain only α and β
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as variables, and this leverage facilitates the estimation of posterior expecta-

tions for these two parameters. The derived Jeffreys prior is a non-normalized

distribution in which the integral over α and β is a finite constant rather than

1. The prior need not be normalized if (4.23) is applied, because the nor-

malized constant will be recalculated after the posterior distribution has been

derived.

4.3.2 Posterior Analysis

Substituting the prior (4.25) and likelihood function (4.16) into (4.23),

the non-normalized posterior distribution from the Bayesian inference is per-

formed as:

p
(
α, β|Y1, Y2, ..., Ynlj

)
∝
√
αPG (1, α)− 1 · β

nα−1

Γ(α)n

nlj∏
m=1

Y α−1
m · e

−β
nlj∑
m=1

Ym
(4.26)

It is obvious that the posterior distribution does not belong to any standard

distribution family; thus, it is impossible to calculate the expectations from

the knowledge of standard distributions. The complexity of (4.26) also leads

to a dead end of using the definition to find E(α) and E(β) as well as the

normalized constant. The Bayesian estimators for E(α) and E(β) cannot be

completed in a direct manner and other approaches must be considered.

Instead of computing E(α) and E(β) analytically, paired sample points

can be drawn from the posterior joint distribution by sampling algorithms. If
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the sample size is large enough, the mean value of these paired sample points

will converge to the true value of E(α) and E(β). Due to the unknown nor-

malized constant in (4.26), it is preferable to apply rejection sampling rather

than other common sampling methods such as Gibbs or importance sampling

methods. Rejection sampling is accessible to sample independently from a

distribution that needs to be specified only up to a constant integration, i.e.

the sampling procedure can be conducted with q(x) instead of p(x), where

q(x) = c · p(x) for an unknown value of c. This method is effective even when

the value of c does not have a closed form, which is similar to the normalized

constant in (4.26) [62–64].

To perform the rejection sampling, an envelope function qen(x) must be

defined such that qen(x) ≥ q(x) for all x in the domain of p(x). In other words,

qen(x) can be a constant cen satisfying cen ≥ supx {q(x)}. The following steps

can then be taken in a loop until the desired sample size has been reached:

Step 1. Generate a random variable xsample from the domain of p(x);

Step 2. Independently generate ysample from the uniform distribution U ∼ (0, cen);

and

Step 3. If ysample ≤ q(xsample), accept xsample as a valid sample point; otherwise,

reject xsample and go back to Step 1.

Though simple, the algorithm of the rejection sampling must be mod-

ified for the application in this case. Because the posterior distribution is a

joint distribution of α and β, q(x) becomes a bivariate function q(α, β):
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q (α, β) =
√
αPG (1, α)− 1 · β

nα−1

Γ(α)n

nlj∏
m=1

Y α−1
m · e

−β
nlj∑
m=1

Ym
(4.27)

The envelope constant cen then turns into a plane Aen on the same coordinates

of q(α, β).

It should be noted that the total volume of the data points m in ak,lj

and bk,lj will range from several hundred up to more than ten thousand at

different production levels, leading to an extremely high upper bound Aen of

(4.27), sometimes even larger than 212000. This indicates that neither Aen

nor q(αsample, βsample) can be generated by any simulation software. Thus,

the rejection sampling must only be done in logarithmic terms. Hence (4.27)

becomes:

ln {q (α, β)} =
1

2
ln (αPG (1, α)− 1) + (nα− 1) ln (β)

− n ln(Γ (α)) + (α− 1)

nlj∑
m=1

ln (Ym)− β
nlj∑
m=1

Ym (4.28)

Working with (4.28), the modified rejection sampling algorithm is summarized

in Steps 4 to 7 as follows:

Step 4. Generate a bivariate paired sample (αsample, βsample) from the domain

D ⊆ {α > 0, β > 0};

Step 5. Independently generate usample from the uniform distribution U ∼ (0, 1);

86



Step 6. Define the envelop function as ln(Aen) = ln(usample) + supx{ln [q(α, β)]};

and

Step 7. If ln(Aen) ≤ ln [q(αsample, βsample)], accept both αsample and βsample as

paired sample (αsample, βsample); otherwise, reject (αsample, βsample) and

go back to Step 4.

Using the modified rejection sampling, 105 paired sample points are

drawn at each production level. The mean values of these paired sample points

reflect the values from BE for parameters α and β. Comparisons of estimated

α and β by MLE and BE are shown in Figure 4.6. To shorten the run time of

sampling and for a better visual inspection, the resolution of the production

level is set to 0.1 p.u. instead of 0.01 p.u. in the previous analysis. Due to

the reduced resolution, it would be better to make comparisons at the vertices

of the solid line. The match from the two methods illustrates the validity of

parameter estimation for the probability model in (4.12) and (4.13).

Relative estimation errors are listed in Table 4.1 for an observation in-

terval of k = 60 min. The overall errors are minute throughout the production

level; however, larger errors can be found from lj = 0.7 p.u. to lj = 0.9 p.u.

The increase of the relative error is generally caused by fewer data points in Ym.

The standard deviations of the errors for a60 are σα = 0.2136×10−3 p.u. and

σβ = 3.5654×10−3 p.u., while σα = 0.4384×10−3 p.u. and σβ = 16.5604×10−3

p.u. are for b60. The larger dispersion of the parameters estimated from the

upper deviation series b60 is caused by the power control events when the pro-
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Figure 4.6: Comparison of α and β estimation results from MLE and BE, the
left vertical axis is the value of α while the right vertical axis denotes the value
of β. The resolution of the production level is increased to 0.1 p.u. for a better
visual inspection. The observation interval is still k = 60 min.

duction level is towards to 1 p.u., which attributes to the data shown in the

fourth sub-figure of Figure 4.2.
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Table 4.1: Relative Estimation Errors Between MLE and BE [�]

lj [p.u.] αa60 βa60 αb60 βb60

0.1 0.0786 0.0383 0.0808 0.127

0.2 0.163 0.0849 0.124 0.0977

0.3 0.194 0.131 0.155 0.197

0.4 0.248 0.314 0.235 0.261

0.5 0.289 0.293 0.320 0.341

0.6 0.352 0.410 0.369 0.291

0.7 0.580 0.579 0.593 0.596

0.8 0.525 0.582 0.506 0.494

0.9 0.423 0.463 0.462 0.405

1.0 0.0405 0.0263 0.0622 0.0591

4.4 Performance of the sCRM underScarce and Noisy
Data

Computational methodologies and probability models of oCRM and

sCRM are compared and shown as a flow chart in Figure 4.7. The green blocks

are the improved components from sCRM, while the reduced and replaced

elements from the oCRM branch are marked in orange and red, respectively.

With an accurate probability model and proper estimated parameters,

the sCRM is expected to have a robust adaptability for the field data, es-

pecially if the data points are sparse. For some cases, the data might be

fractional, e.g., the power time-series is only recorded for a few months with

an extremely low sampling rate. Under these situations, the oCRM cannot
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Figure 4.7: Comparisons of computational methodologies between oCRM and
sCRM. oCRM uses a discrete quantile model, while sCRM employs the con-
tinuous gamma distribution as its probability model.

generate a smooth estimation via the quantile probability model. Due to the

scarcity of the data, abnormal or bad data points will impact the accuracy of

the quantile model significantly, for the oCRM will take every data point into
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account to calculate the conditional range, resulting in a larger error if bad

data points are laying in the desired coverage rate. Wind power data ranging

from January 2004 to March 2004 is extracted from the interpolated NREL

dataset. The data is then down-sampled to a resolution of 10 min, 20 min,

and 30 min, respectively. Applying the down-sampled data, the conditional

range estimation is performed with a coverage rate of p = 90%, an observa-

tion interval k = 60 min, and a 0.01 p.u. production level resolution. The

conditional ranges estimated from oCRM and sCRM for the initial data and

down-sampled data are illustrated in Figure 4.8 and Figure 4.9. As the data

point density decreases, the oCRM loses accuracy and the plots drastically

become fuzzy. The estimated range may even become unusable for data point

resolution greater than 20 min. Under the sparse sampled data, the condi-

tional ranges estimated from both oCRM and sCRM are narrower than under

the initial data. This can be explained that because of the longer sampling

interval, the total points within k-long time are fewer, causing the incapability

of catching wind power variability between the two contiguous sampled data

points.

Not only does it behave superiorly under the scarce sampled data, the

adaptability of the sCRM can be reflected when the coverage rate p is high.

Even with a condensed power dataset, the estimation for a larger coverage rate

depends on the percentage of the bad data in the power-deviation series. For

instance, with 2% bad points in the total dataset, the coverage rate can only

be estimated lower than 98% by the oCRM. Because of the employed gamma
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Figure 4.8: The conditional range is plotted from 1-minute data resolution
to 30 min data resolution for both oCRM. The coverage rate p, observation
interval k, and the production level resolution are p = 90%, k = 60 min and
0.01 p.u., respectively.

distribution in the sCRM, this problem can be solved by minimizing the ef-

fect of these 2% bad points in the likelihood function. During the parameter

estimation, the bias caused by the bad points will be flooded by correct data.

Shown in Figure 4.10, the performance of oCRM and sCRM under 2% noise
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sCRM Estimation

Figure 4.9: The conditional range is plotted from 1-minute data resolution
to 30 min data resolution for both sCRM. The coverage rate p, observation
interval k, and the production level resolution are p = 90%, k = 60 min and
0.01 p.u., respectively.

points are compared. Bad data are generated as random values from a uniform

distribution ranging from zero up to the maximum value in the upper or lower

deviation series. These points are then interpolated into random positions,

which are also sampled from a uniform distribution from zero to the size of
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the data throughout the entire series to replace the original values, resulting

in a 4% replacement in the total volume at each production level. With a 98%

coverage rate, it is obvious that the conditional range estimation in (4.4) from

oCRM has been completely impaired. Although the sCRM is affected, it is

merely a constant offset, which can be easily fixed by a correction factor CF .

The calculation of CF is accomplished by taking the mean value of the

gaps between conditional range estimations from the normal and noisy data

across the production level from 0 p.u. to 1 p.u. Further, the relationship for

CF and the noise data percentage is researched and depicted in Figure 4.11

regarding the coverage rates above 90%.

A lookup table can be established to compensate the impact of noise

points for actual applications. If the accuracy requirement is not rigorous, this

correction factor can be considered linear in respect to the percentage of the

noise points as follows:

CF = LC·Pct (4.29)

where Pct is the percentage of the noise points in the upper or lower deviation

series. LC is the linear coefficient realized as the averaged slope of the lines in

Figure 4.11. For example, LC is approximately equal to LC = 0.0423 under

a coverage rate of p = 98%. More values of LC at different coverage rates are

available in Table 4.2.
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Figure 4.10: Conditional range comparison of oCRM and sCRM under 2%
noise points in the upper and lower deviation series with a coverage rate of
98% and an observation interval k = 60 min.
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Table 4.2: LC Values at Different Coverage Rates

Coverage rate p 90% 92% 94% 96% 98%

LC 0.0209 0.0236 0.0272 0.0326 0.0423

4.5 Summary

The CRM is effective for quantifying the wind power variability during

an intra-hour time span. However, the probability model can be improved and

the joint probability matrix can be reduced to improve the adaptability and

computational efficiency of this methodology. By employing gamma distribu-

tions, the probability model for the power-deviation series has been redesigned
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with parameters estimated by MLE. Proved by Bayesian inference, the gamma

distribution and parameter estimations are valid for the data. Comparisons

by performing the oCRM and sCRM on down-sampled power data and noise

points in deviation series denote a better performance.
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Chapter 5

Evaluation of Quasi-Dynamic Wind Turbine

Model and sCRM

Variable generation sources, wind power in particular, require new ap-

proaches in system planning and operation practices. Proper solutions shall be

proposed to help ameliorate the impacts and imbalances of wind power vari-

ations imposed on the power grid. The development of reduced-order wind

turbine models and methods of quantifying intra-hour power variability have

been largely completed. The importance of simulating wind farms using in-

dividual wind turbine models has been illustrated in Chapter 3. Long-term

simulations can be performed using quasi-dynamic model to generate wind

power time-series from the wind speed dataset introduced in [1]. One desired

purpose is to better understand the characteristics of wind farms in order to

properly propose the control and power dispatch schemes. Quantified by the

sCRM introduced in Chapter 4, the variability of the simulated power can be

studied. Based on the results and analysis in this chapter, detailed design for

reducing wind power variability will be proposed in Chapter 6.

In addition, the simulated power from multiple wind turbines is gener-

alized into generation scenarios using an unsupervised machine learning algo-
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rithm. In respect to the correlation, 10,000 data points are clustered into 10,

50, and 100 scenarios with their respective discrete probabilities.

5.1 Introduction and Literature Study

As an initial trial and study basis, the wind farm will be simulated to-

gether with a generation source for variability mitigation. Starting with a sin-

gle wind turbine, 0.35-p.u. and 0.65-p.u. power sources are attached to the AC

side of the quasi-dynamic model, respectively. Using an averaged power profile

from historical data, the power source would counteract the power variations

by adjusting its generation to meet the imbalances caused by the varying wind

speed. A power generation baseline will be set, therefore, the power source

will treat the wind turbine as a load and increase its output when the wind

power is below the baseline, while decreasing the output when the wind power

is larger than the baseline. To simulate the wind farm in a long-term oper-

ation scenarios for data collection, efforts have been attempted in literature.

The modeling applied for such purposes falls into three categories: data-based

simulation, differential-equation-based simulation and hybrid simulation.

� Data-based simulation relies on the computation of time-series data with-

out considering the interaction between components in an energy system.

Performing the data analysis can be time-efficient to derive and evalu-

ate certain designs with the least system information. To be specific,

the time-series data-based simulation are frequently employed for sizing
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energy storage system or energy sources due to the difficulties and in-

accuracies of modeling such systems. Design optimization can also be

approached by resorting to methods of processing time-series. By mini-

mizing a cost function defined to describe the error between the desired

value and current value, optimal parameters of an electrical system are

able to be determined. Designs and power management schemes can be

efficiently evaluated by data processing up to years, which is statisti-

cally preferable. Reference [65] and [66] have presented such methods

of sizing energy storage systems (ESS) for thermal power systems and

micro-grids, respectively. The ESS is also sized for regenerative braking

in electric railway system with time-series fashion in [67]. Other sim-

ilar research regarding implementation of renewable energy sources is

proposed in [68–72]

� Emphasizing dynamics and accuracy, differential-equation-based simula-

tions implement models in reduced order to improve the computational

efficiency. Therefore, the simulated duration can be from dozens of sec-

onds up to hours. Such modeling typically includes the torque-speed fea-

tures of the generator, electro-mechanical transient and current-voltage

response of the grid [73–77]. Controller design, power flow regulation

and system fault analysis are accessible from this perspective. In [73–75],

dynamic power management regarding cooperation between wind power

and ESSs has been described. Literature [76] and [77] propose dynami-

cal modeling and integration of super-capacitor ESS into the wind farm
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system for demand regulations.

� To compromise the pros and cons between data-based simulations and

differential-equation-based simulations, the hybrid simulation assumes

that some parts of the model are in a time-series form with minimum

amount of differential equation. For example, the control signal can be

pre-calculated or pre-evaluated into scenarios and used as known inputs

or mapping functions, while other system components are represented by

reduced order differential equations. Those simulation realizations have

been implemented in [78–82].

In this chapter, simulations are performed based on the hybrid simula-

tion concept. The system is developed from the quasi-dynamic wind turbine

model, yet, power control and regulation schemes are not calculated in real-

time. Rather, they are implemented using the historical power data and have

already been computed off-line. These power control and regulation com-

mands for the reserved generation source will be stored in a text file and read

by PSCADTM.

5.2 Wind Turbine Level Simulation

On a single wind turbine level, wind power variability will be assessed

by running reduced-order models using long-term wind speed time-series. The

diagram with a wind turbine and a generation source is illustrated in Figure

5.1. Appearing in the yellow block in Figure 5.1, wind speed datasets are

101



obtained from ID 12 (31.28°N, 104.52°W) in the NREL database [1] that is

the same source of wind speed data used for the validation process in Section

4.4. Paralleled with the wind turbine, an generation source is connected at the

point of interconnection (POI), supporting active power to compensate wind

power fluctuation.

Grid

～

Reserved 

Generation 

Source

System ModelInput Data

Wind Speed 

Data from 

NREL

Averaged 

Historical Power 

Reference 

POI

Figure 5.1: Reducing and managing wind power variability on a wind turbine
level

The research for the generation source commences with characterizing

its interactions with the wind turbine in reducing power variations. Power

ratings of 0.35 p.u. and 0.65 p.u. are chosen as initial trials, assuming an

unlimited energy capacity. After the data from monthly operations has been

collected, the required operational capacity can be estimated using the amount

of total throughput energy provided by the source. This idea is further devel-

oped into a method for sizing energy storage systems in Chapter 6. Probabilis-

tic coverage can, thus, be developed to quantify the power dispatch behaviors
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regarding the effectiveness of power variability reduction. Controls, at this

stage, can use the hourly averaged historical power data in the past. Aver-

aged power from the past 1 hour, 3 hours, 6 hours, 9 hours, and 12 hours is

realized as production levels, directing the generation source to cooperate with

the quasi-dynamic model accordingly.

To compare the power variability in a more straightforward represen-

tation rather than to discriminate between the CRM graphs, the conditional

range over all production levels needs to be averaged for its statistic expec-

tation such that the comparison will be performed between simple numbers,

which denote power variations. From the historical data, the probability of

appearance wlj can summarize the conditional range CRk,lj ,p. wlj is calcu-

lated by taking the probability summation of where the output power lies in

the desired production level:

wlj =
∑

P (Xn ∈ lj). (5.1)

The averaged conditional range CRavg,k,p is, thereby, derived as the

expectation of CRk,lj ,p over the entire domain of lj as follows:

CRavg,k,p =
1∑

lj=0

wlj · CRk,lj ,p. (5.2)

Quantified by the averaged conditional range, the 0.35-p.u. and 0.65-

p.u. generation sources are simulated by the quasi-dynamic wind turbine

model using wind speed dataset from January 2004. Five monthly power
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output data regarding the aforementioned averaging length from the wind

power and the generation source is generated, whose variability is listed in

Table 5.1 with a coverage rate of p = 95% and observation interval k = 60

min.

Table 5.1: Averaged CR from a 95% Coverage Rate

Averaged CR without Generation Source

0.1999 p.u.

Averaged CR with Generation Source

0.35-p.u. Source 0.65-p.u. Source

1-hour Averaged Reference 0.1664 p.u. 0.1647 p.u.

3-hour Averaged Reference 0.1317 p.u. 0.1215 p.u.

6-hour Averaged Reference 0.1280 p.u. 0.0969 p.u.

9-hour Averaged Reference 0.1335 p.u. 0.0931 p.u.

12-hour Averaged Reference 0.1360 p.u. 0.0918 p.u.

The conditional range metric (CRM) through the entire production

level is displayed in Figure 5.2 for both 0.35-p.u. and 0.65-p.u. sources. The

narrower CRM denotes an more effective statistical reduction on intra-hour

power variations.

Impacts from different control references in terms of various averaged

hours are summarized in Figure 5.3. Below a certain threshold, extending the

length of the averaged hours can reduce CR. The variability, however, will

increase in a prolonged averaging length, even with an ideal assumption on

power ramping time. The increased variability using longer length of averaged
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Figure 5.2: Conditional range metric estimations using 0.35-p.u. and 0.65-p.u.
generation sources with p = 95% and k = 60 min

hours is caused by the incapability of following short-term wind power vari-

ations, other words, the power demand from the dispatch scheme is beyond
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the maximum power support from the generation source. The 0.35-p.u. gen-

eration source reaches its best result by averaging the power time-series in the

past 6 hours, while the 0.65-p.u. generation source will not be optimized until

the past 12-hour data has been applied. Note that the reduction of power vari-

ations is nonlinear to the length of averaged hours and becomes less effective

when it is towards the best results. Generation sources with a fast response,

such as power-electronics based interfaces, can apply a shorter length of aver-

aged hours for tracking and compensating short-term wind power variations,

which appear to fluctuate in a more random and drastic pattern. The details

on controlling short-term imbalances and providing long-term power support

will be analyzed in Chapter 6.

By considering ideal generation sources, power variability reductions re-

lated to source power ratings are revealed. In the real-world, it is impractical,

however, to integrate large capacity generation sources that specifically cooper-

ate with the wind farm for migitating variability. The wear-and-tear problems

on conventional generation sources do not allow a fast-response power adjust-

ment under a high power changing rate. Because the generation source can

be considered as an ESS with an infinite energy capacity, its cooperation with

the wind farm can be analyzed for determining the ESS energy capacities.

Methods for sizing the ESS will be investigated via power dispatch patterns

acquired from simulation. Researching and analyzing the output power from

the generation source can seek for a reasonable method to quantify the source

utilization via probabilistic distributions and statistical approaches.
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Figure 5.3: Averaged conditional range in respect to generation source rating
and length of averaged hours with p = 95% and k = 60 min

Further, in terms of response time, different types of ESSs will inter-

act with the wind power in different manners. For instance, a hydro-based

interface with response time in minutes is less effective for compensating vio-

lent power fluctuations in short-term, yet, it can contribute as a more steady

energy supply during long-term operations. The generation response time re-

garding various technologies can be characterized to optimize the power vari-

ability management. For example, it is possible to implement a combined

energy system with different technologies, taking both advantages of mitigat-

ing short-term imbalances and providing sustained power to meet the load
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demand.

5.3 Wind Farm Level Simulation

5.3.1 Simulation of Small Wind Farms and Reserved Generation
Sources

To evaluate the operational characteristics of a wind farm, simulations

are performed to reduce wind power variability using two system layouts illus-

trated in Figure 5.4: distributed energy source and centralized energy source.

A small wind farm is set up using three individual quasi-dynamic wind tur-

bines to study the cooperative controls for operating the 0.65-p.u. generations

source. In Figure 5.4, the total power ratings for two configurations are the

same. For the distributed configuration, small generation sources such as

micro-turbine or fuel cells that can be spread over the wind farm, coordinat-

ing with the wind turbines based on their respective power profiles, while the

centralized ESS targets for cooperating with wind farms using a control ref-

erence from the aggregated power output, ignoring individual wind turbine

behaviors. Wind speed dataset during January 2004 are drawn from [1] at

ID 12 (31.28°N, 104.52°W), ID 39 (31.46°N, 104.61°W) and ID 110 (31.68°N,

104.72°W). These three locations are 15.5 miles apart (from south to north),

representing a regional-spreaded geographical dispersion.

According to stochastic process, as the wind farms grow larger, the

power variation should exhibit a smoother profile via aggregation. This has

been validated by running the wind farm without the generation source in
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Figure 5.4: Two configurations for operating generation sources. The total
power ratings are the same for both layouts.
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Figure 5.4. Power time-series for each wind turbine and the wind farm are

analyzed by the averaged conditional range, derived from p = 95% and k =

60 min in Table 5.2. The conditional range through the entire production

level has been plotted in Figure 5.5. By aggregating the power from three

wind turbines, the averaged CR has been reduced by roughly 26.7%. If the

locations of the three wind turbines are farther from each other, the power

variability of the wind farm could be even lower. This is because the wind

speeds between different locations are less correlated in a widespread area,

leading to a randomness on turbine-side output. Although the absolute power

variations of a wind farm is larger than single wind turbines, the variability in

per-unit experiences a decreased value reflected both in Table 5.2 and Figure

5.5. In Figure 5.5, not only is the per-unitized conditional range magnitude of

the wind farm smaller than that of single wind turbines, but also the curve is

smoother.

Table 5.2: Averaged CR from Simulated Wind Farm without Reserved Gen-
eration Source

Averaged CR

Wind Farm 0.1502 p.u.

Wind Turbine ID 12 0.1960 p.u.

Wind Turbine ID 39 0.1930 p.u.

Wind Turbine ID 110 0.1933 p.u.

Simulated in PSCADTM environment, the generation data from the

two source layouts is performed into CRMs in Figure 5.6. With the averaged
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Figure 5.5: Conditional range estimation for single wind turbines and wind
farm with p = 95% and k = 60 min.

conditional range summarized in Table 5.3, the centralized generation source

appears to have a better control of the power variability. This explains the

less power variation from a wind farm than that from a single wind turbine as

analyzed in Table 5.2, which gives a smoother control reference to the gener-

ation source. If the implemented source possesses a slower respond time, the

advantage of employing a centralized generation source such as hydro power

station is even more preferable.
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Figure 5.6: Conditional range using distributed and centralized generation
sources with p = 95% and k = 60 min.

Table 5.3: Averaged CR from Distributed and Centralized Generation Sources

Averaged CR

Without Generation Source 0.1502 p.u.

Distributed Layout 0.0747 p.u.

Centralized Layout 0.0720 p.u.

5.3.2 Analysis of Correlation

For wind farm analysis, a statistical measurement is sample correlation

coefficient which describes the correlation between two series X(k) and Y (k)

[83].

112



ρX,Y =

∑
k

(
X (k)− X̄

) (
Y (k)− Ȳ

)√∑
k

(
X (k)− X̄

)2∑
k

(
Y (k)− Ȳ

)2 (5.3)

where X̄ and Ȳ denote the sample mean values in series X(k) and Y (k).

The positive and negative correlated data will feature correlation coefficients

1 and -1, respectively. A zero value corresponds to two completely indepen-

dent datasets. The correlation analysis is used to determine power generation

independence between different locations.
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Figure 5.7: Correlation coefficients calculated from wind speed, power gener-
ated by quasi-dynamic model and reserved generation source

Using the simulation data acquired from the distributed generation

source configuration in Figure 5.4 (a), wind speed, raw wind power and gener-
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ation sources can be further analyzed by correlation coefficient defined in (5.3).

Demonstrated in Figure 5.7, the correlation reduces as the distance increases

due to the geographical discrepancies of the wind power source. Taking the

wind turbine ID 12 as the origin, the wind speed correlation decreases almost

linearly regarding the distance from ID 12 to ID 39 and ID 110. The corre-

lation of power follows the trends of the wind speed, but, decreases slightly

faster due to the dynamical response to wind speed changes. The correlation

of different generation sources plummets compared to those of wind speed and

power time-series. This is because the power dispatch of the reserved gen-

eration is determined by the averaged power from historical generation data,

which breaks the correlation between adjacent wind sources by averaging. The

decrease of correlation in generation sources also explains the better results

from distributed layout due to the fact that the sources can work more inde-

pendently.

Correlation matrix denoting the relevance between each two wind tur-

bines are shown in Figure 5.8 for ID 12, ID 39 and ID 110. Compared to Figure

5.7, the detailed correlation coefficients are provided in numerical expressions.

Taking advantages of the correlated information, wind power generation

can be generalized by taking generation data from all individual wind turbines

to formulate generation scenarios [84,85] in later sections.
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Figure 5.8: Correlation matrix among ID 12, ID 39 and ID 110

5.4 Scenario Generation of Wind Farms

To generalize generation scenarios of correlated wind turbines, unsu-

pervised machine learning algorithms can be applied for clustering and di-

mensional reduction of the wind power data. Using the sampled power data,

power uncertainty prediction can be derived by power density in a time-series

fashion [86]. Discrete power data can also represent the wind power output

in scenarios. Applying discrete distributions to those scenarios, wind farm be-

haviors can be predicted by the probability of falling into a specific generation

level. Because of the vast volume of sampled time-series data, reductions are

desirable to simplify the output patterns of wind farms [87–92]. In [87], sce-
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nario reductions are performed on a single aggregated wind farm to combine

the power-versus-time curves from 1000 scenarios down to 10 scenarios. Sim-

ilarly, 3000 power profiles in a day-length frame have been represented by 3

generalized cases in [88]. Scenario-based models can be implemented to solve

power management problems as well as sizing energy storage systems [89,90].

These models are also applicable on power ramp event forecasting [91] and

transmission expansion planning [92].

In order to develop generalized generation scenarios for correlated wind

turbines in a regional wind farm, a unsupervised machine learning algorithm

is employed to reduce the original 10,000 data samples down to 10, 50, and

100 scenarios by clustering the correlated sample points. The probability of

the generation scenarios can, thus, be calculated from discrete probability

distributions. An illustration of clustering 2000 generation samples from two

wind turbines with geographical proximity is displayed in Figure 5.9. The raw

power data is grouped by a K-means algorithm to identify underlying cluster

patterns. Other clustering methods in [93] are, likewise, accessible. Shown by

the orange bar chart, the five cluster centroids represent five correlated power

output scenarios with respective probabilities from P1 to P5.

In addition, using the generalized generation scenarios, the data di-

mension can be compressed by applying principal component analysis. For

example, because the power samples in Figure 5.9 are correlated between wind

turbine #1 and #2, the 2-D data can be projected onto a 1-D domain depend-

ing on their relevance. Strongly correlated data will perform better during

116



0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

Wind Turbine #1 (p.u.)

W
in

d
 T

u
rb

in
e

 #
2

 (
p

.u
.)

 

 

Scenario 1:

Scenario 2:

Scenario 3:

Scenario 4:

Scenario 5:

Probability

P1

P2

P3

P4

P5

Figure 5.9: Illustration of clustering generation scenarios for two wind turbines.
The original 2000 scenarios are generalized into 5 basic patterns.

dimensional reduction of data features. Thus, the regional wind farm can be

represented by power data in a lower dimension with occurrence probabilities.

5.4.1 Unsupervised Machine Learning for Clustering Wind Power
Generation Data

Unsupervised machine learning involves in finding hidden structures

among unlabeled data. Because of the unlabeled attribute, there is no er-

ror terms in evaluating a potential solution, which differs from the supervised
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learning. The optimized solution, accordingly, will be obtained by minimizing

its cost function regarding all data points. In this work, the unlabeled power

time-series from correlated wind turbines are processed by unsupervised learn-

ing methods to detect potential generalized patterns as generation scenarios.

5.4.1.1 K-Means Clustering Algorithm

K-means clustering, proposed by MacQueen in 1967 [94], is a method

commonly used to automatically partition a dataset into K groups. It is, by

far, the most popular and widely used algorithm in clustering raw data, such

as social network grouping, computer vision pattern recognition, or business

market segmentation, etc [95]. K-means method employs K prototypes which

serves as centroids of the data clusters for characterizing the raw data. Then,

each data point xi in the dataset x1, x2, ..., xn is assigned to the nearest cen-

troid. Consequently, the input data can be clustered into K disjoint subsets for

generalization. The optimization objective is to minimize the cost function de-

fined by Euclidean distance between each data point xi and its corresponding

cluster centroid µk [96–98]:

J (µ1, µ2, · · · , µK) =
K∑
k=1

∑
i∈Ck

‖xi − µk‖
2

(5.4)

where Ck is the cluster that xi belongs to. The process of finding the clusters

is to iterate through all data points, assigning them to the closest centroid to

form new clusters, and finally updating the cluster centroid by averaging all

members in the new clusters. The iteration will stop until the cost function
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converge to its minimal value. The following pseudo-code summarizes the

operations in each iteration.

Repeat { for i from 1 to n:

Find the closest centroid µk for data point xi

and assign xi to its respective cluster Ck by

setting the index array of each data idx(i) = k.

for k from 1 to K:

Average all elements in Ck using the index

array idx to locate the data points and update

the new centroid µk to the mean value calcul-

ated above.

Calculate the cost function J(µ1, ..., µk) and

compare its value with the last iteration for

convergency.}

The graphic illustration of K-means clustering is displayed in Figure

5.10 after seven iterations. The centroids have moved from their initial values

to the cluster center, therefore, the data samples can be correctly grouped to

their corresponding cluster from the final updated centroids.
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Figure 5.10: An example of clustering data using K-means algorithm.

5.4.1.2 Random Initialization of K-Means Algorithm

Theoretically, the initialization of centroids should not impact the op-

timization solution using iteration. Yet, due to complicated data dispersion,

some centroids can fall into local optima rather than the global minimum.

Studies focusing on improving the algorithm to avoid the local optima have

been conducted in [99, 100]. In this work, a simple random initialization is

applied. Data samples are selected randomly from the raw dataset and as-

signed as the initial values for the centroids. Then, the K-means method can

be executed multiple times with different randomized centroids to find the

clustering solution which possesses the smallest value of J(µ1, ..., µK). The

random initialization is computationally expensive if the dataset is large. But,
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it is adaptive and robust for most study cases and performs statistically even

better when the number of clusters are excessive compared to the total data

volume.

5.4.2 Principal Component Analysis

To further generalize the generation scenarios by combining correlated

wind turbine outputs, principal component analysis (PCA) is implemented to

reduce the dimension of featured data [101–103]. PCA is a analytical procedure

that uses an orthogonal transformation in which the reduced features will be

projected onto the remained features. This method is widely employed by

image and audio compression algorithms. In this study, features are defined

as different wind turbines whereas the data is power generated in time-series.

Figure 5.11 shows a dimensional reduction of wind power data using PCA. By

projecting the 2-D data (blue samples) onto a 1-D domain (red samples), the

generation scenarios can be reduced by 50%. It should be noted that PCA is

only valid for correlated datasets. Its performance will deteriorate if the two

data sources are independent or weakly correlated.

The calculation of PCA starts with formulating a covariance matrix

from the dataset x1, x2, ..., xn with m features. Since x1, x2, ..., xn are derived

from power time-series, its features represent m correlated wind turbines in a

regional wind farm. The covariance matrix is defined as:

Mm×m =
1

n

m∑
i=1

(
x(i)
)(
x(i)
)T

(5.5)
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Figure 5.11: Projecting 2-D wind power data onto a 1-D domain. The two
data sources must be correlated.

Because the feature and correlation information are included in covari-

ance matrix, singular value decomposition of M performs orthogonal transfor-

mation among features:

Um×mΣV
∗ = svd(M) (5.6)

The column vectors in matrix U denote projected features and thereby

can be used for dimensional reduction. If the generation data is desired to

be in R dimension, a reduction matrix Ureduce is formed by taking the first
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R columns from U . Finally, the following equation computes the generation

scenarios in a reduced dimension:

z
(i)
R×1 = UT

reducex
(i) (5.7)

Depending on the level of correlation between sampled power data,

the final dimension R should be properly selected to avoid excessive data

compression [104]. Therefore, a measurement is defined as retained variance

to describe how much information of the data has been left:

V arretained =

n∑
i=1

∥∥x(i) − z(i)∥∥2
n∑
i=1

‖x(i)‖2
(5.8)

Due to the computational complexity of (5.8), an alternative method

for calculating retained variance is to sum up elements in the diagonal matrix

Σ from singular value decomposition in (5.6). The following equation is thus

developed to characterize the data compression:

V arretained = 1−

R∑
i=1

sii

m∑
i=1

sii

, sii ∈ Σ (5.9)

5.4.3 Generalizing Wind Power Generation Scenarios

To evaluated the proposed method for generation scenario generaliza-

tion, wind power datasets are loaded from simulations in Section 5.3 at ID
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12, ID 39 and ID 110. The simulation results in 1-minute resolution are down

sampled to a 10-minute density to increase the total length of analyzed data

for 10,000 sampled points. This operation will not cause variations in corre-

lation due to the time-series properties. The 3-D power samples are shown in

Figure 5.12. These data will, later, be clustered into 10, 50, and 100 scenarios

by K-means algorithms. There are total 10,000 generation samples as initial

scenarios, therefore, each data sample represents an occurrence probability of

0.01%.
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Figure 5.12: Wind power data samples to be generalized.

As mentioned in Section 5.4.1.1, clustering wind power generation sce-

narios is only valid when the power from individual wind turbines has correla-

tion. It is not representative to generalize independent wind power generation

data due to the unordered power output pattern. Completely independent and
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random distributed wind power data will disperse evenly in the linear space

and cannot be grouped uniquely by clustering algorithms. A smaller correla-

tion coefficient will induce a larger cost calculated by (5.4), thereby, resulting

in weakly clustered scenarios. In this case, the solution might not be unique

even using randomized initializations for centroids. Because the power from

wind turbine ID 12, ID 39 and ID 110 is highly correlated according to Figure

5.8, it is viable to generalize their power generation scenarios using clustering

algorithms.

Figure 5.13 demonstrates the generalized wind power generations for

10, 50, and 100 scenarios with their respective discrete probability distribution

from data occurrence. The minimum costs computed by (5.4) are displayed in

Table 5.4. The 10-scenario generalization suffers from a high bias for the learn-

ing samples, which means the model does not represent the enough variance

of the data. More scenarios can minimize the cost, however, they will fail to

generalize wind farm generation due to over-fitting of the data. For example,

although it obtains the minimum cost of 50.93, the 100-sceinario generaliza-

tion ends up with only 97 valid clusters including one cluster at point (0, 0,

0) and another two empty clusters. The shrinkage in valid clusters shows that

the maximum possible scenarios for this dataset are no more that 100. In this

case, increasing the cluster volume K cannot further reduce the cost and will

not perform a better data fitting.

Using PCA, the generation scenarios in 3-D can be reduced down to

1-D, representing the regional wind farm by single wind turbine. In this study,
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Table 5.4: Minimum Cost, Valid Clusters and Retained Variance for General-
ized Scenarios

Scenarios Minimum Cost Valid Clusters Retained Variance

10 258.65 10 97.5%

50 80.51 50 75.4%

100 50.93 97 75.9%

the power from WT ID 39 and WT ID 110 is projected onto WT ID 12 for

illustration. The retained variances for different number of scenarios are also

listed in Table 5.4. The 10-scenario generalization acquires a retained vari-

ance of 97.5%, indicating that the total generation information stored in the

3-D data remains up to 97.5%. This is because after clustering, most of the

correlation between scenarios has been maintained. Serving as generalized

generation cases of the wind farm, the power output and probability of the

10-scenario generalization are shown in Table 5.5. This power output stands

for the power from WT ID 12 while taking the operational information from

other two wind turbines into account. The comparisons of projected power

using PCA and actual power from aggregation are shown in Figure 5.14. Due

to the size of the test wind farms is small, power from PCA matches the actual

power well. Inconsistence will occur as the wind farm grows larger in which

wind turbines are not closely correlated. Differing from simple power aggre-

gation, dimensional reduction by PCA is found convenient for studies which

take power from one wind turbine while still needing to consider correlated

interactions from other wind turbines.
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Figure 5.13: Generalizing wind power generation into 10, 50, and 100 scenarios with their respective
occurrence probability.
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Table 5.5: 10-Scenario Power Outputs and Corresponding Probabilities after
Performing PCA

# of Scenarios Power Output (p.u.)* Probability

1 0.978 8.41%

2 2.137 6.15%

3 2.044 3.92%

4 2.327 4.50%

5 0.479 16.96%

6 2.885 13.78%

7 1.570 4.22%

8 0.951 8.18%

9 0.113 25.62%

10 1.525 8.26%

*: The base power 1 p.u. stands for a single wind turbine
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Figure 5.14: Comparison of reduced power dimension from PCA and actual
power from aggregations.
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5.5 Summary

In this section, the quasi-dynamic model has been evaluated by NREL

wind speed data on both wind turbine and wind farm levels. Simulated power

data is processed by CRM for variability analysis. To compensate the power

variations, a ideal reserved generation source cooperates with the wind power

to study the effectiveness. Further, power correlationship among inividual

wind turbines has been invesgated. By considering power time-series from

individual wind turbines as data features, a K-means clustering method has

been applied to summarize the raw power data into 10, 50, and 100 generations

scenarios. Discrete distribution density can be calculated by fitting the data

points into these scenario clusters. To further perform scenario compression,

a PCA method projects the power from WT ID 39 and WT ID 110 onto

WT ID 12. Therefore the 3-D generation scenarios have been reduced to a 1-

D, probability-based power output to represent the behavior of the three wind

turbines as a whole. In addition to dimensional reduction, retained variance of

the raw data has been analyzed by summing up the elements in the diagonal

matrix from PCA. The results show that a maximum of 97.5% of the data

variance are remained during compressing the data from 3-D to 1-D.
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Chapter 6

Sizing and Coordinating Fast- and

Slow-Response Energy Storage Systems to

Mitigate Wind Power Variations

Despite the merits of integrating renewable energy into the grid, power

variability and uncertainty from wind power plants have grown into major

issues for system operators. The increasing wind power penetration in the

electric power grid heightens the applications of energy storage systems (ESS)

to mitigate power variability. In West Texas, the Notrees Wind and Bat-

tery Storage Project has deployed a 36 MW/24 MWh ESS to respond to grid

conditions from a nearby 153 MW wind farm interconnected with the Elec-

tric Reliability Council of Texas (ERCOT) power system [105]. A method

of sizing the ESS to reduce wind power imbalances is demonstrated in [106]

by minimizing deviation of actual wind power generation from its hourly av-

erage. In [4] and [107], the ESS is implemented to manage general energy

imbalances among multiple power sources including the wind power. Similar

designs through different control and operational methods could also be found

in [108–112].

Unfortunately, ESSs that feature a fast response, such as battery- or

super-capacitor-based ESSs with power electronic interfaces, are low on cost-
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efficiency due to their initial infrastructure and capital expenses. These ESSs,

also, are limited by their energy capacity to provide long-term power support.

In addition, the ordinary battery-based fast-response ESSs suffer from lifetime

depreciation affected by charge and discharge cycles from control strategies and

power dispatch schemes [113–116]. For example, frequent power regulations

with deep charge and discharge will cause the battery-based ESS service period

to prematurely expire. Fortunately, to ameliorate the aforementioned issues,

a slow-response ESS, such as a pump-hydro or compressed-air ESS, can be

employed and coordinate with the fast-response ESS such that the total size

of the fast- and slow-response ESSs will not be larger than using the fast-

response ESS alone. The wear-and-tear problem of conventional generators

used in such slow-response pump-hydro or compressed-air ESSs can also be

improved [117,118].

The objective of this section is to present a methodology for determining

the fast-response ESS unit’s power and energy ratings based on the sCRM

[19] so that its operation can be coordinated with an existing slow-response

ESS. Coordinating the fast- and slow-response ESSs is expected to reduce

the variability of hourly wind power generation and maximize the life span

of the fast-response unit. The methodology is demonstrated and applied to

a 38-MW wind farm equipped with an 18-MW slow-response pump-hydro or

compressed-air ESS that features a ramp rate of 600 kW/min.

Probabilistic-based sizing and computing methods are proposed. These

methods are developed from the conditional range metric (CRM) described in
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section 4. To control the ESSs, desired power profiles are determined from the

persistence forecast [108,119] and power step-change (PSC) forecast. Next, two

ESS configurations and power dispatch schemes for coordinating the fast- and

slow-response ESSs are proposed. By simulating ESS operations on a 38-MW

wind farm, applicability of the proposed methods is demonstrated. Two years

of actual wind power time-series data is available for this work. Year 1 data is

used to calculate ESS designed parameters, whereas Year 2 data validates the

effectiveness and performance of ESS operations. Results from the coordinated

power and energy dispatch schemes are evaluated in terms of the averaged

conditional range (CR). Assessed by a rainflow-counting algorithm [106, 120],

lifetime depreciations of the fast-response ESS are compared among various

ESS layouts and control strategies.

This chapter is arranged as follows: Section 6.1 presents preparatory

wind power data and evaluation rubrics. Section 6.2 introduces a generic ESS

model that includes both the fast- and slow-response ESSs. This section also

presents the calculation of desired power profiles from forecasts for ESS con-

trol. In Section 6.3, optimal ESS sizing is detailed. ESS coordination and

control methods for power dispatch are summarized in Section 6.4 . Finally,

in Section 6.5, various control schemes are compared in terms of ESS oper-

ational independence, the effec-tiveness of power variability reduction, and

fast-response ESS lifetime depreciation.
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6.1 Wind Power Data and ESS Lifetime Evaluation

This section presents wind power source data and an algorithm to quan-

tify the ESS’s lifetime. Instead of using power data evaluated by NREL, real-

world data from ERCOT is applied.

6.1.1 Wind Power Time Series

The analysis draws from two years of field-measured wind power data

with 1-minute resolution from a 38-MW wind farm system. The generation

data has maximum power at 37.95 MW and 38.04 MW in Year 1 and 2,

respectively.

Although the data points have been reliably recorded, pre-processing

them can eliminate spikes and interpolate missing points by linear interpola-

tions. Additionally, negative power from the auxiliary equipment appears in

the dataset when the wind speed is below cut-in level. The negative power has

a peak absolute value of 510 kW, which weighs only 1.3% of the rated name-

plate capacity. Because it does not represent any power variability caused by

the wind energy, these negative points have been replaced by zeroes.

Wind power data in Year 1 is used to determine ESS ratings and control

parameters, while the simulations use Year 2 data to evaluate the design’s

adaptability.
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6.1.2 Battery Lifetime Assessment of the Fast-Response ESS

To evaluate the control and power dispatch schemes, it is necessary

to understand the battery’s lifetime consumption. As was addressed in [113]

and [114], the charge/discharge cycles of chemical-based batteries, such as

NaS or lead-acid types, can be significantly affected by the depth of discharge

(DOD). In this work, the DOD is represented by the battery state of charge

(SOC) modeled within the ESS:

DOD(t) = 1− SOC (t) = 1− Efast (t)

Efast,rated
. (6.1)

Although multiple battery lifetime models have been investigated thor-

oughly in [115], the explicit life cycle versus DOD expression is not provided.

Using the data points from the manufacturer and extrapolation with detailed

parameters, Gee et al have formulated a polynomial model for battery cy-

cles in [116], which evaluates the effect of small charge/discharge cycles. This

battery cycle model is adopted and its parameters are partially modified con-

sidering a NaS battery performance as follows:

CDOD = a ·DOD−4 + b ·DOD−3 + c ·DOD−2 + d

·DOD−1 + e where a = −1.35× 10−12, b = 1.5

× 10−7, c = −1.51× 10−3, d = 1580.5, e = −115.

(6.2)

The lifetime cycles of the battery in (6.2) is shown in Figure 6.1. The

ESS lifetime depreciation will be computed based on this characteristics.
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Figure 6.1: Battery lifetime cycle versus DOD in logarithmic domain. This
curve is derived by linear extrapolating the data from manufacturer.

The battery-based ESS, in fact, is frequently charged and discharged

in incomplete cycles, e.g. from SOC = 0.8 to SOC = 0.5, creating more

complicated cases for accessing its lifetime consumption. A rainflow-counting

algorithm developed in [120] for counting metal fatigue cycles can be employed

to calculate incomplete charge/discharge cycles. Ke et al have successfully uti-

lized this method to assess the lifetime of an ESS when it is used to compensate

for power imbalances of variable generation sources [106]. Figure 6.2 demon-

strates an example of the rainflow algorithm counting incomplete cycles with

SOC time series used as the input. The SOC time series in Figure 6.2(a) is

converted into independent ranges and displayed in Figure 6.2(b). The lifetime

depreciation of the ESS can thus be derived by those ranges.

The lifetime consumed during an incomplete cycle is computed by con-

verting it into two complete cycles illustrated as follows [106]:
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Figure 6.2: An example of counting incomplete ESS charge/discharge cycles
in a complex working condition using the rainflow algorithm: (a) Input SOC
time-series data; (b) Incomplete cycles counted by rainflow algorithm.

LIncompletedepre = LCompletedepre,lower − L
Complete
depre,uppwer

= 1/CDOD,lower − 1/CDOD,upper.
(6.3)

Finally, the total battery ESS lifetime depreciation is the summation

of all cycles, including incomplete and complete cycles, using the following

equation:
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LTotaldepre =
∑

LIncompletedepre +
∑

LCompletedepre . (6.4)

6.2 Generic ESS Modeling and Power Forecasts

In this section, the fast- and slow-response ESSs are mod-eled based on

the time-series data. The desired power profile, namely the forecasted hourly

wind power, is determined.

6.2.1 A Generic ESS Model

Modeling an ESS involves in the consideration of response time. Me-

chanical ESS with larger energy storage capacities, such as pumped hydro and

compressed air ESSs, react slower compared to power-electronics-based bat-

tery and super-capacitor ESSs. Because the variability mitigation target is the

wind power time series with a 1-minute resolution, power dispatch strategies

are realized as steady-state analyses [121, 122]. Using the power data from

a 38-MW wind farm, a generic ESS model can be generalized in time-series

fashion by the energy conversion Ptotal and Eess:

Ptotal (t) = Pess (t) + Pwind (t) , (6.5)
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Eess (t) =



Eess,rated (if SOC = 1)
t∑
i=0

η · t−1ramp · Pess (i) + Eess,rated · SOC(0)

(if 0 < SOC < 1)

0 (if SOC = 0).

(6.6)

With the above model, fast- and slow-response ESSs for this work can

be performed by specifying a changing rate limiter to Pess. The battery-

based fast-response ESS therefore acquires a response time down to 1 minute,

identical to that of the data resolution. In contrast, the power changing rate of

the slow-response ESS is limited in terms of a ramp time tramp which indicates

the time needed to from Pess = 0 to Pess = 1 p.u. A typical value of tramp is

tramp,slow = 30 min. One-way energy conversion efficiencies for both ESSs are

considered, i.e., ηfast = 0.85 and ηslow = 0.7.

6.2.2 Wind Power Forecast

To size the ESS and design power dispatch schemes, a desired power

profile is required as the input reference of the system. Following several other

studies, there are two major sources for this input power reference: using the

load demand [3, 123, 124] or using the forecasted wind power [4, 108]. From

a system operating and reliability perspective, introducing load demand to

determine the power dispatch is preferable. However, because the load de-

mand is not correlated with the wind power generation, significant energy

deficiency/surplus may occur frequently. Using load demand approach as the

desired power profile, thus, is not suitable for operating the ESS due to its
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finite amount of energy availability. In this study, the ESS application aims

for mitigating power variability quantified by the CRM when the load de-

mand is not an assumed prerequisite. Accordingly, forecasted power profiles

are applied.

6.2.2.1 Persistence forecast

To ease wind power uncertainties imposed on the grid power flow, per-

sistence forecasts can be implemented. Referring to the definition in [119],

the persistence forecast assumes future wind power production will remain

the same as the last measured value. By averaging the last N measured wind

production values, the persistence predictor can be written as:

P̂ (t+ kpredict|t) =
N−1∑
i=0

Ptotal (t− i) /N. (6.7)

Three scenarios [108] for the persistence forecast are ‘T×2’, ‘T×1’, and

‘T×0’, listed from the worst case to the best. Their prediction horizons are

kpredict = {T, 0,−T}. In order to minimize the impact of forecast errors on ESS

sizing and control deployments, the best-case prediction T×0 is implemented

regarding power fluctuations only within T . Due to the moving average, the

persistence forecast generates a smoothed power profile with a reduced short-

term variability.
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6.2.2.2 Power step-change (PSC) forecastt

For wind farm owners who need to announce their committed gener-

ation levels to the market in advance, the PSC forecast is more applicable

than the persistence forecast. The persistence forecast can hence be modi-

fied: Instead of creating a smoothed power profile, power can be predicted in

terms of hourly step changes. The reference power is sectionalized into T -long

intervals within which the desired power is constant. Forecasted wind power

from persistence and PSC methods with the prediction T×0 is illustrated in

Figure 6.3. In order to reduce hourly wind power variations for the aim of

this section, the prediction period here must be at least 60 min. In Figure 6.3,

T = 120 min is plotted for illustrative purpose.
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Figure 6.3: Demonstration of persistence forecast and PSC forecast with a
prediction period of T = 120 min.

Quantified by the CRM, intra-hour variability from the raw wind power,

persistence-forecasted power, and PSC-forecasted power during Year 1 are
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displayed in Figure 6.4. The quantification considers a p = 90% coverage rate

and a 1-hour observation interval. The diagonal curves represent the maximum

and minimum power production outputs. The grey scale portions are the

conditional ranges, namely the potential power varying range with respect

to p and k. The coverage rate p and observation interval length k indicate

that within k-long duration, the wind power will vary between maximum and

minimum outputs 90% of the time. Note that, although the PSC forecast

portrays less variations within each step, the sudden change between steps

will, in fact, increase the short-term variability. This sudden change induces

serrations in the CRM diagram in Figure 6.4. A lower coverage rate p can

minimize the serrations by excluding the sudden change between consecutive

steps in the gamma probability model.

6.3 Sizing the ESSs

Using the CRM, wind power variability can be accurately quantified.

The sizing for ESS power and energy capacity ratings can also be determined

by this method.

6.3.1 Sizing the Power Capacity Ratings Pess

Aiming for mitigating intra-hour power variations, the ESS power rat-

ing can be determined by hourly variability analysis of the raw wind power

data in Year 1. The desired variability reduction is quantified by k = 60 min

and p > 90%. The ESS must be sized so that p is no smaller than 90%. Since
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Figure 6.4: Quantified wind power variability from the raw wind power,
persistence-forecasted power, and PSC-forecasted power. A larger CRM can
be found from PSC method due to its sudden power change between consec-
utive steps.

the CR in Figure 6.4 represents the power variations within k-long duration,

its peak value can be used as the ESS power rating Pess. However, applying

the CR peak value will significantly oversize the ESS, due to the opportunity

of working at the maximum point is fractional. Therefore, it is more realis-

tic to assume a power output by an averaged CR value across all production

levels. Using equations (5.1) and (5.2), the averaged conditional range can be

computed accordingly.
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The fast-response ESS needs to cover the rapid power variations within

the ramping time of the slow-response ESS, Pess,fast is computed from k = 30

min. Figure 6.5 demonstrates the CR and wlj for p = 90%. The averaged CR

is computed by summing the product values of CR and wlj at each production

level lj. In this design, the fast-response ESS power rating is Pess,fast = 0.163

p.u. With a different coverage rate p, the power ratings can vary widely. Table

6.1 lists the power ratings under various coverage rate p. It should be noted

that the 10% uncovered power by assigning p = 90% does not necessarily mean

a loss of control. Rather, they are the regions with power demands partially

supplied by the ESS.

Table 6.1: Power Ratings of the Fast-Response ESS (p.u.)*

p 99% 97% 95% 93% 91% 89%

Pess,fast 0.258 0.214 0.193 0.178 0.167 0.158

*: The base power for 1 p.u. is Pbase = 38 MW

6.3.2 Sizing the Energy Capacity Ratings Eess

Similar to Pess, the energy capacity rating Eess is also determined

probabilistically in terms of an expected coverage for potential energy defi-

ciency/surplus. Unlike the coverage in Pess, uncovered energy is located in the

regions without any controllability.
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Figure 6.5: Sizing power ratings of the fast-response ESS using CR and wj.
The ESS size is deter-mined by the expectation of CR for k = 30 min and
p = 90%.

6.3.2.1 Determining Energy Capacity of the Slow-Response ESS

The slow-response ESS is utilized to continuously control energy de-

ficiency/surplus and its energy capacity for persistence and PSC forecasts is

the same. This is due to both forecasts reduce power variability by averaging

power production across a forecasted period. Considering a maximum power

deficiency, the slow-response ESS must be capable of supplying uninterrupted

power within k-long time (k = 60 min in this case). This uninterrupted power

assumption is even preferable if the fast-response ESS needs to charge from or
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discharge to the slow-response ESS to extend its lifetime and to more flexibly

handle short-term power variability.

Applying the averaged CR in (5.2), energy capacity Eess,slow of the

slow-response ESS can be determined. Due to the energy conversion efficiency

η considered during the generic ESS modeling, the expression for computing

Eess,slow is as follows:

Eess,slow = CRavg,k,p · k/ηslow. (6.8)

Table 6.2 articulates the energy capacity ratings of the slow-response

ESS regarding various coverage rate p.

Table 6.2: Energy Capacity Ratings of the Slow-Response ESS (p.u.h)*

p 99% 97% 95% 93% 91% 89%

Eess,slow 0.520 0.436 0.396 0.368 0.347 0.329

*: The base energy capacity for 1 p.u.h is Ebase = 38 MWh

6.3.2.2 Determining Energy Capacity of the Fast-Response ESS

The fast-response ESS is not necessarily sized by assuming a continuous

power supply within tramp,slow-long duration. Since it can partially rely on the

slow-response ESS within tramp,slow and is designed to compensate for intra-

hour power variations with higher power-changing rates, its energy ratings

for the persistence and PSC forecasts are not calibrated as they are for the

slow-response ESS.
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To properly size the fast-response ESS, energy throughput needs to

be represented for the entire year regarding a specific power reference. Be-

cause the design implements Year 1 data as a ‘pool’, errorless forecasts can be

achieved via both forecast methods. Deficiency and surplus energy between

forecasted wind power and raw power time series can be integrated to form an

energy throughput series. Then, a probability density function is developed to

fit the data from the energy throughput series in the same fashion as fitting

the power deviation series into the gamma distribution during CRM develop-

ment. Although applying a distribution to the data can be subjective rather

than objective, increasing the sample size can minimize the hypothesis error.

A normal distribution with additional margin taken into account is suitable

to serve this purpose.

To perform a normal fit for the energy throughput data, a cut-off value

must be set: Values smaller than 10−5 p.u.h are substituted by zeros in the

probabilistic modeling. It is because the idealized ESS will charge/discharge

even if the power deficiency/surplus is negligible. This assumption is practical

as most ESSs in the real world will not respond to such small demand. Cal-

culating the confidence interval of the normal distribution with respect to a

specific coverage requirement allows the energy capacity of the fast-response

ESS to be determined. Due to the two-way power flow, the energy capacity

Eess,fast is represented by the entire span of the confidence interval. Table

6.3 partially enumerates the sizing results with persistence and PSC predic-

tion methods. To maintain a constant power output from the PSC forecast,
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a noticeable energy capacity increase must be resolved. Note that the consid-

eration about the energy conversion efficiency consideration, ηfast = 0.85, has

already been integrated into the calculation.

Table 6.3: Energy Capacity Ratings of the Fast-Response ESS (p.u.h)

p 99% 97% 95% 93% 91% 89%

Persistence 0.0903 0.0761 0.0687 0.0635 0.0594 0.0560

PSC 0.158 0.133 0.120 0.111 0.104 0.0979

Figure 6.6 depicts an illustration of how a fast-response ESS fails to

support energy deficiency or absorb surplus energy. The power regulated by

the fast-response ESS suffers a sudden change (marked by black ovals in Figure

6.6) when the ESS is fully charged (SOC = 1) or discharged (SOC = 0).

This sudden change, along with the high power-changing rate, accounts for an

increase in the intra-hour power variability quantified by the CRM analysis.

6.4 Control Methods and Power Dispatch Schemes

Control methods and power dispatch schemes are used to reduce wind

power variability with minimal ESS lifetime depreciation. Two ESS configura-

tions and control strategies are proposed, which create multiple power dispatch

schemes under various scenarios and applications.
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Figure 6.6: Incapability of the fast-response ESS in supporting energy defi-
ciency or absorbing the surplus. This incapability will increase the variability
in terms a high rate power change.

6.4.1 System Configurations

6.4.1.1 Series Regulation

Illustrated by the flowchart in Figure 6.7, the raw wind power is pre-

liminarily regulated by the slow-response ESS. Due to the sluggishness of the

slow-response ESS, the fast-response ESS will continue compensating for the

remaining demand afterwards.

The series regulation layout can maximize the ESS utilization, i.e. us-

ing the slow-response ESS to manage long-term power deficiency/surplus while
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mitigating the fast-changing wind power variability through the fast-response

ESS. The ESS controls are not independent because the fast-response ESS

must be controlled with the power output information from the slow-response

ESS. Thus, the fast-response ESS should be installed geographically down-

stream from the slow-response ESS. Alternatively, real-time communication

between the two ESSs is required if they are placed together or if the fast-

response ESS is installed upstream.

6.4.1.2 Parallel Regulation

Emphasizing controlling independence, Figure 6.8 introduces a parallel

power regulation configuration by compensating for the power demand in-

dependently between the fast- and slow-response ESSs. To avoid repetitive

flowcharts, the same components representing ESSs are replaced by colored

blocks in Figure 6.8.

The duties of the two types of ESSs can be allocated by different con-

trol rubrics. In Figure 6.8, a rate separator serves as a duty allocator, de-

termining which ESS should operate. This system setup allows the fast- and

slow-response ESSs to operate independently according to their correspond-

ing duties without any geographical constraints or operational data from each

other. But there are trade-offs for this independence flexibility: The lack of

cooperation will induce over or under adjustment from certain power defi-

ciency/surplus. Moreover, the duty allocator cannot ensure a balanced power

throughput during charge and discharge, which can lead to a complete charge
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Figure 6.7: Series power regulation layout with the slow-response ESS at the
upstream.

(SOC = 1) or discharge (SOC = 0) of the ESSs.
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6.4.2 ESS Control Methods

In addition to the ESS configurations, two ESS control methods are

proposed. The control methods can cooperate with any ESS layout, resulting

in various combinations for different

6.4.2.1 SOC Band Control (BC)

Regulating SOC in a desired hysteresis, SOC band control has been

adopted by battery management systems in hybrid vehicles. This method is

also applicable for the purpose in this study. Reference [117] and [118] have

applied BC to coordinate a flying wheel ESS with a conventional generator to

gain extra system flexibility.
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To implement the BC method, the slow-response ESS must be able

to coordinate with the fast-response ESS, charging or discharging the fast-

response ESS to its required range. Therefore, a state of charge hysteresis

SOCC = [C1, C2] and a discharge hysteresis SOCD = [D1, D2] are defined

according to C1 < C2 < D1 < D2. The fast-response ESS is expected to

operate with SOC between C2 and D1. If the SOC drops below C1, it will be

charged by the slow-response ESS or the surplus wind energy back to C2; if the

SOC exceeds D2, the surplus energy will be absorbed by the slow-response ESS

or the grid. The SOC regulation can increase the ESS availability and power

variability reduction effectiveness, but will induce extra lifetime depreciations

to the fast-response ESS due to the additional charge/discharge cycles.

In order to find the optimal range for SOCC and SOCD, a Monte Carlo

iteration is approached using the wind power data in Year 1. The values of

SOCC and SOCD for persistence and PSC forecasts are displayed in Table

6.4.

Table 6.4: Optimal Ranges for SOCC and SOCD

SOCC SOCD

Persistence Forecast [0.2, 0.45] [0.55, 0.9]

PSC Forecast [0.05, 0.2] [0.8, 0.85]

6.4.2.2 Fuzzy Control (FC)

Instead of explicitly controlling the fast-response ESS, its power output

can be regulated by a fuzzy logic controller to allocate the charge/discharge
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duty.

Input variables of the FC include power demand from the forecast meth-

ods and the present SOC of the fast-response ESS. The SOC input has three

triangular membership functions: Charged, Moderate, and Discharged, while

the power demand has five trapezoidal membership functions: Large Defi-

ciency/Surplus, Small Deficiency/Surplus, and Balanced. The FC output with

five membership functions is similar to the power demand definition, which de-

livers a charge/discharge reference integrated into the fast-response ESS block

in Figure 6.7 and Figure 6.8. The output surface of the membership functions

is shown in Figure 6.9.

Compared to BC, FC does not require the slow-response ESS to actively

exchange energy with the fast-response ESS. Rather, the fast-response ESS is

self-regulated by its own reference from the surface in Figure 6.9.

6.5 Result Evaluation and Analysis

The two system configurations and two ESS control methods intro-

duced in Section V can result in six different combinations, including the

basic power demand control (DC). In DC, the fast-response ESS is regulated

linearly by the power demand between the forecasted power and the present

wind power. Considering the real-world scenarios, operational independence

respect to these combinations are investigated and listed in Table 6.5. If the

ESSs can be controlled independently without communicating the operational

information between each other, the control method is considered indepen-
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Figure 6.9: Output surface of the fuzzy control (FC) membership functions.

dent. Therefore, in Table 6.5, the less the degree of operational independence,

the more information and coordination are required from both ESSs.

Table 6.5: Operational Independence of Control Methods

Demand Control Band Control Fuzzy Control

(DC) (BC) (FC)

Series Regulation ?? ? ??

Parallel Regulation ? ? ? ?? ? ? ?
?: Degree of operational independence

To evaluate the proposed ESS sizing and control methods with adapt-

ability, wind power data in Year 2 is implemented as source data for the

simulation. All power dispatch schemes in Table 6.5 are tested for power vari-

ability mitigation effectiveness under persistence and PSC forecast methods.
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Figure 6.10 illustrates the results computed by averaged CR via (4.4) and (5.2)

with k = 60 min and p = 90%. Power variability reduction can be seen by

comparing the averaged CR from raw wind power variability and desired vari-

ability. To demonstrate the efficacy of the proposed methods, the best case

of using fast-response ESS only with DC is provided. The power and energy

ratings for the case ‘Fast ESS Only’ uses the aggregated values of the fast-

and slow-response ESS ratings applied to other cases. As shown in Figure

6.10, with more cooperation information from both ESSs, the series regulation

method achieves better results even than using the fast-response ESS only.

Table 6.6 summarizes the lifetime depreciations of the fast ESS during Year 2.

By combing the operational independence, power variability mitigation capa-

bility, and lifetime usage, the parallel layout has been found less effective but

can be controlled more independently with a longer ESS life span.
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No ESS Persistence  PSC Persistence-DC Persistence-BC Persistence-FC PSC-DC PSC-BC PSC-FC
No ESS 0.2598
Desired 0.1257 0.1551
Fast ESS only 0.1596 0.1919
Series Regulation 0.1336 0.129 0.132 0.1651 0.1612 0.1717
Parallel Regulation 0.1666 0.1648 0.1639 0.2252 0.2199 0.2182
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Figure 6.10: Comparison of wind power variability mitigation effectiveness with methods in Table 6.5.

Table 6.6: Lifetime Depreciation Assessment of the Fast-Response ESS

Fast-Response ESS Only
Series Regulation Parallel Regulation

DC BC FC DC BC FC

Persistence Forecast 8.91% 3.12% 5.60% 3.12% 0.21% 0.22% 0.08%

Power Step-Change Forecast 11.9% 3.67% 5.52% 3.80% 0.12% 0.09% 0.04%
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Figure 6.11 depicts the CR through the entire production level using

Persistence-BC with series regulation layout from Figure 6.10. The power

of the fast-response ESSs is 13.4 MW, while the energy capacities are only

2.61 MWh for the persistence forecast and 4.56 MWh for the PSC forecast,

compared to a 38 MW wind farm. For larger wind farms, which possess

lower power variability due to stochastic aggregations, the per-unitized ESS

power and capacity ratings can be reduced even further. By implementing

proper sizing and coordination control methods, ESSs with reduced size can

successfully mitigate intra-hour power variability up to 90%.

6.6 Summary

To reduce intra-hour wind power variability, this section has presented

methods of sizing and controlling a system consisting of a fast-response ESS

and a slow-response ESS. The probabilistic ESS sizing method based on the

CRM and power throughput can properly determine the required ESS power

and capacity ratings in respect to persistence and PSC power forecasts. Re-

garding operational independence, power dispatch schemes have been proposed

in terms of two system layouts and two ESS control strategies. A variety of

layout and control combinations have been evaluated in two ways: first, using

the averaged CR to compare variability mitigation effectiveness; second, using

the rainflow algorithm to assess lifetime depreciation of the fast-response ESS.

To summarize the comparisons, with the proper system layout and control,

using fast- and slow-response ESSs performs even better than the system with

157



0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

Production Level (p.u.)

C
o

n
d

it
io

n
a

l 
R

a
n

g
e

 (
p

.u
.)

 

 
No ESS

Desired 

Persistence-BC

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

Production Level (p.u.)

C
o

n
d

it
io

n
a

l 
R

a
n

g
e

 (
p

.u
.)

 

 

No ESS

Desired

PSC-BC

(a)

(b)

Figure 6.11: CR from series regulation with persistence and PSC power fore-
casts: (a) CR from persistence forecast; (b) CR from PSC forecast.
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only a fast-response ESS under the same power and energy capacity ratings.
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Chapter 7

Conclusions

As an inherent characteristic, wind power variability, together with im-

balances it has incurred, imposes uncertainties and operation risks onto the

traditional electric power grid. Proper probability modeling and variability

quantification can extent the knowledge span of wind power variations. With

the employment of energy storage systems, the non-dispatchable wind energy

can be harnessed by buffering its power output. By studying, quantifying and

mitigating wind power variability, this works has presented comprehensive re-

search on wind turbine design and modeling, model reduction, wind power

variability quantification, generation scenario generalization, and ESS sizing

and coordination. Thus, this dissertation contributes the following conclu-

sions:

� Modeling and Parametric Design of Direct-Drive Wind Turbines

With complete manufacturer independence, parametric design and mod-

eling of a 1.5-MW direct-drive Type 4 wind turbine have been outlined

with detailed derivation and calculation. Commencing with rotor blade

performance and permanent magnet synchronous machine data, a se-

ries of equations for determining preliminary aerodynamic and electrical
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design parameters of a direct-drive wind turbine with a given converter

topology has been presented. Serving as a case study, these equations can

determine blade radius, expected cut-in, rated, and cut-out wind speeds,

sizes of inline inductors on machine and grid sides and the DC capaci-

tor, and controller limits accurately. Data from simulations demonstrates

that the system features a promising performance on both steady-state

operation and dynamic response.

� Model Reduction, Validation and Analysis of Direct-Drive Wind Tur-

bines

Reduced order models of the designed Type 4 wind turbine have been

proposed to fill the gap between fully dynamic models and steady-state

models, providing the possibility of simulating a wind turbine through

long-term (monthly or annual) operations under an acceptable CPU run-

time with the response for major dynamic events such as voltage sags,

power systems faults, and controlling and regulating events. These mod-

els still possess controllability on the rotor blades, DC-link voltage and

reactive power. The final quasi-dynamic model has been validated using

real-world wind speed data throughout the year of 2004.

� Quantification of Wind Power Variability

Focusing on improving algorithm adaptability and robustness, the proba-

bility kernel of the oCRM has been reformulated by a continuous gamma

distribution. Distribution parameters have been accurately estimated
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by maximum likelihood estimators and evaluated by Bayesian inference

with a modified bivariate rejection sampling algorithm. The improved

method, namely, the sCRM, has adapted to create a tolerance for noisy

sampled data up to 10% in the power time-series, as well as scarce data

up to 30 minutes per sample point. This metric is preferable for pre-

dicting wind power variability in a short timespan or planning reserved

generation. It is also usable to size the power and energy ratings of a

ESS.

� Scenario Generalization of Wind Power Generation

To generalize stochastic generation scenarios of correlated wind turbines,

unsupervised machine learning algorithms for clustering and dimensional

reduction has be employed. Using a K-means clustering algorithm,

power data samples from three correlated wind turbines have been clus-

tered into scenarios with their respective discrete probability distribu-

tions. The feature dimension of these scenarios have also been reduced

from 3-D to 1-D with retained variance up to 97.5% using a principal

component analysis algorithm.

� Sizing and Coordinating Fast- and Slow-Response Energy Storage Sys-

tems to Mitigate Wind Power Variations

Considering the controllability, practicability, cost-efficiency, and service

lifetime, the employment of a hybrid energy storage system, which con-

tains a fast battery-based energy storage and a slow generator-based
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energy storage, has been presented to mitigate wind power variations.

Comprehensive methods including sizing, system layout, power dispatch,

and coordination control have been proposed. Using optimal power and

energy capacity ratings for the fast-response energy storage, the wind

power variability can be reduced to meet the desired prediction profile

under a proper control scheme a minimum lifetime depreciation on the

fast-response energy storage.
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Appendix A

Machine and Converter Data

Converter data and PMSM parameters are shown in the following table.

Converter Parameters

Converter type Two-level voltage source

Power electronic device IGBT with reverse diode

Grid inline inductor Lac 0.1296 mH (0.23 pu)

DC-link voltage Vdc 1220 V (3.06 pu)

DC capacitor size C 24.98 mF (2.0 pu)

Modulation/frequency SPWM (ma = 0.8) / 2400 Hz

Machine Parameters

Machine type PMSM, non-salient pole

Rated apparent power 2.2419 MVA (1.0 pu)

Rated active power 2.0 MW (0.8921 pu)

Rated current 1875.9 A (1.0 pu)

Rated line-to-line voltage (r.m.s.) 690V (1.0 pu)

Rated frequency 9.75 Hz

Rated speed 15 rpm (1.0 pu)

Pole pairs 39

Rated rotor flux (peak: λr) 8.2041 Wb (0.8921 pu)

Stator resistance 0.821 mΩ (0.00387 pu)

d axis inductance Ld 1.5731 mH (0.4538 pu)

q axis inductance Lq 1.5731 mH (0.4538 pu)
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