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Preface

Wind power generation is the power produced from the local and planetary move-
ment of the wind. It is a renewable and green energy source. Wind power generation 
is one of the fastest-evolving sources of renewable energy and has been making a 
significant contribution to large-scale electrical power production in many countries 
across the globe. At the end of 2023, it was estimated that wind power genera-
tion capacity exceeded 1 TW (1000 GW). This book, Wind Power – From Energy 
Conversion to Technological and Operational Challenges, offers and discusses unique 
topics in modern wind power technologies. The book presents diverse chapters 
covering fundamental wind energy conversion aspects, with illustrative numerical 
case studies, sophisticated control strategies, and the complex integration challenges 
of wind power systems, as well as innovative methods for enhancing the utilization of 
wind resources using Artificial Intelligence (AI) techniques.

Furthermore, it delves into emerging concepts such as vertical-axis wind turbines 
(VAWTs), intelligent farms, and other interesting topics. This book is designed to be 
an essential source of information and a foundation for extended research for acade-
micians, researchers, policymakers, and industry engineering practitioners dedicated 
to advancing modern wind power technologies. The Editor extends sincere gratitude 
to all contributing authors for their expertise and to Ms. Kristina Kardum Cvitan at 
IntechOpen for her exceptional management of the publication process.

Dr. Basel I. Abed Ismail, P.Eng.
Professor and Former Chair (2016-2024),

Department of Mechanical and Mechatronics Engineering,
Lakehead University,

Thunder Bay, Ontario, Canada
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Chapter 1

Perspective Chapter: Fundamental
Wind Energy Conversion Aspects
with Illustrative Numerical
Examples
Basel I. Abed Ismail

Abstract

Wind energy is the process of converting the kinetic energy of the wind into
electrical power using wind turbines, typically arranged into wind farms for large
power generation. It is naturally replenishing and green energy resource, thus being a
renewable energy resource, which has shown significant technological progress and
spread worldwide as a successful source of renewable energy for producing electricity.
It is becoming one of the fastest growing renewable energy sources and is a key
component in the global transition to sustainable power generation. It has also been
globally recognized as a critical technology for conserving natural resources, mitigat-
ing greenhouse gas emissions and air pollution, and fulfilling the rising global demand
for primary electrical energy across diverse sectors. In this chapter, wind turbines
were briefly introduced and described, with the main goal to present and discuss
fundamental aspects of 1-D energy formulation using wind energy principles. It was
found through detailed 1-D energy formulations that the maximum wind turbine
conversion efficiency is approximately 59.3%, which confirms the Betz limit. Fur-
thermore, this chapter discusses illustrative numerical examples that are grounded in
the fundamentals of energy conversion and modeling, with practical applications
provided.

Keywords: power generation, wind energy, Betz limit, wind turbine
efficiency, wind available energy, wind attainable power, energy conversion,
WECS

1. Introduction

1.1 Wind characteristics

Wind energy is fundamentally an indirect form of solar energy, because
the wind itself is primarily caused by the Sun’s uneven heating of the Earth’s surface.
The wind phenomena can be categorized into two main types: planetary and local
winds [1].
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Planetary winds:
Planetary winds are large-scale, global air movements driven by the significant

difference in solar heating between the Equator and the Poles.

• The Sun heats the surface much more intensely near the Equator, causing the
warm, tropical air to rise and flow toward the Poles in the upper atmosphere.

• Concurrently, colder, denser air from the Poles flows back toward the Equator
closer to the Earth’s surface.

• The Earth’s rotation influences the direction of this planetary air movement. The
wind’s velocity and direction also exhibit seasonal variations based on the amount
of solar energy received.

Local winds:
Local winds are smaller-scale air movements driven by two principal mechanisms:

A.Variation of heating between water and land:

• During the day, solar energy rapidly converts into heat on the land surface.

• In contrast, water absorbs solar energy more slowly and uses some of it for
evaporation, causing the land to become significantly hotter than adjacent
water bodies.

• A pressure gradient is established as warm air rises over the land, inducing the
advection of cooler, denser marine air inland, a phenomenon known as a sea or
lake breeze.

B. Heating and cooling of mountain slopes:

• Air above hill and mountain slopes heats up and cools down more rapidly than
the air over the lower-lying valleys.

• During the day, the heated air on the slopes rises (anabatic wind).

• At night, the cool, dense air flows down the slopes into the valleys (katabatic
wind).

1.2 Classification of wind turbines

Wind turbines are wind energy electromechanical conversion devices that utilize
available wind energy to produce electrical power. Wind turbines are broadly classi-
fied as (1) horizontal-axis wind turbines (HAWT), shown in Figure 1, and (2)
vertical-axis wind turbines (VAWT), shown in Figure 2 [2].

In terms of their rated power capacity, wind turbines are classified as small or
large. Small wind turbines are those of less than 100 kW rated capacity. They are
generally used for generating power form local applications in a particular location.
Large wind turbines are those of 100 kW capacity or greater. They are used to
generate power for distribution in central power grids. Figure 3 shows modern

2
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designs of HAWT and VAWT systems [3] and Figure 4 [4] and Figure 5 [3] show the
main components of wind energy conversion system (WECS) and HAWT [3, 4].
They consist of several main components that work together to achieve this
conversion.

The key components can be grouped into systems for capture, conversion, sup-
port, and control.

1.Rotor and blades (capture system)

The Rotor is the rotating part of the turbine, consisting of the Hub and the
Blades.

• Blades: These aerodynamic structures capture the wind’s kinetic energy. They
are designed like an airplane wing, using lift to cause the rotor to spin.

• Hub: This central piece connects the blades to the low-speed shaft.

Figure 1.
Types of horizontal-axis wind turbines (HAWT) [2].

3
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2.Nacelle and drivetrain (conversion system)

The Nacelle is the housing located at the top of the tower, which protects the major
power generation components. This is where the mechanical energy is converted
to electrical energy.

• Low-speed shaft: Connects the rotor hub to the gearbox and spins at the same
rate as the blades (typically 8–20 revolutions per minute, or RPM).

• Gearbox: (Not used in all turbines, like direct-drive models). The gearbox takes
the slow, high-torque rotation of the low-speed shaft and “steps up” the speed
to the high RPM needed by the generator (e.g., 1000–1800 RPM).

Figure 2.
Types of vertical-axis wind turbines (VAWT) [2].

4
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• High-speed shaft: Connects the gearbox to the generator.

• Generator: This is the core electrical workhorse. It uses the rotational
mechanical energy from the shaft to produce electrical energy (electricity)
through electromagnetic induction.

3.Structural components (support system)

These components provide the necessary height and stability for the system.

Figure 3.
Modern designs of HAWT and VAWT systems [3].
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• Tower: The structure (often tubular steel) that supports the nacelle and rotor.
Its height is crucial, as wind speeds are generally stronger and more consistent
farther from the ground.

• Foundation: The base, usually made of reinforced concrete, that anchors the
tower to the ground, ensuring structural integrity and stability against high
winds.

4.Control and orientation systems

These systems optimize power generation and ensure the turbine operates
safely.

• Yaw system (wind orientation control): Motors and gears that rotate the entire
nacelle on top of the tower so that the rotor assembly is always facing directly
into the wind, maximizing energy capture.

• Pitch system: Adjusts the angle (pitch) of the blades to control the rotor speed
and optimize power output. In very high winds, it can “feather” the blades
(turn them out of the wind) to stop the rotor and prevent damage.

• Controller: A computer system that continuously monitors the turbine’s
conditions (e.g., wind speed, temperature) and sends commands to the yaw
and pitch systems.

• Brake: A mechanical or electrical brake system to stop the rotor in an
emergency or during maintenance.

Figure 4.
Main components of a WECS [4].
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5.Power generation and transmission systems

Once electricity is generated, it must be prepared for transmission to the grid.

• Power electronics/inverter: Equipment used to convert the variable frequency
electrical current from the generator into the stable alternating current (AC)
with the voltage and frequency required by the power grid.

• Transformer (step-up transformer): Increases the low voltage of the electricity
generated by the turbine to a higher voltage suitable for long-distance
transmission over power lines.

Figure 5.
Schematic diagram showing typical components of a HAWT [3].

7

Perspective Chapter: Fundamental Wind Energy Conversion Aspects with Illustrative…
DOI: http://dx.doi.org/10.5772/intechopen.1014078



1.3 Principles of wind power

1.3.1 The mean-wind velocity

Wind power potential for a given site can be characterized using the mean-wind
velocity �Vw (m/s), which is based on observations over a sufficiently long duration of
time. The mean-wind velocity is given by

�Vw ¼
Pn
i
Vi

n
(1)

where
Pn
i
Vi is the sum of all velocity measurements and n is the number of the

measurements. The sizing of wind energy conversion systems (WECS), would, how-
ever, by wholly underpredicted if it were rated at the average wind velocity. A more
reasonable approximation would be based on the mean-energy velocity �VE (m/s),
given by Eq. (2)

�VE ¼
Pn
i
Vi

3

n

0
BB@

1
CCA

1=3

(2)

1.3.2 The power available in the incoming wind stream

The total available power of a wind stream Pt,w (W) is given by

Pt,w ¼ _KEin (3)

or,

Pt,w ¼ _mw,in kein (4)

where Vw,in is the incoming wind velocity (m/s) and kein is the incoming specific
kinetic energy (J/kg) of that wind stream, given by

kein ¼ 1
2
V2

w,in (5)

Using Eq. (5) in Eq. (4), gives

Pt,w ¼ 1
2

_mw,inV2
w,in (6)

Using the continuity equation, the mass flow rate of the incoming wind stream
_mw,in (kg/s) is given by

_mw ¼ ρw,in Vw,in A (7)

where ρw,in is the density of the incoming wind (kg/m3) and A is the cross-sectional
area (m2) of the incoming wind stream (later will be referred to as the swept area of
the turbine rotor), as shown in Figure 6.
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For a horizontal-axis wind turbine (HAWT), the power output varies linearly with
the rotor-swept area, A. This area, defined in terms of the rotor diameter D (m), is
given by the following expression:

A ¼ π

4
D2 (8)

Substituting Eq. (7) in Eq. (6) and simplifying, gives

Pt,w ¼ 1
2
ρw,inA V3

w,in (9)

For simplicity, the wind (air) density ρw,in varies with the pressure p (kPa) and
temperature T (K) according to the ideal-gas law given by

ρw,in ¼
p
RT

(10)

where R is air gas constant (0.287 kJ/kg.K). It should be noted that the air density
varies with the site elevation Z (m), and is given by (valid up to 6000 m of a site
elevation above sea level) [5].

ρ ¼ ρref - 1:194 x 10-4 Z
� �

(11)

The temperature T (K) of the wind varies with elevation Z (m) and is given by

T ¼ 288:5-
19:83 Z
3048

(12)

The pressure in the international standard atmosphere can be approximated (valid
up to a site elevation of 5000 m) by [1]

p ¼ 101:29-0:011837 Z þ 4:793 x 10- 7 Z2 (13)

A practical parameter known as the wind power density (W/m2) defined as the
wind power divided by the area, is given by

Pt,w

A
¼ 1

2
ρw,in V

3
w,in (14)

Figure 6.
The stream envelope of an incoming wind.
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1.3.3 The producible wind power

Depending on the conversion efficiency of a given WECS, part of the available
power in the incoming wind can be utilized and produced. This aspect will be
discussed in the next section.

2. Modeling and performance aspects of HAWT wind turbine

2.1 The 1-D steady-state wind energy conversion formulation

Consider a wind turbine with a rotor of diameterD and swept area A and with very
thin blade m-n (representing an ideal rotor blade), as shown in Figure 7. Now,
consider the region bounded between (i-m) as shown in Figure 8 with a control
volume (CV) as an energy system.

Application of energy balance for CVi-m, considering steady-state operation of
the wind turbine rotor, gives

_Ein ¼ _Eout (15)

Neglecting potential energy change, the energy balance yields

_mw,i hw,i þ
V2

w,i

2

 !
¼ _mw,m hw,m þ V2

w,m

2

 !
(16)

where hw (kJ/kg) is the specific enthalpy of the wind. Since steady-state mass balance
states that

_mw,i ¼ _mw,m (17)

Figure 7.
1-D energy analysis for a very thin blade of an ideal HAWT.
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and recognizing that

h ¼ uþ pv (18)

where u (kJ/kg) is the specific internal energy and v (m3/kg) is the specific volume,
Eq. (16) yields

uw,i þ pw,ivw,i
� �

þ V2
w,i

2
¼ uw,m þ pw,mvw,m
� �

þ V2
w,m

2
(19)

and since the temperature change of the wind (air) across CVi-m is negligible such
that Tw,i ¼ Tw,m then uw,i ¼ uw,m, Eq. (19) yields

pw,ivw,i þ
V2

w,i

2
¼ pw,mvw,m þ V2

w,m

2
(20)

Since, the change in vw is negligible, such that vw,i ¼ vw,m, and replacing vw by 1
ρw

� �

in Eq. (20), gives

pw,i þ ρw
V2

w,i

2
¼ pw,m þ ρw

V2
w,m

2
(21)

Similarly, considering the region CVn- e and applying energy balance, one can
show

pw,e þ ρw
V2

w,e

2
¼ pw,n þ ρw

V2
w,n

2
(22)

Now, since the wind velocity across the turbine blade decreases across the thick-
ness due to the fact that kinetic energy is being converted to mechanical shaft work

Figure 8.
Bounded regions for the 1-D energy balance analysis.
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during the turbine operation within that region, this leads to Vw,i >Vw,m and
Vw,n >Vw,e such that pw,m > pw,i and pw,n > pw,e. Subtracting Eq. (21) from Eq. (22),
gives

pw,m - pw,n ¼ pw,i þ ρw
V2

w,i -V2
w,m

2

 !
- pw,e þ ρw

V2
w,e -V2

w,n

2

 !
(23)

However, in the upstream and downstream the wind pressure is atmospheric so
that pw,i ¼ pw,e and realizing that the velocity of the wind across the very-thin bladed
turbine is almost constant Vw,m ¼ Vw,n=VT, Eq. (23) simplifies to

pw,m - pw,n ¼ ρw
V2

w,i -V2
w,e

2

 !
(24)

The pressure and velocity profiles across the turbine’s rotor are shown in Figure 9.
Recall, the force in the direction of the 1-D wind stream (i.e., axial force) perpendic-
ular to the swept area A, can be expressed as

Fx ¼ pw,m - pw,n
� �

A (25)

Figure 9.
Pressure and velocity distributions of the wind flow from upstream to downstream of the wind turbine’s rotor.
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Substitution of Eq. (24) in Eq. (25), gives

Fx ¼ ρw A
V2

w,i -V2
w,e

2

 !
(26)

Also, recall that the axial force is because of the rate of change of linear momen-
tum, given by

Fx ¼ _mw Vw,i -Vw,eð Þ (27)

Using Eq. (7) in Eq. (27) gives

Fx ¼ ρw VT A Vw,i -Vw,eð Þ (28)

Equating Eq. (26) with Eq. (28) yields

ρw A
V2

w,i -V2
w,e

2

 !
¼ ρw VT A Vw,i-Vw,eð Þ (29)

Simplifying, gives

VT ¼ 1
2

Vw,i þ Vw,eð Þ (30)

2.2 The maximum power generation by a wind turbine – The Betz limit

Now, consider the entire system as a control volume CVi- e, application of energy
balance, gives

_Ei ¼ _WT þ _Ee (31)

Applying similar energy analysis, yields

_WT ¼ _m
V2

w,i -V2
w,e

2

 !
(32)

Or,

_WT ¼ 1
2

ρw VT Að Þ V2
w,i -V2

w,e

� �
(33)

Substituting Eq. (30) in Eq. (33), gives

_WT ¼ PT ¼ 1
4

ρw Að Þ Vw,i þ Vw,eð Þ V2
w,i -V2

w,e

� �
(34)

The maximum power produced by the turbine can be obtained by differentiating
PT in Eq. (33) with respect to Vw,e and setting the derivative equal to zero, that is

dPT

dVw,e
¼ 0 (35)
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In doing so, yields

3V2
w,e þ 2Vw,iVw,e -V2

w,i ¼ 0 (36)

For a positive Vw,e to yield Vw,eð Þopt,

Vw,eð Þopt ¼
1
3
Vw,i (37)

Substituting back in Eq. (34), gives

PT,max ¼ 8
27

ρw A Vw,i
3 (38)

Defining the maximum theoretical (ideal) turbine efficiency (also known as the
maximum turbine power coefficient Cp,max, Betz limit) is given by

ηT,max ¼ Cp,max ¼ PT,max

Pt,w
¼ 16

27
(39)

The local velocity experienced by a wind turbine blade is a function of both the
inflow angle and the radial distance from the hub. Due to the blade’s long geometry,
this velocity varies significantly along the span, and the blades are therefore twisted.
Empirical data indicate that the maximum efficiency is strongly dependent on what is
known as blade-to-wind speed ratio, Ω, given by

Ω ¼ ω D
2

� �
Vw,i

(40)

Ω reaches its maximum value of approximately 0.6 only when the tip
speed ratio—the ratio of the blade’s tip speed to the wind velocity—is between
7 and 8. It drops rapidly when this ratio falls below approximately 2.0, as shown in
Figure 10.

3. Illustrative numerical examples and case studies

3.1 Example 1

It is required to evaluate the viability of installing a horizontal-axis wind turbine
of a renewable wind energy system (WECS) on a site for a community near Pro-
fessor’s Lake, Ontario (Latitude: 44o N). The wind turbine of the WECS is
capable of converting approximately 60% of its maximum theoretical conversion
efficiency has a rotor blade diameter of 110 m. The site’s annual average wind
speed is observed to be 7.0 m/s. The turbine needs to be steadily operated at a
rotational speed of 35 RPM. It is required to estimate the following quantities
relevant to the viability of installing this WECS on the site. The site has ambient
conditions of atmospheric pressure (=101.325 kPa) and an average temperature
of 10°C.

Assumption: Air can be assumed as an ideal gas with R = 0.287 kJ/kg.K.

14

Wind Power – From Energy Conversion to Technological and Operational Challenges



a. The available total wind power density (W/m2) in the incoming wind.

b. The available total wind power (in kW).

c. The maximum producible power density from the wind turbine.

d. The optimum wind exit velocity from the turbine and the corresponding wind
velocity across the turbine blade and the mass flow rate of air (kg/s).

e. The actual producible power density from the turbine.

f. The maximum producible power from the turbine.

g. The actual turbine producible power.

h. The torque (kN.m) if the turbine to be operated at the maximum efficiency.

i. The maximum axial thrust (kN) acting on the turbine bearing.

j. The producible useful power from theWECS to match an average DC load if the
WECS has the following components’ efficiencies (Table 1).

Analysis:

a. Recall Eq. (14), gives

Pt,w

A
¼ 1

2
ρw,in V

3
w,in (41)

Figure 10.
Power coefficient vs. advance ratio for various wind turbine configurations [2].
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The wind density can be estimated using Eq. (10)

ρw,in ¼
1:01325 x 105

287 10þ 273ð Þ ¼ 1:247 kg=m3 (42)

Substituting in Eq. (41), gives

Pt,w

A
¼ 1

2
1:247ð Þ 7ð Þ3 ¼ 213:9W=m2 (43)

b. Using Eqs. (8) and (43), give

Pt,w ¼ 213:9 9503:32ð Þ ¼ 2032:8 kW

c. Recall Eq. (39),

PT,max

A
¼ ηT,max

Pt,w

A

� �

PT,max

A
¼ 16

27
213:9ð Þ ¼ 126:8 W=m2

d. Recall Eq. (37),

Vw,e ¼ 1
3
Vw,i

Vw,e ¼ 1
3

7ð Þ ¼ 2:33 m=s

Using Eq. (30)

VT ¼ 1
2

7 þ 2:33ð Þ ¼ 4:67 m=s

WECS component Average efficiency (%)

Battery system 85

Charge controller 90

Rectifier 95

Table 1.
Components’ efficiencies for the WECS in Example 1.
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Recall Eqs. (7) and (8),

_mw ¼ ρw,in VT A ¼ 1:247 4:67ð Þ 9503:32ð Þ ¼ 55342:5 kg=s

e. Recall Eq. (39),

PT,act

A
¼ ηT,act

PT,max

A

� �
¼ ηT,actηT,max

Pt,w

A

� �

Substituting, gives

PT,act

A
¼ 0:6ð Þ 16

27

� �
213:9ð Þ ¼ 76:05 W=m2

f. Recall Eq. (8),
PT,max ¼ 126:8 9503:32ð Þ

1000
¼ 1205:0 kW

g. Recall Eq. (8),

PT,act ¼ 76:05 9503:32ð Þ
1000

¼ 722:7 kW

h. Introducing,

PT,max ¼ Tmax ω ¼ Tmax
2πN
60

� �

Solving for Tmax, gives

Tmax ¼ 1205:0
60

2π 35ð Þ
� �

¼ 328:8 kN:m

i. Recall Eq. (28),

Fx ¼ ρw VT A Vw,i -Vw,eð Þ:

The maximum axial force occurs when Vw,e ¼ 1
3Vw,i, substituting back,

gives

Fmax ¼ ρw VT A Vw,i -
1
3
Vw,i

� �
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Substituting, yields

Fmax ¼ 1:247ð Þ 4:67ð Þ 9503:32ð Þ
1000

2
3

� �
7ð Þ ¼ 258:27 kN

j. Introducing,

PWECS ¼ ηWECS Pt,w

PWECS ¼ ηT,act ηmaxηRec ηccηB Pt,w

Substituting, gives

PWECS ¼ 0:6ð Þ 16
27

� �
0:95ð Þ 0:90ð Þ 0:85ð Þ 2032:8ð Þ ¼ 525:3 kW

3.2 Example 2

It A 15 m/s wind at 101.3 kPa and 20°C enters a two-bladed wind turbine with a
diameter of 15 m. Show step-by step analysis and estimate the following:

a. The power of the incoming wind.

b. The theoretical max power that could be extracted.

c. The efficient producible turbine power.

d. The speed in RPM required for part (c).

e. The torque associated with part (c).

Analysis:

a. Recall, Eq. (10)

ρw,in ¼
1:01325 x 105

287 10þ 273ð Þ ¼ 1:205 kg=m3

Using Eq. (14), gives

Pt,w ¼ 1
2

1:205ð Þ π

4

� �
15ð Þ2 15ð Þ3 ¼ 359:34 kW

b. Recall Eq. (39),

PT,max ¼ ηT,max Pt,w ¼ 16
27

� �
359:34ð Þ ¼ 212:94 kW

18

Wind Power – From Energy Conversion to Technological and Operational Challenges



c. For a two-bladed HAWT, with an advance ratio Ω ¼ 11:0, ηT ¼ Cp,T ¼ 0:46
(Figure 10).

Substituting,

PT ¼ ηT PT,max ¼ 0:46ð Þ 212:94ð Þ ¼ 165:30 kW

d. Recall Eq. (40),

Ω ¼ ω D
2

� �
Vw,i

¼ 11 ¼ ω 15
2

� �
15

Solving for ω, yields

ω ¼ 22 rad=s

Thus,

N ¼ 60 22ð Þ
2π

¼ 210:1 RPM

e. Recall Eq. (40),
T ¼ PT,act

ω
¼ 165:30

22
¼ 7:513 kN:m

3.3 Example 3

Consider the rotor blades of a HAWT which turns a large shaft at low speed of
rotation, Figure 4. The wind turbine produces 2.5 MW of electrical power. The
Nacelle has a diameter DN of 3 m and length LN of 6 m. The energy conversion
efficiencies of the gearbox and generator are 93 and 95%, respectively. The wind (air)
temperature is 25°C with an estimated average convection heat transfer coefficient of
35 W/m2.°C. Determine the rate of heat transfer dissipated from the Nacelle, _QN
(kW) under steady-state operating conditions.

Analysis:
Under steady-state operating conditions, applying energy balance over the nacelle,

Eq. (15) yields

_Wmech,in ¼ _WT þ _QN (44)

Rearranging, gives

_QN ¼ _Wmech,in - _WT (45)

Since the energy conversion efficiency for the gearbox ηGB is given by

ηGB ¼
_WGB

_Wmech,in
(46)
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Rearranging, yields

_Wmech,in ¼
_WGB

ηGB
(47)

Since the energy conversion efficiency for the electric generator ηEG is given by

ηEG ¼
_WT

_WGB
(48)

Rearranging, yields

_WGB ¼
_WT

ηEG
(49)

Substituting Eq. (49) in Eq. (47), gives

_Wmech,in ¼
_WT

ηEG ηGB
(50)

And substituting Eq. (50) back in Eq. (45), yields

_QN ¼ _WT
1

ηEG ηGB
- 1

� �
(51)

Substituting the numerical values, gives

_QN ¼ 2500
1

0:95x0:95
- 1

� �
¼ 330 kW (52)

4. Conclusion

As a proven and sustainable resource for power generation, wind energy is a
critical component of the renewable landscape. This chapter covered the fundamental
principles of wind turbines, with a specific focus on modeling the power generation of
horizontal-axis wind turbines (HAWTs). A detailed discussion of the governing for-
mulations was supported by numerical examples and illustrative case studies that
demonstrate their applications. It was found through detailed 1-D energy formula-
tions that the maximum wind turbine conversion efficiency is approximately 59.3%
which confirms the Betz limit.
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Chapter 2

Enhancing the Utilization of Wind
Resources through Artificial
Intelligence Techniques
Monica Borunda

Abstract

The integration of wind energy into power systems provides many benefits and
also involves numerous challenges. Wind’s intermittency across temporal and spatial
scales is one of the biggest drawbacks of this source and requires accurate forecasting
strategies to ensure grid stability, economic and environmental benefits, and effective
operational planning. This chapter sightsees the use of artificial intelligence (AI)
techniques to enhance wind resource utilization, focusing on wind power forecasting
across four key time horizons: very short-term, short-term, medium-term, and long-
term. Each forecast horizon is helpful for addressing various operational issues, from
real-time control and ramp-rate management to strategic investment planning. This
chapter provides an overview of the most common AI models, highlighting their
strengths, limitations, and applicability in relation to the forecast horizon, compared
to conventional approaches. The aim of this work is to obtain a deeper understanding
of how AI can support a more efficient and reliable wind energy future by an adequate
treatment of wind resource variability through good predictions of the resource avail-
ability at different time scales. The chapter concludes with a discussion of emerging
trends, such as hybrid models, model interpretability, and the integration of forecast-
ing tools to achieve the best use of wind energy.

Keywords: wind power, wind resource, forecasting, artificial intelligence, machine
learning

1. Introduction

Nowadays, efforts from all parties worldwide are focusing on accomplishing the
global transition towards reaching Net Zero 2050. Wind energy has positioned itself as
one of the key sources of energy to achieve this, reaching a global installed wind
capacity of 900 GW by 2023. Moreover, climate targets, policy incentives, and cost
competitiveness continue to point towards its expansion [1, 2]. However, the inter-
mittent nature of this source poses significant challenges for grid integration, opera-
tional planning, and the electrical market.

Wind is an inherently intermittent and stochastic resource, subject to fluctuations
across time and space, from seconds to years and meters to kilometers. This variability
directly affects wind power output, as it depends on the wind speed cubed, and thus,
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it can experience rapid changes, known as ramps, or prolonged periods of
underperformance [3, 4]. As a result, wind power systems must deal with increased
uncertainty in generation, which complicates balancing supply and demand,
maintaining frequency stability, and ensuring grid reliability [5]. Moreover, the
inability to accurately forecast these fluctuations can lead to a deficiency in covering
the demand and activating the energy reserve, and even more, in the need to rely on
backup conventional generation, reducing the economic and environmental benefits
of wind energy [6]. Addressing this variability requires forecasting systems that are
not only accurate but also adaptive, robust, and capable of operating under uncer-
tainty [7].

In the last years, Artificial Intelligence (AI) has stood out for its ability to
model complex systems, uncover hidden patterns in large datasets, and improve
decision-making processes in dynamic environments [8]. In the energy sector,
AI has been successfully applied to support the integration of renewable energy
sources and optimize the operation of hybrid energy systems [9, 10]. Its strength
lies in the flexibility of machine learning algorithms to deal with nonlinear, noisy,
and high-dimensional data, which characterize typical datasets of intermittent
resources.

AI has also enhanced the use of renewable energies, for example, by assessing solar
and wind resources that, due to their intermittency, are challenging to manage. The
assessment of intermittent renewable resources, like wind and solar energy, goes from
resource power forecasting, analyzing their impacts on the system, and incorporating
control strategies to compensate for the power fluctuations by introducing energy
storage or other alternatives. In the context of wind power forecasting, AI methods
have improved or even overcome traditional statistical techniques in terms of accu-
racy and performance [11–13]. These methods enable not only accurate short-term
predictions but also reasonable long-term estimations that incorporate uncertainty
and climatic variability. As the scale and complexity of wind energy systems increase,
AI offers a scalable, data-driven solution to forecast generation, manage variability,
and support reliable system operation.

Depending on the forecast application, the forecast horizon is defined, and
depending on the time scale, the model characteristics, the input data, the
spatial scale, the evaluation metrics, and the challenges change [14]. The time
scale runs across four main time horizons: very short-term (seconds to minutes),
short-term (15 minutes to 6 hours), medium-term (6 hours to 7 days), and
long-term (weeks to years). By addressing the specific challenges, strengths, advan-
tages, and disadvantages of various techniques at the different forecast horizons, this
chapter presents an overview of the current status of AI applied to wind power
forecasting.

This chapter does not attempt to provide a survey or review of all works
published in wind power forecasting using AI. Instead, it attempts to present the
basics behind wind power forecasting, as well as its usefulness, along with an over-
view of some of the applications of AI techniques to wind power forecasting, citing
some examples, in such a way that the reader is presented a panorama to understand
the root of the problem and the scope that AI can reach to enhance the utilization of
wind energy.

The chapter is organized as follows. Section 2 describes the challenges encountered
when forecasting in wind power systems. Section 3 presents the main forecast hori-
zons, categorized by their usefulness in wind power generation. Finally, the chapter is
concluded in Section 4, and future perspectives are presented.
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2. Forecasting challenges in wind power systems

2.1 Sources of uncertainty in wind power forecasting

Wind power forecasting is subject to multiple factors of uncertainty due to the
complex and dynamic behavior of the atmosphere, the nonlinear behavior of wind
turbines, and the limitations of accurate data.

At the meteorological level, wind is governed by complex interactions across
multiple spatial and temporal scales. Atmospheric turbulence, rapid mesoscale
changes, convective phenomena, and weather fluctuations introduce a high intermit-
tency in wind speed and direction. This intermittent behavior is stronger in regions
with complex orography or abrupt land-sea transitions, where local effects can
increase the wind profile intermittence.

A crucial factor that magnifies forecasting error in wind power prediction is that
wind speed variations propagate through nonlinear transformations in the turbine’s
power curve, amplifying errors at the output level. Theoretically, the power output of
a wind turbine is proportional to the cube of the wind speed, as shown in Eq. (1),

Pwind ∝
1
2
ρ A v3, (1)

where Pwind is the wind power, ρ is the air density, A is the area swept by the blades of
the wind turbine, and v is the wind speed [15]. Moreover, Betz’s law states that the
maximum power, Pmax, a wind turbine can extract from the wind is [16, 17].

Pmax � 59:3%Pwind: (2)

Therefore, the electrical power output of a wind turbine is proportional to the cube
of the wind speed within the operational range, which lies between the cut-in and
rated speed as shown in Figure 1.

Figure 1.
Power curve of a wind turbine, which describes the electrical power output of a wind turbine as a function of the
wind speed. The cut-in speed corresponds to the wind speed at which the wind turbine generates power with a cubic
dependence on the wind speed. The rated speed is the wind speed at which the wind turbine generates the nominal
power. The cut-out speed corresponds to the wind speed at which the wind turbine ceases to operate.
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Thus, even minor errors in forecasting wind speed can result in disproportionately
large deviations in power generation; for example, a �10% error in the wind speed
implies a �30% error in the wind power forecasting. Thus, this cubic dependence of
the generated wind power on the wind speed amplifies the sensitivity of forecasting
models to uncertainties in meteorological inputs. These uncertainties are caused by
measurement errors resulting from sensor calibration or misalignment. Additionally,
wind speed varies with height as

v2
v1

¼ z1
z2

� �α
, (3)

where v1 and v2 are the wind speeds at heights z1 and z2 and α is the Hellmann
exponent and depends upon the shape and location of the terrain and the stability of
the air [18]. This fact is significant for wind speed forecasting at the lowest and
highest points of the area swept by the wind turbine, in particular for large wind
turbines. Moreover, even though there are instruments that measure wind speeds at
different heights, such as light detection and ranging (LiDAR) and sonic detection and
ranging (SoDAR), their resolution is affected by fog, turbulence, and weather fluctu-
ations [19].

Wind speed values at turbine hub height can be obtained by other means, such
as through numerical weather prediction (NWP) models [20]. However, these
methods rely on the numerical solution of physics equations describing the
dynamics of the atmosphere, which require boundary conditions to be solved. The
boundary conditions correspond to local measurements, and often they are insuffi-
cient; thus, the results reduce their predictive reliability at turbine hub height [21].
Moreover, wake interactions, orographic effects, and local thermal gradients further
complicate the accurate modeling of wind inflow. These compounded uncertainties
represent a critical barrier for both deterministic and probabilistic forecasting models
[22–24].

2.2 Spatio-temporal resolution considerations

The accuracy of wind power forecasting is strongly influenced by the spatio-
temporal resolution of the input data and the forecasting model. Spatial and temporal
resolution directly influence the predictive skill of AI-based forecasting models.
Models trained on high-resolution historical datasets tend to perform better for site-
specific forecasting, whereas low-resolution data may lead to increased bias and
reduced accuracy. Spatial resolution refers to the granularity at which wind speed and
direction, as well as other meteorological variables, are used in the model. In contrast,
temporal resolution defines the frequency of data sampling and forecast updates. Both
dimensions are critical for capturing the inherent variability of wind resources and for
meeting the operational requirements of power systems.

From a spatial perspective, higher resolution allows the model to capture local
topographic effects, roughness changes, and microscale wind conditions that can
significantly affect turbine performance. This is important in complex terrains or
offshore environments, where local wind events, such as wake effects or coastal
breezes, can lead to deviations from large-scale predictions. For instance, a model
operating at 1 km resolution may provide significantly better forecasts for a specific
wind farm than a 10 km resolution NWP model, as the former sees local wind
gradients more accurately [25, 26]. Increasing spatial resolution demands many
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accurate weather stations and good computational resources [27]. Currently, there are
efforts focused on improving spatial resolution with novel techniques [28].

From a temporal perspective, the required resolution depends on the forecast
horizon. In any forecast process, regardless of the horizon, a large database of many
years of wind speed data is required. The bigger the dataset, the more accurate the
forecast is likely to be. Very short-term forecasts generally require wind speed data
obtained at intervals of seconds to minutes. On the other hand, short-term forecasts
require a database with time intervals from minutes to hours, and, in particular, day-
ahead forecasting can require data intervals of 5, 10, 15, 30, or 60 minutes. Finally,
medium-term and long-term forecasting requests hourly data [29]. Figure 1 summa-
rizes this information (Figure 2).

The temporal resolution also interacts with spatial resolution, as higher temporal
resolution is more effective when coupled with adequate spatial granularity [30].
Currently, efforts are focused on improving temporal resolution using novel tech-
niques [31–33].

An important consideration is the compromise between resolution and computa-
tional cost. Increasing spatial and temporal resolution improves the quality of wind
data and thus is more helpful for the appropriate treatment of the wind resource;
however, it also increases the computational workload, particularly in hybrid fore-
casting frameworks that integrate numerical weather prediction with machine learn-
ing models [34–36]. This balance becomes critical for real-time forecasting
applications, where the rapid processing becomes crucial [37, 38].

In summary, achieving an optimal spatio-temporal resolution is essential for a
good performance of wind power forecasting systems. It requires careful consider-
ation of the site characteristics and measurement equipment, forecast horizon, opera-
tional requirements, and available computational resources. Thus, these needs impose
requirements on model design. Hybrid approaches, which combine physical, statisti-
cal, and/or machine learning models across spatial and temporal scales, have appeared
as a promising strategy to address these challenges [39].

Figure 2.
Recommended temporal data frequency by forecast horizon.
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2.3 Data quality and availability constraints

Forecasting approaches, particularly those based on artificial intelligence, are
highly sensitive to the quality and availability of historical datasets. Nowadays there
are many sources to collect data, the main ones being: meteorological measuring
towers, SCADA (Supervisory Control and Data Acquisition) systems, remote sensing
technologies (e.g., LiDAR and SoDAR), and satellite equipment. However, these
sources frequently present problems such as missing values, calibration errors, and
spatial-temporal misalignments. Additionally, confidentially agreements are required
to access to high-resolution operational data from wind farm operators, being very
difficult to obtain. The lack of standardized data preprocessing practices, such as
handling ramp events or sensor drift, also reduces model reproducibility and general-
ization.

The performance of wind power forecasting models—whether based on NWP, statis-
tical approaches, or advanced machine learning techniques—depends fundamentally on
the quality and availability of the input data. High-quality, representative datasets enable
accurate model training and validation, while poor-quality or incomplete datasets intro-
duce biases, increase uncertainty, and limit generalization capabilities.

Data quality in wind energy forecasting can be evaluated in several aspects:

• The accuracy is the difference between measured or simulated data and real
conditions. Instrument calibration errors, sensor drift, and weather conditions
directly influence accuracy in data [40, 41].

• The resolution refers to the temporal and spatial granularity of the data. Very
short and short-term forecasts require high-resolution measurements, between 1
and 10 minutes, whereas medium and long-term forecasts require hourly or daily
data [23, 42–45].

• The completeness of the data refers to the proportion of missing values within the
dataset due to operational failures in sensors and communication devices or
maintenance events [46, 47]. Missing values can reduce the dataset’s
representativeness.

• The consistency of datasets refers to uniform measurement protocols, formats,
and units, and it is fundamental for multi-source integration [48].

• The readiness of data is the state and quality of the data and is crucial, in
particular for very short-term forecasts [49].

• Likewise, there are sources that may decrease data quality, such as:

• Measurement errors caused by sensor misalignment, anemometer wear, and
blasé shadow effects on nacelle-mounted instruments.

• Data gaps in wind speed data due to communication failures, maintenance stops,
and bad weather conditions.

• Environmental factors, such as icing and turbulence, can bias wind speed
measurements [50–55].
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• Drawbacks in SCADA systems which may hide short-term variability needed for
high-resolution forecasting [56, 57].

• Systematic biases present in atmospheric datasets from reanalysis, such as
MERRA-2 and ERA5, may not be favorable for accurate wind power forecasting
[58–60].

• Also, there may be data availability constraints like

• Proprietary restrictions due to confidentiality policies of SCADA
owners [61].

• Limited coverage of meteorological stations in remote or offshore sites [62, 63].

• Licensing software and equipment costs may not be accessible for everyone or
any research project.

• Insufficient data because there may not be enough historical data to capture
interannual variability or climate change effects.

Thus, numerous issues are involved in the crucial step of selecting the appropriate
data for accurate wind power forecasting. In particular, AI-based forecasting models
are data-hungry, requiring large, diverse, and representative datasets to achieve high
performance and avoid drawbacks such as overfitting, or reducing its ability to model
critical events [64].

To attenuate these problems, some actions can be taken as follows [65]:

• Use of filters to detect anomalies and sensor faults in real-time.

• Use of gap-filling techniques to reconstruct missing values.

• Alignment of model outputs with observed measurements.

• Data augmentation and multi-source data fusion to improve the dataset.

• Integration of distributed sensor networks and community weather stations to
increase spatial coverage.

• Implementation of open data formats and protocols for wind speed and wind
turbine data to facilitate interoperability.

2.4 Operational, economic, and regulatory implications

Wind power forecasting systems not only are limited to the technical issues of
developing the appropriate methodologies for a successful prediction but also have
implications in the operational, economic, and regulatory aspects of the power system.
Accurate forecasting is essential to maintain system reliability, optimize market par-
ticipation, and comply with regulatory frameworks.

Operationally, wind power forecasting is essential to ensuring the balance between
supply and demand in power systems. System operators rely on day-ahead and
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intra-day forecasts to schedule generation resources and manage reserves [66, 67].
Mistaken forecasts imply an increase in reserve requirements, which raise operational
costs, and ramp events which may destabilize the grid [68]. Moreover, in real-time
conditions, wind power forecasting is crucial for frequency regulation and
voltage support.

Economically, wind power forecasting is essential in liberalized electricity markets
where inaccurate forecasts can lead to suboptimal bidding strategies, increased
imbalance penalties, and reduced revenues for wind power producers [69–71]. There-
fore, enhanced forecasting abilities are essential not only for operational reliability but
also for supporting market participation, reducing integration costs, and enhancing
the utilization of wind resources in power systems [72]. Moreover, poor forecasts
increase balancing costs and position wind resources in disadvantage with respect to
conventional fuels. Likewise, reliable long-term forecasts are essential for investment
decisions providing assessment for wind farm projects. A small reduction in wind
power forecasting errors can imply annual savings of millions of dollars for large
power systems [73].

Also, regulatory frameworks increasingly demand the use of accurate wind power
forecasts. For instance, grid codes, corresponding to the technical standards that
govern the connection and operation of generation assets, require system operators to
ensure balance, stability and reliability, and thus make wind power day-ahead fore-
casting an essential regulatory obligation for the secure integration of wind energy
into power systems [6, 74–76]. Wind power forecasting is also relevant for national
energy strategies to facilitate higher penetration of renewables and meet international
agreements on clean energy production [77, 78].

Hence, wind power forecasting, at different time scales, enhances the utilization of
wind resources from the operational, economic, and regulatory aspects and boosts its
integration into power systems.

3. AI-based wind power forecasting by time horizon

Wind power forecasting is a complex task with different challenges depending
on the temporal horizon of the prediction, which may range from seconds to years.
As mentioned before, physical, statistical, artificial intelligent, and hybrid methods
are the main approaches for wind power forecasting at different horizons [7].
Physical models, such as ensemble predictions and numerical weather models, are
the most commonly used [79]. The most widely used non-intelligent statistical models
are primarily time series analysis methods, including Persistence, Autoregressive
(AR), Autoregressive Moving Average (ARMA), Autoregressive Integrated Moving
Average (ARIMA), and Seasonal Autoregressive Integrated Moving Average
(SARIMA) models, which are among the most popular ones [11, 80]. Most of these
methods are suitable for very short and short-term forecasting. In contrast,
AI-based models are more recent and are able to deal with any forecast horizon due to
their ability to learn patterns across multiple temporal scales, as demostrated in the
following [7, 81–83]. Finally, hybrid methods combine several methods, taking
advantage of the benefits of each one and achieving, most of the time, excellent results
[7, 11, 84, 85].

It is important to note that the accuracy of the forecast is quantified
with a metric. The common metrics used in wind power forecasting are shown in
Table 1.
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where xi and x̂i are the actual and predicted N values of the variable respectively, xmax
and xmin are the maximum and minimum values, and x is the average of the actual
values [86]. The next subsections describe the different forecast horizons, their appli-
cations, and the AI models used to afford them.

3.1 Very short-term forecasting

Very short-term wind power forecasting refers to the prediction of wind power at
time horizons ranging from a few seconds to a few minutes ahead. Since the forecast
horizon is the smallest possible, it is also referred to as real-time wind power fore-
casting. It is essential for real-time grid control and stability, as well as frequency and
voltage regulation, spinning and non-spinning reserves, and black start capability.
Conventional methods using time series have a very good performance in this fore-
casting. However, AI methods have four big advantages over conventional methods
suitable for these problems, which are the ability to (a) process high-volume data, (b)
detect patterns, (c) deal with nonlinearity, and (d) deal with complex data.

Reported studies have shown that ANNs have been widely used for wind power
forecasting. For instance, Zha and Jing [87] use them for 15-minute-ahead forecasting in
China, evaluating their results with RMSE, MAE, and MAPE, finding excellent accuracy.
Other AI tools, such as random forest, gradient boosting, and extreme gradient boosting,
are applied for 10-minute-ahead wind power forecasting [88]. They obtained excellent
results reflected in the calculated metrics, MAE, MSE, RMSE, and R2, acquiring, for
example, an R-squared of up to 0.999. Five minutes ahead wind power forecasting is
performed in Australia using more sophisticated machine learning tools such as
convolutional and long-short-term memory neural networks together with a support
vector machine in [89]. Accuracy performance is reported in terms of RMSE and MAE,
achieving a bit more than 20%. Likewise, the same analysis was performed using
convolutional and recurrent neural networks for different wind farms in Australia,
reporting their performance with MAE and RMSE, showing that accuracy depends on the
site, managing to obtain up to 1.5% inMAE [90].Wind speed forecasting for China with a
15-minute ahead horizon is performed using a hybrid method that combines statistics and
a neural network together with a genetic algorithm [91]. Performance is calculated with

Acronym Name Physical meaning Formula

RMSE Root mean square error Average magnitude of error RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

PN
i¼1 xi - x̂ið Þ2

q

MAE Mean absolute error Level of absolute error MAE ¼ 1
N

PN
i¼1 xi - x̂ij j

MAPE Mean absolute percentage
error

Percentage error relative to the
actual value

MAPE ¼ 1
N

PN
i¼1

xi - x̂i
xi

���
��� � 100%

MSE Mean squared error Prediction error MSE ¼ 1
N

PN
i¼1 xi - x̂ið Þ2

nRMSE Normalized root mean
squared error

Normalized average magnitude
of error

nRMSE ¼ RMSE
xmax - xmin

nMAE Normalized mean absolute
error

Normalized level of absolute
error

nMAE ¼ MAE
xmax - xmin

R2 R-square or coefficient of
determination

Correlation between predicted
and actual value R2 ¼ 1-

PN

i¼1
xi - x̂ið Þ2PN

i¼1
xi - xð Þ2

Table 1.
Main metrics for evaluating the accuracy in wind power forecasting.
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different metrics, achieving errors of less than 10%. A comparison study has been
performed for 10-minute-ahead wind power forecasting with data fromMorocco using
support vector machine, deep neural network, and recurrent neural network [92]. They
measure the accuracy obtained by the three approaches, calculating MSE, MAE, MAPE,
and R2, finding out that the recurrent neural network performs the best with an R2 of 0.9.

Their approaches also involve data decomposition and feature extraction to reduce
their complexity and then use an AI technique to determine behaviors or parameters,
such as neural networks – backpropagation, convolutional, and recurrent, support
vector machines, data mining algorithms, and genetic algorithms [93]. Likewise, a
hybrid model based on ensemble empirical mode decomposition, whale optimization,
and an Elman NN was constructed for ultra-short-term wind power, obtaining a
higher accuracy in their results compared with other models [94].

Hybrid methods of probabilistic wind speed forecasting have also been developed,
where prediction intervals are defined using probabilistic criteria and then, wind
speed mean values every 20 minutes are forecasted with an LSTM NN in order to
obtain the probability distribution of predicted wind speeds [95]. Also, wind speed,
wind direction, and wind power forecasting 1 hour ahead have been performed using
Bayesian NNs at 80 and 90% confidence levels [96].

Moreover, explainable artificial intelligence (XAI) has also been employed to
identify the critical elements in their 15-minute-ahead wind power forecasting hybrid
model composed of LSTM NN, GRU, and ARIME algorithms [97].

Conventional methods’ performance for very short-term forecasting is very good
for very short-term wind power forecasting, in particular, the statistical ones. How-
ever, let us keep in mind that AI is ideal for dealing with complex structures; thus, AI
techniques, such as RNNs and LSTM NNs, can be applied to capture temporal depen-
dencies in turbulent wind patterns. Other approaches, such as CNNs and hybrid
models, can be applied in wind power forecasting models employing signal decompo-
sition. Moreover, hybrid approaches combining probability and AI techniques are also
useful for wind power forecasting, providing a quantified uncertainty.

Table 2 summarizes the main applications and approaches concerning intelligent
wind power forecasting at the very short term.

Intelligent very-short-term wind power forecasting models also present limita-
tions, the most significant one being the need for a large dataset. Artificial intelligence
core lies in training the models, and for that, the more available data, the better the
training and the better the performance. Another limitation of intelligent models lies
in the fact of overfitting, which refers to the fact that the model fits the training data
of a complex model very well, by memorizing it, but is unable to predict real data.
Finally, most of the models may be able to perform very well at the site used for their
construction, but their performance cannot be generalized to different sites.

In the following subsection, wind power forecasting at a longer time horizon is
discussed.

3.2 Short-term forecasting

Short-term wind power forecasting refers to time horizons ranging from several
hours to one day ahead. This forecast is useful for unit commitment, economic dis-
patch, day-ahead bidding in the electrical market, and scheduling of energy storage;
thus, it is essential for the security of supply and the economy of power systems.
Indeed, errors in this time horizon are reflected in economic and energy losses,
reserve misallocation, and inefficiencies in the grid operation.
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Numerical weather prediction models perform very well at this time horizon.
These models involve physical modeling of the atmosphere’s dynamics and require
boundary conditions at the site of interest for hours-ahead or day-ahead wind speed
forecasting. The boundary conditions are given by measured data from meteorological
stations or, in the worst case, interpolated data. The major challenge in these cases is
that the topography of the site or sudden local meteorological phenomena alter the
reasonable accuracy of the prediction, which, given the dependence of wind power on
the wind speed as specified in Eq. 1, increases the error in the power prediction.
Statistical models for one-day-ahead forecasting have been developed, but the results
strongly depend on the seasonality of the data [14]. Artificial intelligence has been
extensively applied to contribute to this field [80].

The popular ANNs have been extensively used for short-term wind speed and
wind power forecasting. Data from an SCADA system has been used as an input for
wind speed forecasting [98]. Another example is an ANN that has been used for day-
ahead forecasting, finding the best network architecture with sensitivity analysis and
comparing results with NWP [99]. Moreover, by optimizing ANN parameters, good
accuracy has been found in [100]. Moreover, in [101], a performance comparison for
three-day-ahead forecasting with ANN and ANN with optimized weights with two
different intelligent methods, Firefly Algorithm and Particle Swarm Optimization, is
made, showing that the latter outperforms the former, and the model can be scalable.
Some of the most used AI techniques, such as gradient boosting, random forest, and
transformer NNs, have been used for short-term wind power forecasting and com-
pared, turning out that the best accuracy is achieved with gradient boosting with an

Time ahead Application Approach to forecasting AI techniques

From
minutes to
a few hours
ahead.

• Frequency regulation;
• Real-time pitch and yaw

adjustments;
• Reserve allocation;
• Grid code;
• Electricity market.

Use time series of wind speed data
input to find sequential
dependencies and patterns.

• DNN
• RNN
• LSTM NN

Use time series of wind power and
other data as input to capture
sequential dependencies and
patterns.

• DNN
• RNN
• LSTM NN
• Random forest
• Gradient boosting
• Extreme gradient

boosting

Use data decomposition to forecast
behavior of parameters.

Hybrid methods with
• DNN
• RNN
• CNN
• SVM
• DMA
• GA

Perform probabilistic forecasting. Hybrid methods with
• LSTM NN
• Bayesian NN

Explain the crucial factors in the
forecasting process.

• -XAI

Table 2.
Main facts about very short term wind power forecasting with AI techniques.
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R2 of 0.98, as long as the methodology is data-driven [102]. Models involving RNNs
have also been designed with successful performance [103]. LSTM NNs have also
been used for day-ahead wind power forecasting to extract the short-term temporal
dependency of the input variables, which are wind power and weather variables time-
series, finding an nRMSE of about 10% [104].

CNNs have also been utilized to attend day-ahead wind power forecasting as
shown in [105], where an RMSE of 0.629 is attained. Moreover, an LSTM-based model
is constructed with excellent results [106]. Additionally, different complex models
have been developed and compared. For instance, three different types of combina-
tions have been tested for day-ahead wind power forecasting, which are CNN with Bi-
LSTM NNs, CNN with biGRUs, and LSTM with GRU, with the former being the one
with the best performance, achieving an MAE of 0.41 [107]. Also, wind speed fore-
casting has been promisingly performed with Bi-directional LSTM, accomplishing an
R2 of 0.87 [108]. Different approaches use CNN. In particular, a model built with
CNN together with a Bi-LSTM is able to enhance wind power forecasting by 28%
during power fluctuation periods [109].

Probability density forecasting of wind power has also been performed at this time
horizon. As an example, wind power forecasting is done using different conditional
quantiles by means of a quantile regression NN [110]. A different intelligent probabi-
listic approach is employed by combining a Weather Research and Forecasting simu-
lation, optimization, and clustering treatment in [111]. Wind speed and wind power
forecasting at a horizon of 5 hours ahead have been performed with Dynamic Bayesian
Networks, showing it as a promising probabilistic intelligent forecasting tool [112].
Moreover, probability density forecasting of wind power has also been attained with
more novel AI technology in [113], where a Transformer Network has been used,
combined with other techniques.

Hybrid models have also been developed to address this forecast horizon. For
example, wind power forecasting with GRU NN and ARIMA has been performed
for a couple of hours ahead with meteorological and wind farm data from a
location in Pakistan, obtaining an R2 of 0.89 [114]. Hybrid models can become
very complex. For example, for day-ahead forecasting, a CNN model is employed to
analyze the spatial correlations between wind power and NWP data, then a BiGRU
model studies the temporal dependencies in the time-series data, and finally, they
merge the results with a multi-head self-attention mechanism to allocate greater
weights to the most influential elements of the forecasting model [115]. In a
different hybrid model, wind power data are decomposed into high and low frequen-
cies, and CNNs are used to obtain spatial features which will serve as inputs to an
LSTM NN [116].

Table 3 summarizes the main characteristics and approaches of intelligent wind
power forecasting in the short term.

Even though intelligent short-term wind power forecasting models have
their strengths, such as the ability to deal with huge datasets, non-linearity,
and complex and large temporal and spatial patterns, there are also weak points,
such as the imperative need for large datasets, high computational requirements,
high computational cost, risk of overfitting, among others. And more
importantly, if the intelligent model manages to forecast with excellent accuracy,
it is unlikely that the same result will be obtained at different locations.
However, this is a field where much still needs to be done, and efforts continue in
this direction.

Medium-term wind power forecasting is discussed in the following subsection.
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3.3 Medium-term forecasting

Medium-term forecasting refers to predictions performed from 2 to 17 days ahead,
up to some weeks ahead. These predictions are useful for preventive maintenance and
component replacement of the wind power systems. It is also useful for improving grid
reliability by providing a future scenario of wind power generation, thereby facilitating
planning of energy reserves and cross-border interconnection planning in the event of
low wind events. Additionally, this medium-term forecasting is useful to plan energy
balancing strategies and energy trading. Physical and statistical methods have also been
used to present solutions in this time horizon. Physical models such as the Global
Forecast System operated by NOAA provide deterministic and probabilistic weather
data up to 2 weeks in advance. Moreover, there are other methods based on NWP, such
as ECMWF, ENS, GEFS, that have been used for wind speed forecasting from days to
weeks ahead. Since these are global models, sometimes they are used with statistical
downscaling, though linear regression or other techniques, and using datasets from
reanalysis, like ERA 5, to tune the forecast to local conditions at the wind turbine or
farm. Additionally, there are statistical models, such as the Weather Regime Forecast-
ing, to infer the weather regime and provide weather values up to a few weeks [117].

Additionally, there are forecasting models that incorporate AI techniques. Monthly
mean wind speed forecasting has been done with ECMWF, enhancing the accuracy by
means of a calibration performed with decision trees, random forest, and light gradient
boosting [118]. For instance, ANN, like the Multilayer Perceptron and backpropagation,
have been successful in medium to long-term wind power forecasting [119, 120]

Time ahead Application Approach to forecasting AI techniques

From hours
to a day
ahead.

• Unit commitment;
• Economic dispatch;
• Day-ahead bidding

in the electrical
market.

Use time series of wind speed
data and other variables as inputs
to find sequential dependencies
and patterns.

• ANN

Use time series of wind power and
other data as inputs to capture
sequential dependencies and
patterns.

• RNN
• Gradient boosting
• Random forest
• LSTM NN
• Bi-LSTM NN
• Bi-GRU
• Transformer NN
• CNN

Perform probabilistic forecasting. Hybrid models with
• QRNNs
• clustering
• Dynamic Bayesian

Networks
• QRNNs Quantile

Regresion

Analyze spatial and temporal
patterns.

Hybrid models with
• CNN
• GRU
• Bi-GRU
• LSTM NN

Table 3.
Main facts about short-term wind power forecasting with AI techniques.
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respectively. Also, a gradient boosting-based approach has been introduced for short-
and medium-term wind power forecasting, achieving good accuracy [121]. Models with
different techniques, ANN, random forest, extreme gradient boosting, k-nearest neigh-
bors’ regression, and multilayer perceptron, have forecasted wind power at short,
medium, and long-term, finding out that random forest provides more accurate fore-
casts for medium and long-term [122]. A probabilistic intelligent approach has also been
explored by using Bayesian networks for wind power forecasting a month ahead to
assess the penetration of small-scale wind power in the residential sector [123].

Hybrid methods for wind speed and wind power forecasting at this timescale have
also been presented. Also, novel AI technology has been employed to improve classical
methods. NWP results have been corrected by means of a transformer neural net-
work, obtaining good results [124].

Table 4 recapitulates the main characteristics and approaches of intelligent wind
power forecasting at the medium term.

Medium-term prediction is more complex than short-term prediction, and this fact
is reflected in a smaller number of publications in the literature. As before, the use of
AI techniques has its advantages, such as dealing with non-linearity, handling long
sequences, recognizing patterns, and managing uncertainties in forecasting. However,
the same disadvantages persist, such as the need for large datasets, the risk of
overfitting, and the complexity of the models. Nevertheless, it opens an alternative to
conventional methods with more and more innovative tools as time goes by. This
provides an opportunity to use artificial intelligence techniques, traditional or the
most recent, or even hybrid models, which, together with the creativity of
researchers, can provide promising results applicable to various locations.

Finally, long-term wind power forecasting is discussed in the next subsection.

3.4 Long-term forecasting

Long-term wind power forecasting has the longest prediction interval, ranging
from months to years. Long-term wind power fluctuations are affected by wind speed

Time ahead Application Approach to forecasting AI techniques

From days to
weeks ahead.

• Grid reliability;
• Preventive maintenance;
• Component replacement;
• Planning energy reserve;
• Planning cross-border

interconnection;
• Planning of energy

balance strategies;
• Planning of energy

trading.

Use time series of wind speed
data and other variables as inputs
from NWP models
to improve accuracy.

• Decision trees
• Random forest
• Gradient boosting

Use time series of wind power
and other data as inputs to capture
sequential dependencies and
patterns.

• ANN
• Random forest
• Gradient boosting
• Multilayer

perceptron NN
• Backpropagation

NN
• k nearest neighbors

regression

Perform probabilistic forecasting. • Bayesian Networks

Analyze spatial and temporal
patterns.

Hybrid models with
• Transformers NN

Table 4.
Main facts about medium-term wind power forecasting with AI techniques.
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variations at daily, seasonal, or annual scales, and thus, the probability of obtaining
less accurate results is higher. Additionally, local weather conditions can influence
long-term wind behavior, making the problem even more complex. Nevertheless, it
has important technical applications, such as operation management, optimal opera-
tion, dispatch planning, site selection, resource assessment, and system expansion.
Additionally, it has important economic applications, like information for financial
investments and bankable documentation.

Statistical approaches have been used to study the persistent behavior of the wind,
as well as physical methods, with the aid of downscaling techniques of NWP. Many of
the approaches use wind resource seasonality to help, in one way or another, to
enhance the accuracy obtained in the forecasted values [125–127]. AI-based models
have also been developed [128, 129].

ANNs have been used extensively in this forecast horizon. Monthly wind power
forecasting using an ANN in Sri Lanka has been performed, and various error mea-
sures have been computed, including R2 and MSE, with R2 values ranging from 0.97 to
1 and MSE values ranging from 0.02 to 0.00 [130]. Also, ANNs have been used to
predict hourly values of wind speed for the next year by recognizing long-term
patterns and then adjusting the prediction [131]. Likewise, there are approaches with
LSTM NNs, which, by considering regional characteristics, have improved the wind-
resource prediction at medium and long-term [132]. Another approach uses Support
Vector Regression, with polynomial and radial basis functions, to estimate the param-
eters of the Weibull distribution characteristic of the wind resource at the site at long-
term [133]. Also, a multivariate data set has been used as input for different AI
models, LSTM NN, GRU, CNN, and CNN-LSTM, for wind power forecasting at three
different horizons: 6 months, 1 year, and 5 years. The results show that the GRU
method achieves higher accuracy [134].

A probabilistic intelligent approach has been proposed using clustering techniques
to find statistical seasonality and define a wind resource typical year, from which, by
means of the probability distribution function, the annual energy for the coming year
is estimated [135].

Explainable AI has also been employed by introducing an X-double LSTM, which
incorporates XAI and LSTM NN, to predict wind production a year ahead. The results

Time ahead Application Approach to forecasting AI techniques

From weeks
to months or
years ahead.

• Operation management;
• Dispatch planning;
• Site selection;
• Resource assessment;
• Wind system project

planning;
• System expansion

planning;
• Financial information.

Use time series of wind speed data and
other variables as inputs from NWP
models to improve accuracy.

• ANN
• LSTM NN

• Use time series of wind power and
other data as inputs to capture
sequential dependencies and
patterns.

• ANN
• LSTM NN
• Bi-LSTM NN
• GRU
• CNN
• Transformer NN

Perform probabilistic forecasting. • Bayesian n
etworks

Explain the crucial factors in the
forecasting process.

• XAI:
X-double LSTM NN

Table 5.
Main facts about long-term wind power forecasting with AI techniques.
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have been compared with the ones obtained with LSTM, Bi-LSTM, GRU, transformer
model, and ARIMA models, finding an increase in accuracy, aiding operational
decision-making performance [136].

Table 5 summarizes the main characteristics and approaches of intelligent wind
power forecasting at the medium term.

As mentioned before, the longer the forecast horizon, the greater the complexity of
the forecasting process and the less accurate the results become. At this forecast
horizon, it is more suitable to use a probabilistic approach that includes the intermit-
tent nature of the wind resource rather than a deterministic approach. Thus, various
hybrid approaches, combining probabilistic methods with AI, have emerged in recent
years. Moreover, the problem of a model obtaining good forecasts for one site but not
being able to generalize to others persists across all forecast horizons.

4. Conclusions and future perspectives

One of the main actions to improve the use of wind resources lies in better
understanding this intermittent resource at all timescales, in order to take full advan-
tage of it. This is achieved through a good forecast of the wind resource at different
horizon forecasts. Enhancing the utilization of wind resources through AI techniques
not only relies on increasing the forecasting accuracy but also on obtaining an inte-
grated decision-support system with reliable and interpretable forecasts that can be
directly used by system operators, market actors, and policymakers to use this
resource as a strong pillar of power systems.

So far, all prediction paradigms have advantages and limitations, as shown in
Table 6, which indicate that the best path towards more accurate and reliable fore-
casting systems is through the hybridization of AI methods with or without non-
intelligent ones. So far, there is no single method that surpasses the others.

To conclude, AI should not be considered as a replacement for the non-intelligent
methods, but as an additional method to create synergy to overcome the limitations of
the other methodologies. Nowadays, AI offers the possibility to provide accurate and
interpretable results by means of explainable AI, which enhances the utilization of

Approach Advantages Limitations

Physical
models

They are based on a physical model, and
thus they are physically consistent and
interpretable.

They need to solve complex equations
with a complex input database and deal
with fine-scale variability.

Numerical
weather
prediction
models

They provide global and clear forecasts
across different time scales.

They are computationally expensive and
are sensitive to local conditions.

Statistical
methods

They are relatively simple, fast, and
adaptable to specific sites.

They may underperform in extreme
events, and they may not be extrapolated.

Artificial
Intelligence
techniques

They deal with nonlinearity, multivariable,
and spatiotemporal dependencies. They can
integrate different types of data from
different types of sources.

They need a large amount of data and
computational requirements. There is a
high risk of overfitting. Most of the
methods perform like black boxes.

Table 6.
Advantages and limitations of the different approaches for wind power forecasting.
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wind resources in the operational and market scope of power systems. AI opens the
door to data from different technologies that may incorporate crucial information for
the forecasting results. Finally, probabilistic intelligent models may be the best way to
deal with medium and long-term, as well as regional forecasting, which provides
useful information to harness the exploitation of this resource.
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Chapter 3

Vertical Axis Wind Turbines 
Intelligent Farms
Fred Nitzsche

Abstract

The need of making wind farms more efficient demands the assessments of 
new concepts, bringing these to the demonstration level. This chapter targets more 
specifically floating wind farms of Vertical Axis Wind Turbines (VAWTs). These 
wind farms are specifically suitable for harvesting wind energy at deep-sea waters, 
the next frontier of offshore wind farms. The chapter describes the new concept 
of making clusters of three VAWTs to increase the overall average power output of 
wind farms. The cluster topology concept takes advantage of the acceleration of 
the flow observed through the gap between closely spaced turbines (“funneling” 
effect). The concept also involves the adoption of active blade pitch control strate-
gies to both generate wakes deflections, optimizing the “funneling” effect (collective 
and cyclic control), and improve structural fatigue life using the higher-harmonic 
control technique for mitigating blade high dynamic response due to the aeroelastic 
effects.

Keywords: wind farms, deep water, vertical axis wind turbines, clustering topology, 
active blade pitch control, power output improvement, vibration attenuation

1.  Introduction

Horizontal Axis Wind Turbines (HAWTs) are today the most common turbines. 
Vertical Axis Wind Turbines (VAWTs), however, conditionally on the type of wind 
farm installation, may have significant advantages over HAWTs. VAWTs have similar 
power-conversion performance than HAWTs per blade swept area. However, a VAWT 
design is intrinsically lighter due to the positioning of the electric generator at the 
base of the turbine. With this, the necessity of construction of massive towers to hold 
the nacelle with the generator and gearbox at the top of the installation is avoided. 
Furthermore, the VAWT operation is independent of the wind direction, a character-
istic that is only achieved in the HAWT with the yaw orientation mechanism that adds 
up to the weight sustained by the tower. VAWTs received, during the years following 
the first oil crisis in the 1970’s, great attention from the industry. Extensive wind 
farms with this type of turbine were established, particularly in the Mohave Desert 
in the USA. In Canada, at Cap-Chat in the Gaspe Peninsula, the largest (Darrieus-
type) VAWT, 4 MW in power, 110 m tall, was built in the early 1980’s (Figure 1). 
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However, the Darrieus design was slowly abandoned in the following decades due to 
the complications associated with high vibration of the blades—aeroelastic forced 
response, and, consequently, fatigue problems. Several turbines suffered catastrophic 
failures under high winds. Therefore, any solution contemplated by modern designs 
should address this issue as well.

Offshore wind turbine technology becomes mandatory with the need to increase 
turbine size as wind energy becomes economically more competitive when gener-
ated by large turbines. Although there is growing awareness of the population on 
the need for renewable energy conversion, there is also a clear resistance to locating 
large wind turbines onshore or near-shore. Offshore horizontal axis wind turbines, 
for example, in the North Sea, are being installed currently on foundations on the 
seabed as shallow waters so allows. However, it is predicted that there will be satura-
tion of the producing areas in these shallow waters. In other parts of world, shallow 
waters do not exist at all, like in many coastal regions to the Pacific Ocean. When 
this happens, the need for floating deep-water facilities will become necessary 
(Figure 2).

The installation of floating HAWTs is challenging because in a good design the 
center of gravity should be set as close to the sea surface as possible to ensure the 
hydrodynamic stability of the floating unit. This design could be achieved with 
HAWTs keeping the turbine generator close to the water surface and introducing 
a torque transmission system inside the tower, from the generator to the nacelle. 
However, this system adds substantial weight to the unit. On the other hand, VAWTs, 

Figure 1. 
Cap-Chat (Quebec, Canada) Darrieus vertical axis wind turbine.
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exactly for naturally allowing the positioning of the electric generator at their base, 
will then become one viable alternative to HAWTs. In fact, VAWT Darrieus-type 
rotors received special attention for deep-water offshore floating applications in the 
7th European Commission Framework Program with the DeepWind project as in 
Ref. [1] (Figure 3).

2.  Wind turbine intelligent farms: Clustering topology concept

Contrarily to the general perception that wakes generated by upstream turbines 
always interfere negatively on the airflow reaching downstream wind turbines, hence 
reducing the overall energy production of wind farms unless a considerable distance 
between farm rows is verified, a recent investigation on closely spaced wind turbines, 
supported by both numerical calculations and wind tunnel tests, demonstrated that 
an increase in the energy output can be actually achieved as in Ref. [2]. This investiga-
tion was realized using HAWTs but the principle can be extended to VAWTs. For this, 
the turbines wake shedding needs to be positively explored by clustering. Clustering 
allows not only a higher density of turbines but also an average increase in the energy 
production output if the right topologic conditions are met. The physical explanation 
for the phenomenon is the “funneling” effect that the wakes of two closely spaced 
wind turbines located upstream create on the flow, accelerating it downstream 
(Figure 4).

The increase is verified to be very significant at certain dimensionless spacing 
distances between turbines, X/D and Y/D as defined in Figure 4 (where D is the rotor 
diameter).

Figure 2. 
Shallow vs. deep waters wind turbine installations.
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In particular, according to references [2, 3], Figure 5 indicates that for the cluster 
configuration:

• Turbine 2 exhibits an increase in power output when located 1.0D to 2.5D down-
stream of the upstream rotors and exhibits a maximum increase in power output 
of 9% with a 1.0D longitudinal setback and a 3.0D gap;

Figure 3. 
DeepWind project (7th European Framework Program) floating Darrieus rotor concept. Poster from Danish 
Technical University (DTU) presented at European Wind Energy Conference and Exhibition, 2009, Marseille, 
France; reproduced with permission.
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• Turbine 2 experiences a maximum increase in power output of 10.5% with a 1.5D 
longitudinal setback, but this benefit is reduced as the rotor is moved further 
downstream. Turbines 1 and 3 also exhibit a notable increase in power output 
when the setback of the center turbine is minimized;

• Turbine 2 produces a maximum power increase of 7% with a 1.0D longitudinal set-
back, but exhibits a smaller overall increase in power compared to the previous case.

Interestingly, turbines 1 and 3 also exhibit a notable increase in power output when 
the setback of the center turbine (Turbine 2) is decreased. Therefore, the power net 
output of the cluster of the three turbines is likewise increased well over 10% when this 
particular cluster topology is established. Although cases (a) and (c) in Figure 5 also 
indicate the substantial improvements for different cluster topologies, the result is 
highly dependent on the undisturbed wind speed, U∞.

For different wind speeds a different spacing Stip between turbines would be nec-
essary to produce the similar improvements in the overall energy production of the 
cluster. However, the strength of the vortices generated by the wind turbine blades 
and, consequently, the wakes produced by the wind turbine itself are regulated by the 
angle of the attack of the blades (or blade pitch) for a given wind speed. Therefore, 
the aforementioned improvement in the output power that was obtained for fixed 
blade pitch could be extended for different wind speeds, independently of the spacing 
between turbines, if the blade pitch could be actively regulated and, thereof, the tur-
bine rotational speed and loading. Although blade pitch control is relatively new con-
cept to wind turbines, it is a mature technology in the field of helicopter rotor design. 
In wind turbines, it has been proposed as way of reducing aerodynamic loads in very 
large HAWTs where the ground effect makes the undisturbed wind speeds very dif-
ferent at the upper and lower blade positions over a blade revolution in Ref. [4].

Figure 4. 
Wake flow “funneling” effect observed in clusters of three closely spaced wind turbines: the three turbines in a single row 
configuration (upper left); flow acceleration is observed across the blades gaps of width Stip (upper right). Same effect 
when the three turbines are placed along two rows (lower left). The two upstream turbines accelerate the flow toward 
the downstream turbine through the gap (lower right). From reference [3].
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  3.  VAWTs blade pitch control: An analogy with helicopters in forward 
flight condition 

 In helicopters, the pilot controls the main rotor blades through the swashplate, 
which is a device that translates and tilts along the main rotor shaft following the 
hydraulic commands from the cockpit.   Figure 6   shows a schematic of the swashplate 

  Figure 5.
  Parametric study on the cluster centerline setback (ΔP is the power output increase for each turbine).          
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with its pitch link attachments to the rotor blades. The pilot controls hydraulic actua-
tors that move the lower, non-rotating plate, while the upper plate rotates with the 
rotor head-on bearings housed between them. The pilot can both command these 
plates vertically and tilt them with the controls in the cockpit. The vertical motion 
of the swashplate induces a collective pitch at each blade, whereas its tilt orientation 
determines the corresponding cyclic pitch. Theoretically, a pair of plates composes 
the swashplate: one in the rotating frame and another in the helicopter body-fixed 
frame. Both are centered on the main rotor shaft and free to translate vertically along 
the shaft as a single unit. The vertical position and orientation of the swashplate 
determine the total pitch of the rotor blades, which has then two components super-
imposed: (1) the baseline pitch of the rotor blades called collective, or collective pitch. 
The collective pitch controls all rotor blades angles of attack equally, independently 
of their azimuth positions. (2) The cyclic pitch, governed by the tilt of the swashplate 
with respect to the rotor shaft, commands the angle of attack of each rotor blade 
differently but in a cyclic pattern that varies according to its azimuthal position. 
Hence, the collective pitch is a rigid-body motion in the rotating frame performed 
at a normalized frequency 0/rev, whereas the cyclic pitch is done at a normalized 
frequency 1/rev, where “rev” intends for the rotor revolution frequency. Blade pitch 
control can be also done at frequencies higher than 1/rev. In helicopter design, this 
type of control is called Higher-harmonic Control or for short HHC, as in Ref. [5]. 
It is intended to superimpose to the collective and cyclic blade pitch control frequen-
cies higher harmonics p/rev. These harmonics are aimed to attenuate high-frequency 
signals present in the blades having dynamic responses to unsteady aerodynamic 
loads (aeroelastic forced response). They are especially significant in the forward-
flight regime of helicopters, when there is strong interaction between the vortices 
shed by each blade individually on the remaining blades during one revolution, in a 
phenomenon called Blade-Vortex Interaction (BVI). These vibrations can not only 

Figure 6. 
The helicopter collective and cyclic flight controls with the swashplate device.
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create structural fatigue to blades and other components of the helicopter but also 
cause human discomfort when riding helicopters. The vibrations are transmitted to 
the fuselage through the rotor shaft pronouncedly at integer multiples of the rotor 
number of blades ( N /rev), where  N = nB  is the product of the rotor number of blades, 
B  and  n  are integers, in Ref. [ 6 ]. The HHC concept (where all blades are controlled in 
unison by the same signal) can be generalized to the Independent Blade Control (IBC) 
where each blade is individually fed with independent signals, as in Ref. [ 7 ]. The 
control signals are produced either in open loop or in closed-loop automatic control 
utilizing sensors to continuously monitor the structural response.  

 Although to the knowledge of the author it has not been reported in the open 
literature, blade pitch control can also be introduced for VAWTs. In   Figure 7  , the 
basic aerodynamics of wind turbines is introduced.  U∞  is the free (unperturbed) 
wind speed blowing in the direction of the unit vector  ê1 . The turbine of radius, 
rT  has an angular velocity and ΩT  in the counterclockwise direction. The blade 
airfoil aerodynamics is indicated in the figure at four azimuth angles,  θT  referred 
to the wind speed direction,  ê1  where  θT  = 0. At each azimuth position, the airfoil 
tangential velocity is  V . Therefore, the airfoil composed vector velocity,  V  +  U∞
produces the local instantaneous angle of attack,  αgeom , the lift,  L  and drag, and 
D  forces as indicated in the figure. These can be resolved onto the non-rotating 
frame: the lateral force,  F  = F 1   ê1 + F 2   ê2  and the torque about the rotational axis, 

  Figure 7.
  VAWT basic bade aerodynamics. Situations in the upwind, downwind, advancing, and retreating quadrants of 
operation.          
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τ = τ ê3 (where the unit vector ê3 points upward the plane defined by ê1 and ê2). For 
VAWTs in normal operation, as long as ΩT achieves a minimum value, the integral 

2

0
0.

π
τ θ >∫ Td  If blade pitch control is introduced using for example the HHC strategy, 
( ) ( ) ( )cosα θ α θ ∆α θ = ∑geom T geom T p TpHHC

pt,+  where p can assume any integer value, 
namely 0 for collective, 1 for cyclic, and p ≥ 2 for the higher-harmonic control fre-
quency p/rev. Some harmonics may be skipped in HHC if control at that harmonic is 
not relevant for the dynamic response, for ,≠p nB  for example. The result of HHC (or 
more generically IBC) would be that not only the torque could be actively controlled 
for a certain wind speed but also the lateral force. More interesting for the present 
development is that calling the flow conservation of momentum principle if the lateral 
force can be controlled likewise the direction of the turbine shed wake can. This fact 
can be used to explore the observed acceleration of the flow in the gaps between tur-
bines operating in close proximity using the “funneling” effect referred in Section 2.

Two possible concepts for realizations of the blade pitch control are next presented 
for H-type, 2-blade rotors.

• Concept 1: As seen in Figure 8, it is straightforward to design a mechanism with 
equivalent functions of the swashplate for operation in H-type vertical axis wind 
turbines. Note that tilt of the plate is not need as the plane of rotation in VAWTs 
is already the one of blade actuation. The mechanism would be located midway 
the blades span at their horizontal connections with the vertical axis. Two rigid 
links would push-pull the blades off their pitch axes to provide the independent 
control of the angles of attack. In the sketch presented, two sets of linear electro-
mechanical actuators are connected to the pitch links to send the independent 
signals for each blade (IBC concept). The pitch links are designed to amplify the 
motion supplied by the actuators. The control signals would be a superposition 
of the 0/rev (collective), 1/rev (cyclic), and higher-harmonic signals as well  
(2/rev and up) to perform blade load alleviation.

Figure 8. 
Blade pitch control concept for a 2-blade H-type VAWT.
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• Concept 2: A second and more innovating concept is depicted in Figure 9. As 
seen, it does not require linear actuators or other mechanisms to provide blade 
pitch independent control. Instead, it introduces a second generator in the 
turbine; one dedicated to each blade. Any electric generator has some swashplate 
features because, as the swashplate, it has non-rotating (the stator) and rotating 
frame (the rotor) components. As indicated, each generator rotor is attached to 
a separate tube that is connected the pitch link as in Concept 1. The two rotat-
ing tubes (one for each blade) run concentrically to the turbine shaft. Then, an 
electronic device would control a constant plus a time-dependent phase dif-
ference between the two generator rotors to supply the required collective and 
cyclic pitch controls of the two blades and the high-harmonic IBC signal during 
the revolution.

The same concept could also be extended to floating Darrieus VAWTs introduced 
in Figure 3. The actuation scheme is depicted in Figure 10. In the Darrieus, compared 
to other designs, the blades (of length L seen the figure) are very flexible. This is 
because their shape approximates the “troposkien” curve, which is the shape of a 
rotating rope. With this, the blades transversal stresses are minimized, as noted in 
Ref.s [8, 9]. Differently to the H-type turbine, this type of rotor blade has two bound-
ary conditions. The proposed pitch control would, in this case, be performed at the 
both ends of the blade, as indicated in the figure, maintaining the characteristic 
lightweight design of the rotor. As a result, the two blades would be simultaneously 
twisted (morphed) by the same angle applied at their roots but in opposite directions, 

( )0,α−∆ t  and ( )α+∆ L,t  to provide the local, time-dependent angle of attach for IBC, 
( )1, .α∆ x t

Figure 9. 
Blade pitch control alternative concept for a 2-blade H-type VAWT. Actuation using two generators dedicated to 
each blade individually.
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4.  Intelligent clustering topology extended to VAWTs: Challenges

The main purpose here is to present, as seen by this author, the current challenges 
to design intelligent wind farms of VAWTs using the clustering topology described in 
Section 2. For this, the extension of the previous cluster results obtained for HAWTs 
to VAWTs using reduced-scale models, for example, to minimize experimental 
costs, should be first demonstrated. Second, as the energy output of the cluster is 
fundamentally dependent on the characteristics of the wake shed by the upstream 
turbines, incorporation the blade pitch control, as discussed in Section 3, is necessary. 
This strategy will be able to tune both the wake strength at an instantaneous wind 
speed and its direction using the collective and cyclic controls. The active control 
system would be able to maximize the cluster energy output within broad range of 
wind speeds, which is the main objective of an intelligent wind farm. As mentioned 
in Section 1, high level of blade vibration, especially in the Darrieus rotor case, was 
the plague that prevented their industrial dissemination in the past as reported in 
Ref. [10]. It became then obvious that some type of active blade control should be 
introduced to realize more robust designs. A previous work from one of the author’s 
students, using the vortex-particle unsteady aerodynamics method to represent the 
free-wake shedding, and the finite element method for the flexible structural repre-
sentation, aeroelastic simulations of a single 2-blade Darrieus rotor were performed 
in Ref. [11] (Figure 11). The result clearly confirms that the structural response 
of the blade is dominated by the multiples of the number of blades, with 2/rev the 
highest component in the spectrum, as seen in Figure 12. In the proposed cluster 

Figure 10. 
Floating Darrieus rotor with blade pitch control.
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configuration, to optimize the energy production, turbine proximity is a requirement. 
Therefore, especially at high wind speeds, active HHC or IBC systems presented in 
Section 3 would bring clear benefits into the more modern designs.

The cluster topology taking advantage of the “funelling” effect discussed in 
Section 2 is extended for VAWTs in Figure 13. It is worthwhile to note that the rota-
tion direction of the upstream turbines does not need to be reversed to produce desir-
able effects on the downstream turbine. The change in the direction of wake shedding 
is achieved by changing the blade pitch cyclic control schedule over one turbine 
revolution. As a result of the cyclic control, the magnitude of lateral forces generated 
over one cycle of revolution and their direction can be changed as well for a fixed gap 
distance, G. Conservation of momentum of the fluid, thus, guarantees the deflection 
of the wakes as suggested in Figure 13.

This follows in close analogy to what happens in helicopters, which can fly in all 
directions (i.e., change the direction of the thrust vector) by adjusting their cyclic control 
schedule. Therefore, the presented strategy can provide the right response of the cluster 
to changes in the free wind conditions; at “lower” wind speeds, when the deflection of the 
wakes of the upstream turbines toward the downstream turbine is expected to produce 
the beneficial effects, that is, to increase in the power output taking advantage of the 
“funneling” effect without significantly affecting the turbine vibration levels, the wake 
direction is kept as indicated in Figure 13. However, for “higher” wind speeds a better 

Figure 11. 
Aeroelastic simulation of a 2-blade Darrieus rotor showing the free-wake shedding (wake colors indicate local 
strength).

Figure 12. 
Darrieus structural blade response spectra (torsional degree of freedom).
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strategy would be to deflect the wakes produced by upstream turbines outward and away 
from the downstream turbine to reduce vibration.

Finally, a hierarchical control concept that at its low-level mitigates vibrations 
using higher-harmonic blade pitch control and at its high-level optimizes the cluster 
energy output is presented. The conceptual scheme of such a multi-level control 
system pursued by an intelligent VAWT wind farm is depicted in the block diagram on 
Figure 14 and then further detailed on Figure 15.

• A central controller (high-level control) commands the blade pitch using the wind 
speed conditions measured with a Light Detection and Ranging (LIDAR) system 
[12] and determines the suitable control strategy, either for “low” or “high” winds. 
For this, (1) it receives fed back information from local turbine controllers installed 
on the turbines about the lateral force as a measure of the wake deflections and (2) 
the instantaneous cluster energy production. Then, it sets the blades collective and 
cyclic angles to maximize energy output based on a previously inputted Reduced-
Order Model (ROM) obtained from offline flow simulations of the wind farm.

• A local controller (low-level control) receives input information from: (1) the central 
computer and (2) local sensors on the turbine torque, blades, and shaft loads and 
determines the higher-harmonic pitch angles for vibration alleviation.

Figure 15 further indicates that for providing energy to the local sensors that mea-
sure the torque, blade vibration, and shaft loads, energy harvesting from the blade 
vibrations themselves can be employed, making the turbine power generation output 
independent from the automatic control loop power requirements, that is, making 
it an autonomous control system. Nowadays, this is a mature technology, as seen for 
example in Ref. [13].

Figure 13. 
VAWT cluster concept for maximizing the energy production using the funneling flow effect.
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5.  Conclusions

In the present chapter, a novel topological concept for developing floating wind 
farms of vertical-axis wind turbines and its challenges was presented. It is based 
on dividing the whole wind farm into clusters of three turbines where the units are 
closely spaced. It takes advantage of an observed phenomenon verified in both flow 
simulations and wind tunnel tests with reduced-scale models of horizontal-axis 
wind turbines farms. In this case, the close proximity of two units located upstream 
accelerates the flow throughout the gap between the turbines, improving the perfor-
mance of a third downstream wind turbine that is centered in the middle of the gap. 
As the reported improvement was demonstrated to be dependent on the free wind 
speed, blade automatic pitch control (collective and cyclic) was introduced to make 
the phenomenon independent of the flow conditions. In addition, higher-harmonic 

Figure 15. 
Hierarchical multi-level control of an intelligent VAWT wind farm.

Figure 14. 
Block-diagram of an intelligent VAWT wind farm.
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control of the blade pitch is proposed to attenuate the turbine vibration, a problem 
verified in former vertical-axis wind turbine designs, which eventually led to the 
catastrophic failures by premature fatigue of the structural elements and, ultimately, 
prevented widespread use of this type of turbine. Possible realizations of the control 
mechanism, based on usual helicopter technology adapted to vertical-axis wind 
turbines, were suggested. Finally, a hierarchical, multi-level, control scheme for an 
intelligent wind farm exploring the novel concept was presented.
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Nomenclature

B number of rotor blades
D airfoil drag
D rotor diameter
êi unit vector (ground-fixed frame) in the directions 1, 2, 3  

(same as i, j, k)
F lateral force acting on the rotor
G lateral gap between the tips of adjacent turbines located upstream
L airfoil lift,
L blade length in the Darrieus rotor
n integer number
N particular harmonic of the rotor rotation frequency, N = nB
p normalized higher harmonic control frequency
P turbine power output
rT turbine radius
Stip lateral gap between the tips of the blades of adjacent turbines
t time
U∞ undisturbed wind velocity (= Uref)
V turbine tangential velocity
x1 curvilinear spanwise coordinate in the Darrieus rotor blade
X centerline setback distance between upstream turbines and down-

stream turbine
Y longitudinal direction in the wind farm
/rev normalized frequency (with respect to turbine rotational frequency)
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αgeom airfoil geometric angle of attack
Δα airfoil (blade) controlled angle of attack
θT blade azimuth angle
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Acronyms

HAWT horizontal-axis wind turbine
HHC blade high-harmonic control
IBC individual blade control
VAWT vertical-axis wind turbine
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Chapter 4

Utilizing Relative Wind Energy for 
Dynamic Charging in Electric  
and Hybrid Vehicles
Cristian Helera and Dan Alexandru Stoichescu

Abstract

This chapter explores an innovative approach to extending the range of electric 
vehicles (EVs) by utilizing relative wind energy generated during motion to charge 
vehicle batteries. Traditional electric cars face challenges with battery capacity and 
frequent charging needs, limiting their travel range. By incorporating a wind turbine 
mounted on the vehicle chassis, it is possible to harness the wind generated as the 
vehicle moves, known as relative wind, to produce additional electric power. This 
solution aims to increase efficiency without introducing significant drag or reduc-
ing vehicle performance. The chapter discusses the aerodynamic considerations, 
digital simulations, and experimental results that demonstrate the feasibility of this 
approach, offering insights into a sustainable method for enhancing electric cars 
range and reducing dependency on external charging sources. The study highlights 
that integrating relative wind energy is a viable and sustainable method to extend 
hybrid car or electric car range, decrease reliance on external charging, and promote 
the use of renewable energy in the automotive sector.

Keywords: relative wind, electric vehicle (EV), wind turbine, battery charging, 
renewable energy, aerodynamic efficiency, energy conversion, sustainable mobility, 
automotive innovation, wind energy utilization

1.  Introduction

A new commitment to reduce carbon emissions and dependency on fossil fuels 
is leading to a shift in the automobile sector. Future automotive technologies like 
hybrid and electric cars (EVs) may be able to assist in overcoming these obstacles. 
However, although being sustainable, these cars have a lot of disadvantages, partic-
ularly with regard to range anxiety and battery capacity. Although battery technol-
ogy continues to advance, consumer expectations for driving range and charging 
rates are still not being fulfilled. The situation has led to research into alternative 
battery-free sources of energy that can increase the range of hybrids and electric 
cars. These issues are expected to be fixed by renewable energy sources such as solar 
and wind [1].
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1.1 Concept of relative wind energy

Relative wind energy is defined as the wind created as a vehicle moves through the 
air. It can be captured using a wind turbine mounted on the vehicle body. The ideol-
ogy works on the concept that as the vehicle moves, it creates a flow of air that can be 
captured and converted into electrical energy. This method is intended to be used as 
an additional power source for the vehicle battery, thus increasing the vehicle’s range.

1.1.1 Mechanism of energy capture

Using a power source, the wind turbine transforms the relative wind’s motion 
into electrical energy. The turbine’s design, the speed of the car, and its aerodynamic 
characteristics are some of the variables that affect how efficiently this energy conver-
sion takes place.

• Turbine design: the turbine blades are intended to catch the maximum amount 
of wind energy. The form, angle, and material of the blades all have an impact on 
capturing energy efficiency.

• Generator: the generator converts the mechanical energy from the turbine into 
electrical energy. The type of generator (e.g., permanent magnet synchronous gen-
erator) and its efficiency play a significant role in the overall system performance.

• Power electronics: power electronics are used to manage the electrical energy 
generated by the turbine. This includes rectifiers, inverters, and controllers that 
ensure the energy is efficiently stored in the vehicle’s battery [2].

1.1.2 Benefits of utilizing relative wind energy

• Extended range: by generating additional power during motion, the vehicle’s 
range can be extended without relying solely on battery capacity.

• Reduced charging frequency: the supplementary power reduces the need for 
frequent external charging, enhancing the convenience for users.

• Sustainable energy source: utilizing wind energy contributes to the overall 
sustainability of the vehicle by reducing dependency on non-renewable energy 
sources [3].

1.2 Importance of aerodynamic considerations

Integrating a wind turbine on a vehicle requires a careful understanding of aerody-
namic principles to ensure that the turbine will not affect the vehicle’s performance. 
The turbine’s design and position must be adapted to reduce drag and increase the 
generation of energy.

1.2.1 Design challenges

• Minimizing drag: the turbine must be designed to minimize additional drag, 
which can negatively impact the vehicle’s efficiency and performance. This 
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involves optimizing the shape and placement of the turbine blades to reduce air 
resistance.

• Optimal placement: the placement of the turbine on the vehicle is crucial. It 
should be positioned in a way that captures the maximum amount of wind 
energy without disrupting the vehicle’s aerodynamics. Common placements 
include the roof or rear of the vehicle, where airflow is more stable.

• Structural integration: the turbine must be integrated into the vehicle’s structure 
in a way that does not compromise safety or stability. This includes ensuring that 
the turbine is securely mounted and that its weight distribution does not affect 
the vehicle’s handling [4].

1.2.2 Digital simulations

Before actual implementation, computer simulations are performed to simulate 
the vehicle’s aerodynamic behavior with the wind turbine. These models assist in 
determining the turbine’s ideal placement and design. These models take wind speed 
and direction, as well as the vehicle’s physical characteristics, into consideration.

• Simulation tools: advanced computational fluid dynamics (CFD) tools are used 
to simulate the airflow around the vehicle and the turbine. These tools provide 
detailed insights into how the turbine affects the vehicle’s aerodynamics.

• The simulation method is iterative, with the turbine’s design and placement 
modified based on the results of each simulation phase. This helps in achieving 
an appropriate balance of energy capture and aerodynamic efficiency.

1.3 Objectives of the chapter

The purpose of this chapter is to present the idea of dynamic charging electric and 
hybrid cars using relative wind energy. In order to set up the comprehensive simula-
tions and experimental validations discussed in the following sections, it will explore 
the background, importance, and potential benefits of this approach. Among the 
goals are:

• understanding the need for renewable energy in vehicles: highlighting the chal-
lenges faced by EVs and hybrids and the potential of renewable energy to address 
these issues;

• exploring the concept of relative wind energy: explaining how wind energy can 
be harnessed by vehicles in motion and the benefits of this approach;

• emphasizing aerodynamic considerations: discussing the importance of optimiz-
ing turbine design and placement to ensure minimal impact on vehicle perfor-
mance; and

• setting the stage for further research: providing a foundation for the detailed 
simulations and experimental affirmations that will be covered in the following 
chapters.
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2.  Digital simulations and design optimization

2.1 Simulation tools and techniques

Digital simulations are an important step in the development and optimization 
of wind turbines for electric cars. These simulations help predict the aerodynamic 
behavior of the vehicle with the turbine installed, allowing for adjustments to be 
made before physical prototypes are produced.

2.1.1 Computational fluid dynamics (CFD)

CFD tools are used for simulating the airflow around the vehicle and turbine. 
These methods solve complex equations that describe airflow, providing accurate data 
regarding how the turbine affects the vehicle’s aerodynamics.

• Navier-Stokes equations: the fundamental equations governing fluid flow, which 
are solved numerically in CFD simulations.

• Turbulence models: models such as k-ε (k-epsilon) and LES (Large eddy simu-
lation) are used to accurately predict turbulent flows around the vehicle and 
turbine.

• Mesh generation: creating a computational grid (mesh) that divides the vehicle 
and surrounding air into small elements for numerical analysis. A finer mesh 
provides more precise results, but it demands a greater amount of processing 
power [5].

2.2 Results and analysis

The simulation results are examined in order to optimize the turbine’s design and 
positioning. This includes evaluating pressure and velocity characteristics, as well as 
performing structural studies to ensure the turbine’s integrity.

Figure 1. 
Digital simulation for pressure analysis [6].
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2.2.1 Pressure contours

Figure 1 illustrates the pressure contours around the vehicle and turbine, high-
lighting areas of high and low pressure. This information is essential for optimizing 
turbine positioning to minimize drag and optimize energy capture.

• High-pressure zones: areas where the airflow slows down and pressure increases, 
typically found at the front of the vehicle.

• Low-pressure zones: Areas where the airflow speeds up and pressure decreases, 
often found at the rear of the vehicle.

2.2.2 Velocity contours

Figure 2 shows the velocity contours around the vehicle and turbine, indicating 
regions of high and low wind speed. These contours help explain how the turbine 
interacts with the airflow and how much energy it can accumulate.

• High-velocity regions: Areas where the airflow is fast, indicating potential for 
high energy capture.

• Low-velocity regions: Areas where the airflow is slow, indicating less potential 
for energy capture.

2.2.3 Structural analysis

Structural research ensures that the turbine and mounting system are capable 
of absorbing the forces that will be generated during running. This includes both 
aerodynamic forces.

• Stress distribution: Figure 3 provides a detailed view of how stresses are distrib-
uted across the car and mounting system.

Figure 2. 
Digital simulation for velocity analysis [6].
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2.3 Case study: Simulation of Tesla Cybertruck

A complete simulation evaluation using a Tesla Cybertruck is provided. The 
simulation involved increasing the wind speed to 108 km/h and examining the pres-
sure and velocity contours around the car. This case study explores the practical use of 
simulation results.

2.3.1 Simulation setup

• Vehicle model: Tesla Cybertruck.

• Wind speed: 108 km/h.

• Simulation tools: Ansys.

2.3.2 Results and analysis

• Pressure analysis: the pressure contours showed that the front of the vehicle 
experienced high-pressure zones, while the rear had lower pressure. This 
information was used to optimize the placement of the turbine to  
minimize drag.

• Velocity analysis: the velocity contours indicated areas of high and low wind 
speed around the vehicle. To maximize energy capture without significantly 
affecting the vehicle’s aerodynamics, the turbine was placed in a stable airflow 
region.

• Structural analysis: the structural analysis confirmed that the turbine and its 
mounting system could withstand the aerodynamic forces encountered during 
operation [6].

Figure 3. 
The relative wind speed and the pressure on the surface [6].
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3.  Experimental validation with Toyota Auris hybrid

3.1 Experimental setup

An experimental validation was performed on the Toyota Auris hybrid, due to its 
efficient hybrid technology and also aerodynamics. The vehicle is equipped with a 
roof-mounted wind turbine and other sensors to track its performance.

3.1.1 Test scenarios

The vehicle was tested under various conditions, including speeds, wind direc-
tions, and road type. The route of the experiment is illustrated in Figure 4.

• Car speeds: tests were performed at 50, 70, 90, 110, and 120 km/h.

• Types of road: the vehicle was tested on both urban and extra-urban roads to 
simulate different driving conditions.

3.2 Evaluation metrics

The performance of the wind turbines was tested to understand power output, 
aerodynamic drag, and structural integrity. These measures were also compared to 
the predictions obtained from the computer simulations to validate the design.

3.2.1 Power output

The electricity produced by the turbine was recorded. The results were then 
compared to the predictions from the computer simulations in order to validate the 
design.

• Maximum power output: the turbine generated a maximum power of 110 W at a 
vehicle speed of 120 km/h.

Figure 4. 
The route for the experiment.
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• Power output at various speeds: the power output was measured at different 
vehicle speeds to understand the turbine’s performance under various conditions.

3.2.2 Aerodynamic drag

Aerodynamic mapping of the vehicle with and without the turbine. This helped 
provide insight into how the turbine affects the overall efficiency of the vehicle.

• Effects on fuel consumption: the impact of extra drag on the event’s fuel con-
sumption was investigated.

3.2.3 Structural integrity

To ensure that the turbine and its mounting system could withstand forces experi-
enced during operation, the structural integrity of both was assessed.

• Durability testing: the turbine and its mounting system were tested for durability 
under various driving conditions.

3.3 Case study: Toyota Auris hybrid

In one of the experiments, a Toyota Auris hybrid was utilized to evaluate the 
performance of a car-mounted wind turbine. The test measured power production 
and aerodynamic drag at various vehicle speeds. Figure 5 shows the actual installation 
of the wind turbine on the car.

3.3.1 Power output

The digital simulations also indicated that at approximately 120 km/h, a peak 
power of 110 W was produced by the turbine.

3.3.2 Aerodynamic drag

The effect on aerodynamic drag was negligible, with only a minor increase in the 
drag coefficient. This confirmed the design and placement of the turbine. The tests 
were performed with and without a wind turbine mounted on the car. Figure 6 shows 
that there is a slight difference of approximately 0.1 L/100 km.

Figure 5. 
Wind turbine mounted on the car.
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3.3.3 Fuel consumption

The wind turbine and solar panels reduced fuel consumption by approximately 
1 L/100 km. This showcased the potential of the system to enhance the overall vehicle 
efficiency.

3.4 Integration of solar panels

The solar panels used in the studies were flexible and attached to the vehicle’s roof. 
The integrated impact of wind turbines and solar panels on vehicle performance was 
investigated, indicating significant improvements in terms of fuel efficiency and 
range [7]. Figure 7 illustrates the integration of the hybrid system, including both 
wind turbines and solar panels, on the vehicle.

3.4.1 Overview of solar panels

• Type: Flexible solar panels.

• Power output: 100 W.

• Mounting method: Magnetic mounting for easy installation and removal.

3.4.2 Performance indicators

• Energy generation: the solar panels generated an additional 1.2 kWh of energy 
per day under optimal conditions.

• Impact on fuel consumption: the combined system of wind turbines and solar 
panels reduced the car’s fuel consumption by approximately 1 L/100 km.

• Extended range: the additional energy generated by the solar panels extended the 
vehicle’s range by approximately 14 km per day.

Figure 8 compares the fuel consumption of the vehicle with and without the solar 
panel, highlighting the additional benefits of integrating solar energy.

Figure 6. 
Fuel consumption.
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3.5 Experimental difficulties and solutions

Many problems were faced during the experiments and solutions were devised to 
overcome them.

3.5.1 Aerodynamic impact

This may affect fuel consumption and performance as the aerodynamics of 
the vehicle may be impacted with wind turbines installed. In order to reduce these 
impacts, the turbines’ design and location were extensively studied. Computer 
simulations guided these decisions, maximizing energy generation and reducing 
aerodynamic impact.

Figure 8. 
Fuel consumption with and without solar panel.

Figure 7. 
Hybrid system integrating on the car [7].
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3.5.2 Harnessing wind energy effectively

Capturing wind energy efficiently in a moving car is challenging. This issue was 
addressed by designing turbines specifically adapted to the conditions experienced 
by a moving vehicle. The turbines were tested and modified to achieve maximum 
efficiency. Essentially, the positions of the rotor and stator were swapped.

3.5.3 Safety considerations

Safety is critical. The turbines were built with passengers’ safety in mind and set 
securely in place. They were securely mounted with suction cups, ensuring a firm 
attachment while allowing for quick removal if needed.

3.5.4 Integration with existing car systems

The integration of the wind energy system in conjunction with the existing sys-
tems of the car presented technical challenges. To solve these, the wind energy system 
was designed to be compatible with normal car propulsion and battery charging 
technologies, ensuring smooth integration. Figure 9 presents a block diagram of the 
connection of the wind energy and solar energy system with the existing car systems, 
showing how the components are integrated to ensure smooth functionality.

3.5.5 Cost and scalability

The wind energy system has to be scalable to be economically viable. This was 
achieved by using low-cost components and materials whenever possible and devel-
oping the system to be adaptable to different vehicle types.

4.  Conclusions

This research thoroughly examines the potential and feasibility of integrating 
wind and solar power into electric and hybrid vehicles. The primary goal was to 

Figure 9. 
System integration.
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determine how these renewable power sources can contribute to increased energy 
efficiency and sustainability in road transport.

The most significant finding is that using solar and wind power as electric 
vehicle power sources can substantially cut both greenhouse gas emissions and fos-
sil fuel dependence. This not only helps protect the environment but also increases 
the range of electric vehicles. The study highlighted that emerging technologies in 
renewable energy, such as flexible solar panels and miniature wind turbines, can be 
successfully integrated into vehicle design, allowing for better energy efficiency and 
extended range.

Nevertheless, significant challenges still remain. High initial prices, the necessity 
for suitable charging and energy storage infrastructure, and the variability of energy 
sources, such as a lack of sunlight or wind, are all issues that must be addressed. The 
study of real-world examples of automobiles powered by solar and wind energy 
demonstrated that, under the right conditions, these vehicles can be not only practical 
but also incredibly energy-efficient.

Looking into the future, with technical improvements and growing awareness of 
environmental issues, it is anticipated that vehicles driven by renewable energies will 
become the standard in the automobile industry. The initial introduction of these 
vehicles has the potential to impact the financial situation of the automobile industry. 
As demand for fossil fuels declines, economies depending on oil and gas may suffer. 
However, this change provides new prospects for renewable technology research, 
development, and manufacturing.

Another big advantage of moving to renewable-powered cars is increased energy 
security. Dependence on oil and gas imports can be decreased, increasing energy 
security and lowering vulnerability to price changes or supply disruptions. To realize 
the potential of vehicles driven by renewable energies, collaboration among multiple 
sectors is required, from vehicle manufacturers and energy suppliers to researchers 
and legislators.

Even while there are immediate obstacles to adopting cars driven by renewable 
energy, the long-term prospects are positive. With enough investments in infrastruc-
ture, research, and development, electric vehicles driven by renewable energy can 
become the main form of sustainable transportation in the future. As they become 
more popular, the incentive for innovations in this space will grow. Electric vehicles 
driven by renewable energy can be connected with other systems, such as smart 
energy grids, allowing them to operate as mobile batteries.

The transition to renewable-powered vehicles necessitates not only technologi-
cal changes but also shifts in public behavior and views. In addition to lowering 
greenhouse gas emissions, the use of renewable energies in road transportation 
offers the potential to minimize air pollution, safeguard habitats, and contribute 
to the preservation of natural resources. A strong regulatory framework and 
supportive public policies are critical for accelerating the transition to renewable-
powered cars.

Finally, the combined efforts of research, development, innovation, and global 
collaboration can make renewable-powered vehicles the primary mode of transporta-
tion in the future. This transformation will not only help to protect the environment 
and public health, but it will additionally open the path for new views in technical 
innovation, economic growth, and sustainability.
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Chapter 5

On the Control Strategy of 
Small-Scale Wind Systems for 
Wide Operating Range
Cedric Caruana and Claire Grima

Abstract

Small-scale wind systems have the potential to contribute to the realisation of 
ambitious decarbonisation targets by taking advantage of their higher energy density 
and smaller footprint requirements compared to large-scale wind systems. However, 
marked cost and performance improvements are required for small-scale wind systems 
to become viable solutions. This chapter focuses on the development and experimental 
validation of an overall control strategy for a grid-connected small-scale wind-energy 
conversion system with a nine-bladed rotor and a permanent magnet generator. The 
control strategy aims to extract maximum power in the variable-speed region and limit 
power to the rated value at higher wind speeds using a predetermined control charac-
teristic stored as a lookup table. The control characteristic is derived by superimposing 
the PMG power characteristic on the wind turbine aerodynamic power curves and 
translating the operating points to the DC link variables using a simplified software 
model. Experimental tests were conducted under controlled laboratory conditions and 
in the field using a prototype multi-bladed wind system. The results demonstrate the 
complexity of the waveforms due to the nonlinearity introduced by the rectifier stage 
and the tight control of the wind system by the control strategy. The study also reveals 
the impact of generator temperature rise on the system characteristics and operating 
point over extended periods of operation. The findings highlight the importance of con-
sidering temperature effects in the design and operation of small-scale wind systems.

Keywords: small-scale wind energy, permanent magnet generator, control strategy, 
maximum power point tracking, soft-stall, field tests, temperature effect

1.  Introduction

Wind energy has evolved into a mature technology over recent years, with continu-
ous upscaling of wind turbine power ratings. A global cumulative capacity of approxi-
mately 1.4 TW, spread across all continents, was achieved by 2024 [1]. The installed 
wind power capacity meets over 10% of the global electricity demand [2], with seven 
countries generating more than 30% of their electricity mix from wind. The lack of 
space on land and improved wind resources have extended the relevance of wind 
turbines to offshore sites. However, these statements refer to large-scale wind systems.
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There is at least 1.8 GW of small wind capacity globally from over 1 million 
turbine installations [3]. Dedicated financial incentive programmes led to increased 
installations in the first decade of the century. In 2017, an estimated 77.46 MW of 
small-scale wind projects were installed in Italy. As the incentives were dropped, the 
installation numbers dropped significantly [4]. Recent installations have been driven 
by China’s rural electrification initiatives and India’s renewable energy targets [5]. The 
global small-scale wind market is projected to reach between USD 2–3 million by the 
year 2030 [6].

Small-scale wind systems (SSWS) have not experienced similar growth owing to 
several operational challenges. Units installed in urban or built environments have 
been reported to underperform, failing to reach their expected energy yield [4]. 
Operating under high wind speeds is challenging, with possible premature system 
failure [7]. A higher levelised cost of energy (LCOE) compared to alternative renew-
able energy sources is also an issue [4]. Average capacity factors are shown to include 
large variability in [4], reflecting the impact of wind resource quality on turbine 
performance. The same technology can achieve significantly different overall per-
formances at different locations. Large-scale wind systems are generally deployed in 
locations with high wind resources. In contrast, the main consideration in the siting 
of SSWS is the proximity to the load. The wind resources at the location often exhibit 
low average speeds and high turbulence. Furthermore, these systems are typically 
installed at lower altitudes [7].

Current typical applications include electric power generation for farms and 
isolated communities as part of hybrid systems, remote monitoring stations, and 
telecommunication towers [4]. In countries with lower levels of electrification, SSWS 
are considered viable solutions for providing electricity in rural areas [4]. The current 
transition to distributed energy sources, combined with the evolution of smart grids, 
opens up multiple roles for which SSWS can contribute to the realisation of ambitious 
decarbonisation targets. This opportunity can foster renewed interest in SSWS, which 
take advantage of their higher energy density and smaller footprint requirements. 
However, marked cost and performance improvements are required [4].

Small-scale wind systems are mostly based on direct drive shafts that couple the 
rotor with a compatible permanent magnet generator (PMG) [8]. PMGs offer a simple 
structure, high efficiency and energy density and ease of control [9]. There are two 
main electrical power conversion topologies. The first topology comprises a back-to-
back converter configuration. The first converter stage regulates the operation of the 
generator, whereas the second stage facilitates the interface to the grid through an 
inductive line filter [10]. The second topology replaces the first converter stage with 
a passive diode rectifier. In both topologies, fully rated power converters are used. 
The first topology is more flexible and controllable but is more expensive. The second 
topology is a simpler and lower-cost alternative [9]. Considering also its higher 
reliability, the second topology is favoured by the industry [11]. A DC-DC converter 
stage is commonly added between the rectifier and inverter stages to increase the 
controllability of power conversion [7]. In particular, the voltage at the output of the 
rectifier stage can be regulated, whereas the voltage at the input of the inverter stage 
is kept constant [12]. The use of the rectifier stage restricts the control scheme to 
regulate the generator rotational speed indirectly [9]. A linear relationship between 
the DC link voltage and rotational speed is then commonly assumed [13].

Smaller-scale wind turbines generally do not exhibit the same level of aerodynamic 
refinement as large-scale wind turbines [4]. There is no dominant archetype, and 
multiple designs and layouts are offered in the market. This compounds efforts for 
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design standardisation [4]. However, cost constraints are common design limitations. 
Large-scale wind turbines utilise yaw mechanisms to actively align the rotor with 
the mean wind direction. However, such mechanisms are not financially feasible for 
smaller-scale systems [4]. Instead, some form of a furling mechanism is typically used. 
Similarly, blade pitch control, which can regulate power at higher wind speeds, is not 
commonly available in small-scale systems. Attempts to achieve more effective and 
robust control include moving away from furling towards more active strategies [4].

Small-scale wind turbine manufacturers are typically forced to select from a lim-
ited pool of PMG options, leading to marked differences between the generator and 
blade characteristics [4]. Consequently, it is crucial to define the operating trajectory 
of the generator to align the operation with the blade’s aerodynamic characteristics. A 
process for the selection of single- and multiple-constant-voltage modes to maintain 
operation in the high-efficiency region was proposed in [14]. PMG is a flexible electri-
cal machine that allows multiple operating points; however, the operating efficiency 
varies. Therefore, it is important to maintain the operating trajectory in the high-
efficiency region of the generator. Additionally, PMGs provide a significant overload 
capability, which facilitates electrical braking. A key indicator of the PMG overload 
capability is the low-load angle under rated conditions [15].

This chapter develops an overall control strategy for a multi-bladed SSWS. An 
experimental testing is carried out under laboratory-controlled conditions and in 
the field. The nonlinearity introduced by the rectifier stage is characterised. Selected 
characteristics against the DC link voltage and the rotational speed are extracted to 
examine the behaviour of the electrical system. The effect of generator temperature is 
revealed, and its influence on the system behaviour is analysed. The rest of the chap-
ter is organised as follows. Section 2 reviews published control strategies extending 
up to high-wind-speed conditions. Section 3 describes the proposed process for the 
development of the control characteristic. Section 4 presents the extracted character-
istics from experimental tests. Section 5 concludes the chapter.

2.  Review of control strategies

Wind turbines transform the kinetic energy of moving air into mechanical energy 
in the rotor [11]. The amount of extracted energy depends not only on the strength of 
the wind resource but also on the control strategy in use [16, 17]. For operation below 
the rated wind speed, the rotor speed is varied to track the wind speed, aiming to 
maintain the operation within a small interval around the peak point of the power coef-
ficient characteristic [16, 18]. This objective translates to a distinct operating point for 
each wind speed up to the rated value [12]. At higher wind speeds, the control should 
confine the generator power and rotational speed within safe levels to protect the 
system from damage. Given the lack of aerodynamic control, regulation must be per-
formed through electrical control [19]. The imposition complicates the overall power 
control strategy, particularly at higher wind speeds [8]. Passive stall mechanisms may 
be embedded in the blade design; however, they can increase the turbine fatigue load 
and add complexity to the design [20]. Soft-stall strategies are promising alternatives.

2.1 Maximum power point tracking techniques

Multiple maximum power point tracking (MPPT) techniques have been proposed 
in the literature for operation up to the rated wind speed, each offering different 
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strengths and drawbacks. In this chapter, the techniques are broadly classified 
into seven categories: Tip Speed Ratio Control; Perturb and Observe; Gradient 
Approximation; Control Law, Pre-Determined Characteristic, Constant Voltage, 
Metaheuristic Techniques and Combination of Techniques. Each technique exhibits 
its own characteristics with respect to implementation complexity, tracking speed, 
accuracy and sensors required [7]. The different categories are described below.

The Tip Speed Ratio control approach can be described as the most direct 
approach for operating a wind turbine at the maximum power point. It consists 
of measuring the wind speed and regulating the rotational speed to maintain the 
optimal tip speed ratio. This approach is easy to understand but difficult to achieve 
in practice [21]. Accurate wind speed measurements are difficult and require the use 
of relatively expensive anemometers and mounting arrangements [12]. Owing to 
the interaction between the rotor and wind, placing the anemometer on the nacelle 
leads to a discrepancy between the measurement and wind speed intercepted by the 
wind turbine [17]. An alternative approach is to predict wind speed using historical 
data. Autoregressive statistical models driven by the measured rotational frequency 
were proposed in [16]. Offline-trained neural networks, with rotational speed and 
power as inputs, were considered in [20]. Multiple approaches have been presented 
for processing the obtained wind speed information. In [16], the measurement was 
converted to the rotational speed and used to identify the maximum power reference. 
The difference between the reference and measured powers is then used to determine 
the operating DC voltage reference.

The Perturb and Observe technique is alternatively referred to as the Hill-Climb 
Technique, reflecting hill-shaped power curves. An optimum relationship between 
the electrical power and another system variable is used to search for and track 
the maximum power point [9]. The maximisation variable is perturbed, and the 
resulting power is observed. Based on the power variation with the introduced 
perturbation, the next step direction and possibly the size are determined [9, 22]. 
The approach has the advantages of simple implementation, does not require wind 
speed measurements, and does not require detailed knowledge of system parameters. 
However, the response is slow towards rapid wind speed fluctuations [11, 23], and 
the tracking performance depends on the used step size [9, 17]. Improvements to 
the approach consider the use of variable step sizes to ease the trade-off between the 
tracking speed and control efficiency [17]. The use of sinusoidal perturbation rather 
than step perturbation has been proposed in the literature, but it was reported to not 
provide a distinct advantage over the traditional approach [17]. The DC link voltage 
slope information was used to enhance the tracking speed and the stability of the 
algorithm in [9]. Fuzzy-logic-based techniques can be seen to extend the Perturb and 
Observe approach, where the control action is governed by a set of rules according 
to the state of the system at that instant. Fuzzy logic control may require the use of 
speed sensors.

The Gradient Approximation approach works by continuously examining the rate 
of change of power, with respect to the change in the rotor speed. A zero gradient 
identifies the maximum power point [23]. This approach has advantages and draw-
backs similar to those of the Perturb and Observe technique.

The Control Law approach is based on the identification of a law relating the 
maximum power condition to a control variable to define an optimal power curve. 
The control variable can be the rotational speed or DC link voltage. The reference 
value of the control variable is identified by measuring the extracted power. Most 
of the reported Control Law strategies rely on the measurement of electrical power, 
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which is equal to the aerodynamic power in the steady state. Because the electrical 
power cannot instantaneously change with the wind speed owing to the significant 
inertia of the turbine rotor, the use of aerodynamic power was proposed in [8] to 
improve the dynamics. As the latter cannot be measured directly, an aerodynamic 
power observer was proposed. The main disadvantage of the Control Law approach 
is the required knowledge of the system parameters. In addition to not being accu-
rately known, the parameters can change with the operating conditions and over the 
lifetime of the wind turbine. Improvements to the technique include the introduc-
tion of a robust variable-structure observer to address the difference between the 
mechanical and electrical torques of the generator [19]. Furthermore, linear and 
nonlinear state-space techniques have been applied to provide robustness against 
disturbances [17].

Rather than a control law, a predetermined relationship or characteristic can be 
used to direct the operation of the MPPT technique. The characteristic is generally 
stored as a one-dimensional lookup table with one input for the measured variable 
and one output for the reference variable [16]. In this open-loop control scheme, 
the controller does not require a mathematical model of the system. Multiple 
predetermined relationships have been proposed in the literature. The proposed 
relationships include electrical power versus DC link voltage [16], electrical fre-
quency versus DC link voltage [12], rotational speed versus DC link voltage [11], 
grid-side power versus frequency [24], electrical power versus rotational speed [17] 
and DC current versus DC link voltage [10]. The information stored in the lookup 
tables is based on the averaged values of the two variables [10]. The characteristic 
is sometimes simplified using approximated straight-line segments [10, 12, 25]. A 
frequency derivative and a constant offset were added to the measured dc power in 
[16] to improve the sensitivity and prevent the wind turbine from operating in the 
stall region. Generator losses were considered in [10]. Similar to the Control Law 
approach, the predetermined characteristics are assumed to remain constant despite 
possible variations [17].

A simpler technique that aligns well with off-grid applications with batteries is 
the Constant Voltage technique [14]. As the name implies, the DC link voltage after 
the rectifier stage is maintained constant. The effort here is to identify the optimal 
voltage value. The optimal voltage can be selected based on the wind speed resource 
variation at the site, for example, through knowledge of the Weibull distribution [16]. 
The advantage of this approach is its simplicity and lower hardware requirements. 
However, the power conversion efficiency is reduced at wind speeds below and above 
the wind speed corresponding to the set voltage [16].

More recent approaches focus on the use of metaheuristic techniques, such as 
particle swarm optimisation and ant colony optimisation [7, 26]. Both are inspired by 
the collective behaviour of social organisms to find optimal paths. These algorithms 
operate using a population of simple agents that interact and share information to 
explore the search space and converge towards optimal or near-optimal solutions. A 
rotor speed controller based on fuzzy logic concepts for a small-scale wind turbine 
with pitch control was proposed in [26, 27].

The last category considered in this chapter is the Combination of Techniques, 
where two or more of the former techniques are combined to offset the identified 
drawbacks. In Refs. [17, 21], the Control Law approach is combined with the Perturb 
and Observe technique. The latter is used to determine/tune the control law coeffi-
cient, thus accounting for the influence of external parameters. Thus, the accuracy of 
the control law is increased.
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2.2 Operation above rated wind speed

Several alternative approaches are available for controlling small-scale wind 
turbine operations under high-wind-speed conditions. These approaches can gener-
ally be divided into mechanical and electrical mechanisms [7]. Mechanical braking 
devices can be used to stop the wind turbine operation when the wind speed exceeds 
the rated value. Apart from the additional expense of the brakes, the system effi-
ciency suffers because no power is extracted at higher wind speeds [7]. Passive furling 
mechanisms are alternative mechanical approaches which drive the wind turbine 
rotor out of the wind when the wind speed exceeds the rated speed. Similar to the 
mechanical brake solution, the system efficiency decreases. The traditional electrical 
approach involves dissipative methods. Braking resistors are integrated into the sys-
tem to limit the rotational speed. The DC link voltage is typically used to detect shaft 
overspeed conditions and trigger electrical brake operations. The excess power is 
dissipated in the dump load, whereas the rated power is delivered to the grid. A major 
disadvantage of electrical braking is that a high power is required from the generator 
during braking, which may affect its lifetime [7].

Recently, electrical methods in the form of soft-stall control techniques have 
become popular additions to MPPT algorithms for formulating the overall control 
strategies [9]. Continued wind-energy capture at higher wind speeds improves system 
efficiency [7]. Soft-stall techniques are distinguished from the passive stall, where the 
blade design induces turbulence at higher wind speeds to reduce the lift force, thus 
limiting power extraction [26]. In the soft-stall approach, the DC link voltage can be 
fixed to an upper limit to achieve a constant-speed stall control [8]. The voltage and 
rotational speed will remain constant; however, the output power would still increase 
with increasing wind speed, although at a lower rate than if MPPT were maintained. 
The generator and power conversion stages must be rated accordingly [9, 20]. To 
safeguard the wind system components, the aerodynamic power of the turbine must 
be constrained to the rated power.

There are two possible ways to reduce the power coefficient when operating at 
higher wind speeds. The first is to increase the rotational speed above the nominal 
value to convert excessive wind energy into kinetic energy [9, 19]. The second approach 
is to reduce the rotational speed below the nominal value. In the first approach, the 
induced voltage in the generator, and hence the DC link voltage, continues to increase 
with the rotational speed [28] and needs to be limited. For topologies with a diode 
rectifier, an external means of limiting the voltage is required. Additionally, the 
generator requires a sufficiently high maximum speed rating to extend the constant 
power region. The second approach alleviates the concerns regarding high voltage, 
allowing higher wind speeds to be reached. However, the generator must be capable of 
delivering higher torques than those required at the nominal wind speed. This requires 
a generator with a higher-rated power than the wind turbine rotor [19].

In the second approach, the turbine is forced into the constant power stall region 
by decreasing the DC link voltage from the nominal value at higher wind speeds. The 
shift in the operating point increases the generator torque, forcing the turbine to stall 
[8]. The SSWS will then be able to extend its high-wind-speed withstand capability 
and cut-off speed [10, 18]. The energy production is increased by the extending the 
operating range at the rated power output. Different techniques can be applied to 
extend the constant-power speed range. Reference [28] proposed increasing the gen-
erator stator inductance by introducing additional cores enclosing the end windings. 
In contrast to operation in the MPPT region, steady-state operation in the stall region 
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is unstable. Hence, additional control terms are required to stabilise system operation 
[9, 18]. A customised controller design is necessary to comply with the characteristics 
of individual wind turbines [20].

3.  Development of control characteristic

This section starts by presenting a background theory related to SSWS operation. 
The considered multi-bladed system is described. A process for the derivation of an 
overall control characteristic, based on the described system, is then presented.

3.1 Background theory

The fundamental relationship between the captured power and the wind speed in 
a variable speed wind turbine is given by the nonlinear equation expressed in Eq. (1). 
The power coefficient Cp reflects the rotor’s aerodynamic properties. Its value varies 
as a function of the tip speed ratio λ and the pitch angle β.

 ( )ρ λ β= 31
2wt p wP AC , V

 
(1)

Small-scale wind turbines are generally of fixed pitch; therefore, the relationship 
in Eq. (1) can be simplified to Eq. (2). The tip speed ratio λ expresses the variation of 
the rotor tip speed with respect to the wind speed, as given by Eq. (3).

                    ( )ρ λ= 31
2wt p wP AC V

        (2)
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PMGs are widely used in SSWS because of their flexibility and overload capability. 
Considering a dq frame orientated to the permanent magnet flux, the stator voltage 
components of a surface-mount PMG operating under steady-state conditions are 
expressed by Eqs. (4) and (5). The developed generator torque τg is expressed by Eq. 
(6) in terms of the isq current component.

    ω= −sd s sd s e sqv R i L i
        (4)

        ( )ω ψ= + +sq s sq e s sd pmv R i L i
                       (5)

    τ ψ=
3
2g pm sqp i

         (6)

The generator input power Pgi can be determined using the electromagnetic torque 
and the rotational speed ng, as expressed in Eq. (7). Neglecting the gearbox losses, the 
difference between Pwt and Pgi determines the rotational speed, as indicated in Eq. 
(8). Under steady-state conditions, the two powers are equal.
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           τ ω=gi g mP
         (7)

    
ω
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(8)

The active and reactive powers at the output of the generator can be expressed in 
terms of the dq frame voltage and current components, as expressed in Eqs. (9) and 
(10). The rectifier stage after the PMG imposes a unity power factor. This condition 
forces a relationship between the current components [29], as indicated by Eq. (11). 
The implication of Eq. (11) is that the PMG isd current component follows the isq com-
ponent as it varies with the wind. The isd variation leads to a field-weakening effect, 
which is however not controllable.

    ( )= +
3
2go sd sd sq sqP v i v i

        
(9)

    ( )= −
3
2go sd sq sq sdQ v i v i

      
(10)

                                ( ) ψ+ + =2 2 0s sd sq pm sdL i i i
                                         (11)

3.2 Power curve operating regions

A wind turbine power curve generally exhibits four operating regions, as illustrated 
in Figure 1. In region I, the wind turbine does not operate because of insufficient wind 
speed. In region II, which spans from the cut-in wind speed to the rated wind speed, 
the wind turbine is operated at a variable speed to track the maximum power from 
the incident wind. Numerous control strategies for the operation in this region were 
reviewed in Section 2. Their applicability depends on the turbine design, matching 
between the wind turbine rotor and the generator, and power conversion topology. 
As the wind speed increases, the operation enters region III, where the extracted 
power is limited to protect the generator and the power converters. Different soft-stall 

Figure 1. 
Typical small-scale wind turbine power curve with four operating regions.
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mechanisms have been employed for this purpose. As the wind speed increases further, 
electrical braking is typically used to limit the rotational speeds. At even higher wind 
speeds, a form of furling mechanism kicks in to move the turbine rotor out of the wind.

3.3 System description

This chapter considers a grid-connected SSWS with a nine-bladed rotor. The choice 
of rotor addresses the low-capacity factor concerns by allowing for improved energy 
extraction at locations with lower average wind speeds. A power conversion topology with 
a passive rectifier is considered, where a commercial wind inverter is used to implement 
the various stages. A schematic representation of the system setup, which identifies the 
variables at different power conversion stages, is shown in Figure 2. Because of the use of 
a commercial PMG with a multi-bladed rotor, a small gearbox was installed between the 
rotor and the PMG to improve the matching between the aerodynamic and electrical parts.

Mathematical modelling of the rotor performance was conducted in [30] using 
blade element momentum theory. The resulting variation of the power coefficient 
Cp with the tip speed ratio under the steady-state conditions for a fixed pitch angle 
is shown in Figure 3. The maximum predicted power coefficient was 0.426 at a tip 

Figure 2. 
Schematic of the multi-blade SSWS setup. The relevant variables at different power conversion stages are 
identified. The variables are defined in the Nomenclature section.

Figure 3. 
Power coefficient Cp versus tip speed ratio λ characteristic of the multi-bladed rotor.
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speed ratio of 3.2. A lower value of the optimal tip speed ratio reflects the solidity of 
the rotor. The salient parameters of the wind turbine are presented in Table 1.

A predetermined characteristic is used to implement the control methodology. 
The characteristic is stored as a one-dimensional lookup table, relating the grid-side 
power Pgr to the DC link voltage Vdc. Based on the measured power, it provides a volt-
age reference for the DC-DC converter stage, as illustrated in Figure 2. The relevant 
generator and converter parameters are listed in Table 2. The GCI-2K inverter 
accommodates a 40-point control characteristic, which allows for a more accurate 
representation of the control trajectory than the use of straight-line approximations. 
However, the wide DC input voltage range limits the number of points which can 
be used. A lookup table assumes a deterministic relationship between the input and 
output variables. Therefore, only one corresponding output value can be stored for 
any given input value. This requirement limits the choice of operation at wind speeds 
higher than the rated speed. The available option is to increase the rotational speed of 
the turbine above the nominal value to reduce the power coefficient and, hence, the 
extracted power. To safeguard the system against excessive rotational speed, the brake 
circuit is triggered once the DC link voltage Vdc reaches the maximum value.

3.4 Process for development of control characteristic

The control characteristic covers operation in Regions II and III of the power curve 
shown in Figure 1. As identified in Section 2, the objective of the control character-
istic is to extract the maximum possible power in region II and limit the power to the 

Permanent magnet generator Wind inverter

PMG model GL-PMG-1800 Inverter model GCI-2K

Rated power (kW) 1.8 Rated power (kW) 2

Rated speed (rpm) 480 DC voltage input range (V) 30…750

Maximum speed (rpm) 600 Characteristic points 40

Pole pairs 8 Controller model GCB-5K

Phase resistance (Ω) 5.0 Dump load (kW) 4

Table 2. 
PMG and wind inverter parameters.

Parameter Value

Number of blades 9

Rotor radius (m) 1.7

Moment of inertia (kgm2) 22

Rotor solidity (%) 21

Maximum power coefficient 0.43

Optimal tip speed ratio 3.2

Gearbox ratio 1.46

Table 1. 
Wind turbine parameters.
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rated value in region III. In this chapter, a multi-bladed rotor is considered to improve 
the energy extraction at lower wind speeds. The rotor was oversized with respect to 
the generator to further reduce the cut-in wind speed. This design choice necessitates 
a change in the control philosophy of region II.

3.4.1 Region II

The Cp-λ curve shown in Figure 3 can be expanded into a family of curves 
showing the wind turbine power Pwt conversion capability with respect to the rotor 
rotational speed at different wind speeds. Given the integration of the gearbox in the 
multi-bladed system, as illustrated in Figure 2, the rotational speeds are referred to 
the generator side. The rotational speed is given by Eq. (12). For each wind speed, the 
power and rotational speed coordinates are obtained from Eqs. (2) and (12) by vary-
ing the λ value in the applicable range. The resulting family of curves for wind speeds 
up to 10 m/s is shown by the blue traces in Figure 4.

 
λ

π
=
60
2
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To maximise the performance, MPPT is generally used, where the maximum 
power is determined by the rotor’s aerodynamic characteristics. This criterion cannot 
be followed in this case because of the use of a lower-rated generator. The objective 
of maintaining a high Cp value remains unchanged. Because the operating criterion is 
detached from the wind turbine characteristics, the onus falls on the generator. PMGs 
are flexible machines capable of operating at multiple points. A technique similar to 
that proposed in [14] can be used, where multiple constant voltage modes are exam-
ined to identify the optimal operating voltage for each wind speed. As identified in 
[14], it is important to maintain the selected operating points in the high-efficiency 
region of the generator. The generator’s copper losses are mainly considered because 
the iron losses are not straightforward to determine. However, following this pro-
cess still leaves some operating point choices to be considered. Thus, an alternative 
approach is proposed.

Considering the lower-rated PMG, a suitable starting point for the derivation 
of the control trajectory is the generator’s torque characteristic provided by the 
manufacturer. It is typically expressed against the generator rotational speed. It can 
be considered to set an upper boundary because operation at lower torques leads 
to increased efficiency. The torque characteristic can be converted into a generator 
input power Pgi characteristic by multiplying the operating points by the respective 
rotational speed. The resulting Pgi versus the rotational speed characteristic can then 
be superimposed on the family of wind turbine aerodynamic power curves. A 10% 
torque reduction was introduced in the process to allow for any overshoot. This derat-
ing factor is arbitrary and can be modified.

The superimposed Pgi characteristic on the wind turbine Pwt curves is shown in 
Figure 4. The intersection between the Pgi and Pwt curves at each wind speed identi-
fies suitable steady-state operating points for variable-speed operation in region II. 
Depending on the particular shape of the Cp-λ curve, at lower wind speeds, slight 
adjustment may be required to prevent the intersection of the control trajectory 
with the stall region sides of the higher wind speed traces. If this occurs, the opera-
tion will be stuck at this point. As the wind speed varies, the applicable Pwt trace 
changes immediately, but the rotational speed varies slowly, mainly because of the 
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rotor inertia. In reality, the operation does not settle at a particular point because the 
wind speed continuously changes. Thus, a set of quasi-steady-state operating points 
can be identified, where each jth point is characterised by a (Vw

j, ng
j, and Pgi

j) set. 
The obtained values cannot be directly programmed into the predetermined control 
characteristic.

Because the inverter characteristics typically use the DC link voltage Vdc as a refer-
ence, the next step is to translate the operating point Pgi

j and ng
j variables to the DC 

link variables Pdc
j and Vdc

j. However, as identified in the previous section, the rectifier 
stage introduces nonlinearity into the system. To avoid deriving complex mathemati-
cal equations, a simplified software model was developed to perform the translation. 
The simplified model considers the PMG, rectifier, and variable dc source, as shown 
in Figure 5. The PMG is operated at the extracted rotational speed ng

j. The DC link 
voltage Vdc is varied until Pgi coincides with the extracted value. Once the condition is 
achieved, the applied Vdc and corresponding DC link variables are saved. Additional 
information, such as the generator torque and current components, can also be 
extracted. The variable set for each operating point is thus extended to (Vw

j, ng
j, Pwt

j, 
Vdc

j, Pdc
j, τg

j, isq
j, and isd

j). The new variable set allows plotting the Pdc vs. Vdc character-
istic, as shown in region II part of the blue trace in Figure 6.

Figure 4. 
Identification of the steady-state operating points in region II of the control characteristics. Considered wind 
speeds: 4–10, 10.4, 10.6 and 10.7 m/s.

Figure 5. 
Simplified software model for the translation of operating variables.
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3.4.2 Region III

The objective of the control characteristic in this region is to limit power extrac-
tion to safeguard the system. Two methods for reducing the power coefficient Cp, and 
hence the extracted power at higher wind speeds, have been previously identified. 
The first approach is to reduce the rotational speed to operate below the nominal 
value, thus soft-stalling the turbine rotor. The second approach is to increase the rota-
tional speed to operate above the nominal value. As noted earlier, the use of a lookup 
table restricts the choice to the second approach only. Moreover, the lower-rated 
generator does not have the capability to produce the required torque for soft-stall 
operation. By neglecting the rectifier stage losses, the generator-rated power sets the 
constant Pdc value. The span of region III is determined by the maximum speed rating 

Figure 6. 
Derived Pgr and Pdc vs. Vdc control characteristics. Legend: Pdc—blue trace, Pgr—red trace.

Figure 7. 
Hysteresis controller for electrical brake circuit.
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of the generator. A sample of the resulting Pdc vs. Vdc characteristic covering both 
regions II and III is illustrated by the blue trace in Figure 6.

The last step in the characteristic derivation process involves expressing the power 
in terms of Pgr rather than Pdc. The inverter efficiency plays a prominent role in this 
process. The efficiency characteristic is generally published by the manufacturer. 
If not fully specified, experimental tests can be conducted to identify the missing 
information. The resulting Pgr and Pdc characteristics are depicted in Figure 6.

3.4.3 Overspeed protection by electrical brake

The electrical brake circuit introduces a dump-resistive load across the DC link. 
The resistive load is activated by a switch that is typically controlled by a hysteresis 
controller, as shown in Figure 7. The hysteresis controller prevents the chattering of 
the switch. A DC link voltage related to the generator’s maximum rotational speed 
can be used as the upper threshold to trigger the brake operation. A lower threshold 
is then used to deactivate the switch as the rotational speed decreases owing to the 
additional electromagnetic torque.

4.  Experimental tests

Experimental tests were first performed under controlled laboratory conditions. 
The results identify the complexity of the waveforms owing to the nonlinearity 
introduced by the rectifier stage. The control characteristic was then implemented on 
a prototype multi-bladed SSWS and tested in the field. The resulting system perfor-
mance was studied.

4.1 Controlled laboratory tests

A control characteristic, similar to that shown in Figure 6, was first programmed 
on a wind emulator test rig, which was operated under controlled conditions in a 
laboratory. A schematic representation of the wind-emulator rig is shown in Figure 8. 
It consists of a PMG coupled to a DC motor, with a gearbox in between to match the 
rotational speeds. The DC motor is driven by a DC drive, which accepts torque and 
speed references. The PMG and the power conversion topology are similar to the 
schematic of Figure 2.

Figure 8. 
Schematic of wind-emulator test rig.
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The tests were conducted with the PMG driven at constant rotational speeds 
corresponding to the steady-state operating points spread along the control trajectory. 
Owing to the rating of the DC drive, the maximum power of the control characteris-
tics had to be limited to 1.45 kW.

The captured waveforms at a rotational speed of 350 rpm, which falls within 
region II of the control characteristic, are shown in Figure 9. The traces were 
sampled at a very high frequency using an oscilloscope to portray the full nature of 
the instantaneous waveforms. Figure 9(a) shows the phase current (upper plot) and 
line voltage (lower plot) on the AC side, at the output of the rectifier. Figure 9(b) 
and (c) show the corresponding current and voltage traces at the DC and grid sides, 
respectively.

The non-sinusoidal nature of the generator current and voltage waveforms is 
evident. The phase current is discontinuous, with the rectifier operating in mode 
2/3 [31], where two diodes operate continuously and three devices operate during 
current commutation. The line voltage waveform exhibits distinct behaviour during 
the respective parts of the cycle. This ranges from zero voltage to sinusoidal variation 
and to being clamped at a constant value. Zero voltage occurs at the periods when the 
current commutates between the respective phases of the line voltage waveform. The 
voltage follows a sinusoidal variation during the discontinuous part of the current in 
the two respective phases, that is, when the corresponding diodes are not conducting. 
The waveform also exhibits a repetitive voltage transient before entering the sinusoi-
dal phase. When both phases conduct, the instantaneous voltage is clamped to the DC 
link voltage. The latter is shown in Figure 9(b) to be well regulated to the reference 
value by the DC-DC converter. The DC link current corresponds to the peak of the 
phase currents and clearly shows the 6-pulse ripple characteristic of full-bridge recti-
fier operation. The grid-side waveforms are decoupled from the AC-side waveforms. 
The former waveforms are at a 50-Hz grid frequency. The inverter also operates very 
close to a unity power factor, which is confirmed by the current being in phase with 
the voltage.

As the rotational speed increases, the operation moves to the constant power 
region of the control characteristic. The current and voltage waveforms correspond-
ing to a rotational speed of 500 rpm are shown in Figure 10. These are presented 
in a manner similar to that in Figure 9. The phase current waveform shown in 

Figure 9. 
Emulator-test-rig operation at 350 rpm (region II) showing the current (upper plots) and voltage (lower plots) 
at: (a) the AC side, (b) the DC side and (c) the grid side.
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Figure 10(a) shows a similar waveform to that in Figure 9, but with a slightly shorter 
discontinuous period. The current also reached a lower peak. Similarly, the line 
voltage Vac exhibits a similar behaviour but reaches a higher voltage level. The DC 
link waveforms correspond to the peaks of the current and voltage waveforms, as in 
the previous case. The lower peak current reflects the higher voltage in the constant 
power region. The grid-side waveforms also show a similar behaviour with increased 
current amplitude owing to the higher power transfer.

The instantaneous waveforms exhibited significant complexity corresponding 
to the operation of the devices comprising the power converter topology. However, 
extracting this information requires processing significant amounts of data. Because 
the quasi-steady-state operation of the system shows significantly slower dynamics, 
averaged values are used for subsequent analysis.

4.2 Field tests

The nine-bladed SSWS prototype shown in Figure 11 was used to perform a series 
of field tests. The same PMG and power conversion stages as those for the wind-
emulator rig were used. A control characteristic similar to the one shown in Figure 6 
was programmed in the wind inverter. Parameters from the AC, DC and grid sides, 
as defined in Figure 2, were sampled at a high frequency using a data acquisition card 
and averaged over a 1-s interval.

The plotted test data were collected over the three test days with varying wind speeds. 
The control characteristics used on the first day were slightly modified from those of the 
subsequent days to obtain temperature matching [32]. For the purposes of this chapter, 
the modification to the characteristic is not significant and does not affect the subsequent 
discussions. The parameter variation over time and extracted characteristics with respect 
to the DC link voltage Vdc and generator rotational speed ng were examined. Multiple 
runs were performed each day to gauge the operation over extended periods.

4.2.1 Time-domain plots

The wind speed and extracted power variation with time for the first test day are 
shown in Figure 12. Figure 12(a) shows that the wind was gusty, reaching peaks 
of 10–11 m/s. The corresponding Pdc and Pgr behaviours over time are shown in 

Figure 10. 
Emulator-test-rig operation at 500 rpm (region III) showing the current (upper plots) and voltage (lower plots) 
at: (a) the AC side, (b) the DC side and (c) the grid side.
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Figure 12(b). It can be observed that owing to the lower wind speeds, the system 
operation did not exceed region II of the control characteristic.

Higher wind speeds were present on the second test day, as shown in Figure 13(a). 
The wind speed was also gusty, with peaks reaching 14–16 m/s. The system opera-
tion spreads over the entire control characteristic range. This is evidenced by the flat 
parts of the power waveforms in Figure 13(b), which corresponds to the operation in 
region III. Furthermore, the dips during these periods indicate the operation of the 
brake circuit owing to the higher wind speeds. Higher brake powers are not visible 
because the DC link current is measured after the brake circuit connection point. The 
wind conditions for test day 3 were between those of the two previous days.

4.2.2 Extracted characteristics

Following the examination of the time-domain waveforms, several character-
istics were plotted to examine the behaviour of the salient system parameters. In 
this section, data from test day 2 are used because of the higher wind speeds. The 
characteristics are plotted against the DC link voltage Vdc and generator rotational 
speed ng.

Figure 12. 
Conditions for test day 1: (a) wind speed and (b) DC link power Pdc and grid-side power Pgr variation with time. 
Legend: Pgr—blue trace, Pdc—red trace.

Figure 11. 
The nine-bladed SSWS prototype used for the field tests.
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4.2.2.1 DC link voltage

The first extracted characteristic is shown in Figure 14. It illustrates the variation 
of the DC link and grid-side powers, Pdc and Pgr, against Vdc. The latter reflects the 
programmed controlled trajectory, which is also shown in Figure 14. The close match 
between the two traces verifies that the wind system was tightly controlled by the 
control system. The operating points are seen to spread over the entire characteristic, 
reflecting the higher wind speeds, as shown in Figure 13.

The variation of the DC link current Idc with respect to the DC link voltage Vdc 
is shown in Figure 15. The current initially increased with the voltage as the power 
increased. This continues until a peak current is reached, at approximately 300 V. 
Comparison with Figure 14 identifies that the voltage marks the end of region II. As 
the operation enters the constant power region, the trend of Idc changes and starts to 
drop with increasing voltage. The slope at which the current decreased was less than 
the initial rate of increase.

The operation of the brake circuit is illustrated in Figure 16. Owing to the fast 
operation of the hysteresis controller, instantaneous values subsampled at 1 kHz were 
used. The higher frequency accounts for the ripple visible in the plot.

As the DC link voltage Vdc exceeds the upper threshold (approximately 380 V) fol-
lowing an operation in the constant power region, the brake circuit is activated. With 
the introduction of the resistive load, the PMG power approaches 4.5 kW, that is, 

Figure 13. 
Conditions for test day 2: (a) wind speed and (b) DC link power Pdc and grid-side power Pgr variation with time. 
Legend: Pgr—blue trace, Pdc—red trace.

Figure 14. 
Variation of the DC link power Pdc and grid power Pgr with the DC link voltage Vdc. Legend: Control 
characteristic—blue trace, Pgr—red trace, Pdc—green trace.
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250% of the rated power. The additional generator electromagnetic torque effectively 
opposes the wind turbine rotor torque, thereby reducing the rotational speed ng. The 
reduction in ng translates to a drop in Vdc and a corresponding decrease in the brake 
circuit power. The operation of the hysteresis controller is clearly shown in Figure 16, 
where the DC link voltage drops to the lower threshold for the brake circuit to be 
deactivated. During the brake operation, the power flow to the inverter stage contin-
ues as in the constant power region.

Overspeed protection is facilitated by the marked overload capability of the 
PMG. The increased current flow in the generator has a marked effect on the heat 
dissipation in the windings; thus, the braking operation can only be sustained for 
short periods of time. Depending on the relative size of the PMG with respect to the 
turbine rotor and the wind climate in which the system operates, an additional means 
of overspeed protection, such as active furling, independent of the generator, may be 
necessary to protect against persistent higher wind speeds.

4.2.2.2 Rotational speed

The second set of characteristics was extracted based on the generator rotational 
speed. This is an important parameter for system operation. However, owing to 
the use of the rectifier stage, the rotational speed can only be controlled indirectly. 

Figure 15. 
Variation of the DC link current Idc with DC link voltage Vdc.

Figure 16. 
Overall DC link power Pdc variation with DC link voltage Vdc.
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It has been previously observed that a relationship between the rotational speed 
and DC link voltage is commonly assumed. For these subsequent plots, the genera-
tor rotational speed was extracted from the frequency of the measured AC stage 
voltage.

The variation in the DC link power Pdc with the rotational speed ng is shown in 
Figure 17. The characteristic is similar to that against Vdc, as shown in Figure 14. The 
figure identifies the corresponding speed threshold for entering the constant power 
region. Overall, it can be observed that the rotational speed defines a coarser relation-
ship with Pdc. Therefore, it is interesting to examine the relationship between the DC 
link voltage and the rotational speed owing to its central role in the use of indirect 
control.

The extracted Vdc vs. ng characteristic is shown in Figure 18. It can be observed 
that the DC link voltage closely follows the rotational speed in region II. However, the 
speed varies within a band for the same DC link voltage, where the band extends at 
higher voltage levels. The variation band indicates that other uncontrolled variables 
play a role in the translation from the DC link voltage to the rotational speed. As the 
operation entered the constant power region, the relationship exhibited a steeper 
slope. This indicates a change in the rectifier operation.

Figure 18. 
Variation of the DC link voltage Vdc with the generator rotational speed ng.

Figure 17. 
Variation of the DC link power Pdc with the generator rotational speed ng.
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4.3 Temperature effects

Multiple runs were performed on each test day to examine the system behaviour 
in practical applications over extended periods. A gradual change in the system 
characteristics was observed, which was attributed to the increase in the generator 
temperature. This effect is elaborated in this section.

The progression of the DC link power Pdc against the rotational speed ng character-
istic for test day 2 is shown in Figure 19. The respective characteristics extracted from 
successive runs throughout the day are superimposed. Focusing on region II, it can be 
noted that the power per rotational speed initially decreases to eventually maintain a 
lower value. The effect is more evident as the rotational speed increases. This effect 
was not observed in the constant power region because the amount of power was 
directly controlled in this region.

To consolidate the observation, similar characteristics from the other two test 
days are plotted in Figure 20. As observed previously, the experienced wind speed 
was lower on both days. Considering Figure 20(a), the lower wind speeds on test 
day 1 can be immediately noticed as the characteristic only covers part of the control 
trajectory. The successive tests were also run over a shorter period than that shown 
in Figure 19. Despite these conditions, a decrease in the DC link power Pdc is also 
observed. The effect is also visible in the characteristics from test day 3, as shown in 
Figure 20(b). The observed effect reflects the conditions that are between those of 
the other test days, as previously noted.

The variation in Pdc is attributed to the increase in PMG temperature. The temper-
ature variation depends on the effective cooling rate offered by the generator mount-
ing arrangement. Given the indirect nature of the control, the reduction in power 
is explained as a variation in the relationship between Vdc and ng with the generator 
temperature.

Similar to the case of the DC link power, successive DC link voltage Vdc vs. 
rotational speed ng characteristics for test day 2 are superimposed in Figure 21. The 
overall shape of the characteristic is maintained over subsequent tests, but the specific 

Figure 19. 
Superimposed DC link power Pdc vs. generator speed ng characteristics showing the progression over test day 2. The 
run sequence follows the trace colours as follows: blue, red, green and orange.
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Vdc to ng translation shifts with the generator temperature. This, in turn, shifts the 
system operating point.

The inferred shift in the system operating point due to the generator temperature 
rise was verified by performing temperature tests on the wind-emulator rig. The rig 
was operated at constant rotational speeds, as in previous tests. As indicated earlier, 
the maximum Pdc was restricted in accordance with the capability of the rig. The 
system was left to operate until the generator frame temperature reached 60°C. Heat 
is generated through losses within the generator. For the generator used, the cop-
per losses were significant. The observed Pdc variations at rotational speeds of 300 
and 400 rpm are superimposed on the control trajectory, as shown in Figure 22. As 
the generator temperature increases, the operating points move towards the left, 
leading to a drop in Pdc. It can be observed that the control trajectory regulates the 
system operation, with the operation point variation as the generator temperature 
rises being dictated by the control trajectory itself. The operating points slide 
towards lower Vdc levels on the programmed control trajectory as the generator 
temperature increases.

Figure 21. 
Superimposed DC link voltage Vdc vs. generator speed ng characteristics showing the progression over test day 2. 
The run sequence can be identified through the trace colours, as follows: blue, red, green and orange.

Figure 20. 
Superimposed DC link power Pdc vs. generator speed ng characteristics showing the progression over (a) the test 
day 1 and (b) test day 3. The run sequence follows the trace colours as follows: blue, red, green and orange.
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5.  Conclusion

This chapter presented the derivation and implementation of a control characteristic 
for a small-scale wind-energy conversion system with a nine-bladed rotor and a perma-
nent magnet generator (PMG). The power conversion topology includes a diode rectifier, a 
DC-DC converter and a grid-connected inverter stage. The control characteristic is stored 
as a one-dimensional lookup table relating the grid-side power to the DC link voltage.

The derivation process covers operations in regions II and III of the wind turbine 
power curve. In region II, the control aims to extract maximum power while consider-
ing the lower-rated generator. The generator torque characteristic is used as a starting 
point, and suitable quasi steady-state operating points are identified at the intersection 
of the wind turbine aerodynamic power curves. These points are then translated to 
DC link variables using a simplified software model. In region III, the extracted power 
is limited to the generator-rated value by increasing the rotational speed above the 
nominal value. A brake circuit is used to protect against excessive rotational speeds.

Experimental tests were conducted on a wind-emulator rig under controlled 
laboratory conditions and on a prototype multi-bladed wind system in the field. The 
instantaneous waveforms exhibited significant complexity. Field tests over multiple 
days with varying wind-speed conditions demonstrated the system’s operation across 
the entire control characteristic range. Selected characteristics against the DC link 
voltage and the rotational speed were examined.

Temperature effects were observed during extended operation, with the power per 
rotational speed decreasing as the generator temperature increased. This was attrib-
uted to a shift in the relationship between DC link voltage and rotational speed with 
rising generator temperature. The control trajectory regulates the system operation, 
with the operating point sliding towards lower voltage levels as temperature increases.

Nomenclature

ρ air density (kg/m3)
A rotor cross-sectional area (m2)

Figure 22. 
Superposition of the observed Pdc variations on the control trajectory for the 300 and 400 rpm controlled-
temperature tests. Legend: 300 rpm—green trace, 400 rpm—green trace.



Wind Power – From Energy Conversion to Technological and Operational Challenges

106

Author details

Cedric Caruana* and Claire Grima
Faculty of Engineering, Department of Electrical Engineering, University of Malta, 
Malta

*Address all correspondence to: cedric.caruana@um.edu.mt

R turbine rotor radius (m)
Cp power coefficient
λ tip speed ratio
β blade pitch angle (o) 
Vw wind speed (m/s)
ωwt rotor rotational speed (rad/s)
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Vac AC-side line voltage (V)
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Iac AC-side phase current (A)
Idc DC link current (A)
Igr grid-side current (A)
Vsd D-axis stator voltage (V)
Vsq Q-axis stator voltage (V)
isd D-axis stator current (A)
isq Q-axis stator current (A)
Ls stator inductance (H)
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ωe generator electrical frequency (rad/s)
ψpm permanent magnet flux (Wb)
ωm generator mechanical frequency (rad/s)
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