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Robust Optimal Framework for Doubly Fed 

Induction Generator with Uncertain Dynamics 

Yongfeng Lü, Member, IEEE, Xiaowei Zhao, Member, IEEE, and Priyank Shah 

Abstract—A robust optimal framework is designed 

herein to mitigate the oscillatory dynamics in a doubly fed 

induction generator (DFIG) even in the presence of net-

work disturbances and input variation. To address un-

certain dynamics, herein, a novel transformation formula 

is developed for a wind energy conversion system. An 

unscented Kalman filter is applied to estimate the un-

measured internal states of the wind energy conversion 

system using terminal measurements. The detailed con-

vergence and stability analyses of the presented frame-

work are investigated to validate its effectiveness. Addi-

tionally, comparative modal analyses are carried out to 

demonstrate the improvement in the damping of critical 

low-frequency oscillatory modes using the presented 

framework. The simulation results demonstrate satisfac-

tory performance under various operating scenarios, such 

as increasing and decreasing wind speed and varying the 

terminal voltage. The comparative performance is 

demonstrated to validate the effectiveness of the presented 

framework over that of the state-of-the-art frameworks. 

Index Terms—Optimal control, power system, renew-

able energy sources, wind energy conversion system, 

doubly fed induction generator. 

 

Ⅰ.   INTRODUCTION 

enewable energy sources have exploded into elec-

trical networks to achieve carbon-neutral power 

generation. Solar photovoltaic and wind energy conver-

sion systems are widely adopted because they have cer-
tain advantages [1]. Manifold challenges and recom-

mendations are described in [2] for the grid-integration 

of the doubly fed induction generator (DFIG)-based 

wind energy conversion systems [3], [4]. Researchers 
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have highlighted several important problems [5][8], 

such as transient stability issues, protection issues, fre-

quency stability issues, ride-through issues, and resili-

ency. The importance of system stability and its influ-

encing factors are explicitly discussed in [5]. For in-
stance, reference [6] analyzed the Kalman filter-based 

control strategy to improve the steady-state and transient 

stability of a power system. Reference [7] described the 

use of an adaptive inertia controller to enhance frequency 

stability even under manifold dynamic scenarios. Due to 

the flexibilities of converter controllers (e.g., rotor side 

converters and grid side converters), DFIG-based sys-

tems exhibit better dynamic behavior than other types of 

wind energy conversion systems. Reference [9] analyzed 

the presence of low-frequency oscillation modes in 

DFIG-based wind energy conversion systems. Owing to 

these issues, various state-of-the-art controllers for im-

proving the damping of these modes are described in [10]. 

Nonetheless, these state-of-the-art methodologies are 

designed based on the fact that the system model is line-
arized at one operating point. Subsequently, the system 

performance may be hampered the presence of disturb-

ances in the network. Moreover, the abovementioned 

work did not consider DFIG buffeting caused by un-

known network disturbances. 

To address the above issues, several researchers have 

analyzed various damping controllers [11] to mitigate 

oscillations in DFIG-based wind energy conversion 

systems in the presence of network disturbances. Ref-

erence [11] analyzed a coordinated damping controller 

to improve the system profile via a metaheuristic 

method. The design procedure is extensively dependent 

upon the intermediate control parameters, which are 

obtained with the help of the particle swarm optimiza-

tion method. This method has several drawbacks [11], 

such as a low convergence rate and a suboptimal solu-

tion. Alleviating some of the shortcomings of [11], [12], 

hierarchical coordinated control was used to provide 

effective damping even under a wide range of operating 

conditions. A power system stabilizer (PSS) is incor-

porated to provide a positive contribution to dampening 

these low-frequency oscillations. Nevertheless, the 

performance of the wind energy generation system is 

compromised under dynamic operating scenarios be-

cause only one of the most dominant system states par-

ticipates in the feedback controller. Additionally, these 
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state-of-the-art controllers provide a sluggish response 

because they use a linearized system model to solve the 

algebraic Riccati equation. To solve some of these is-

sues [12], the sequential quadratic programming ap-

proach was applied in [13] to design an optimal damp-

ing controller for a large-scale wind energy conversion 

system. Similarly, a linear-quadratic Gaussian-based 

controller was designed in [13] to provide a supple-

mentary control signal to the DFIG local controller to 

inject the modulated active and reactive powers. 

Nonetheless, the system stability is affected, which may 

lead to system destabilization under weak grid scenarios. 

To analyze these issues, reference [14] performed 

modal analysis to examine the impact of their damping 

controller and studied the system performance with 

variations in the grid impedance, stabilization gains, etc. 

This requires system states and state derivatives, which 

are difficult to acquire in a real-time power system. To 

address this issue, the Kalman filter-based solution was 

designed in [15], [16] to estimate the internal system 

parameters. Nonetheless, the performance of the system 

is hampered by uncertain dynamics in the system. 

Therefore, continuous development of control strategies 

is required for wind energy conversion systems. 

Moreover, optimal DFIG control is necessary to guar-

antee the energy savings and operational performance 

of wind turbines. 

Herein, a robust optimal framework is designed to 

address the uncertain dynamics of DFIG-based wind 

energy conversion systems. In contrast with the 

state-of-the-art frameworks [17], [18], the proposed 

framework exploits the advantage of a computationally 

efficient iterative approach [19], [20] to overcome the 

computational burden of solving Jacobian matrices. The 

unscented Kalman filter [16] is incorporated with the 

presented framework to acquire the unmeasurable sys-

tem states. It has several advantages, such as ease of 

implementation (i.e., it does not include derivative 

terms), robustness, and good convergence rate. The 

presented framework provides satisfactory performance 

because it has considered full-state feedback, unlike the 

state-of-art frameworks [17], [18], [21]. Detailed modal 

analyses are performed herein to validate the stability of 

the overall system even under wide variations in grid 

impedance and shaft stiffness. The main advantages of 

the presented work are described as follows. 
1) A robust optimal framework is proposed herein for 

wind energy conversion systems such that the DFIG can 

be stable when experiencing uncertain dynamics, i.e., 

system linearization errors, transmission friction torque 

and data measurement errors. Detailed mathematical 

analyses (e.g., learning gain, convergence analysis, and 

stability analysis) are performed and validated for 

DFIG-based wind energy conversion systems. 

2) A novel transformation formula is developed for the 

considered system to address uncertain dynamics. The 

modified algebraic Riccati equation (ARE) is constructed 

with the help of this designed transformation formula. A 

novel adaptive law is proposed to learn the solution to the 

ARE with the predefined performance index. 

3) Modal analyses are performed to validate the im-

provement in the damping of low-frequency modes (e.g., 

mechanical mode and electromechanical mode) using 

the presented framework. A detailed eigenvalue chart is 

plotted to demonstrate the low-frequency oscillating 

modes with wide variations in grid strength and shaft 

stiffness. 

4) Various comparative performances are demon-

strated to validate the effectiveness of the presented 

framework over the state-of-the-art frameworks [17], 

[18]. The proposed framework effectively identifies the 

stabilizing gain in the presence of uncertain dynamics, 

unlike the state-of-the-art framework [17], [18]. 

Moreover, the presented framework offers stable oper-

ation even under a wide variation in grid impedance; 

however, state-of-the-art controllers [17], [18] may 

destabilize the system. 

The problem formulation for the DFIG-based wind 

energy conversion system is described in Section Ⅱ. The 

detailed implementation of an adaptive dynamic pro-

gramming-based robust optimal framework is analyzed 

in Section Ⅲ. The stability analysis and modal analysis 

of the presented work are explicitly examined in Section 

Ⅳ and Ⅴ. In Section Ⅵ, the results and discussion for 

the presented system are analyzed for various dynamic 

operating scenarios. The conclusions are described in 

Section Ⅶ. 

Ⅱ.   SYSTEM MODELING AND PROBLEM FORMULATION 

In this section, the detailed modeling of the DFIG 

system [22], [23] and problem formulation are explicitly 

discussed to derive the robust optimal framework. Figure 

1 shows the detailed schematics of the grid-connected 

DFIG system. In the DFIG system, the stator is directly 

connected to the grid, and the rotor winding is connected 

via slip rings to a back-to-back connection of the volt-

age source converter (VSC). The overall discussion is 

divided into two sections: 1) modeling of a grid-tied 

DFIG and 2) problem formulation in compact form. 

A. Modeling of a Grid-tied Doubly Fed Induction 
Generator 

The proposed DFIG system can be divided into three 

subsections: 1) generator modeling; 2) drive train 

modeling; and 3) back-to-back converter modeling. The 

detailed explanation of each subsection is provided as 

follows. 

1) Generator Modeling 

The voltage equation for the stator and rotor circuit of a 

dual-fed induction generator is presented as reference 

frames that rotate at synchronous speeds. The modeling 

of the DFIG system is expressed as [19] 
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1 s 1 s s s r r s m r/q q d q d q qa i r i l i e e v a v                (1) 

1 s 1 s s s r r s m r/d d q d q d da i r i l i e e v a v                (2) 

B 2 s r r m r( / (1 ) )q d q d de r i e e a v                  (3) 

B 2 s r r m r( / (1 ) )d q d q de r i e e a v                  (4) 

where 
s1 B/a l  , 

r r r/l r  ,   
s m r m s( )d q qe l i a i    , 

s m r m s( )q d de l i a i    , 2

s m r/sl l l l   , 
1 2 sr r r  , 

2

2 m rr a r , and 
m m r/a l l . 

de  and 
qe  represent the in-

ternal equivalent voltages in the d-q axis; 
rqv , 

rdv , 
sdv  

and 
sqv  are the rotor and stator voltage components 

(p.u.) in the d-q axis, respectively; 
sdi  and 

sqi  represent 

the direct and quadrature axis stator currents in the d-q 
axis, respectively; 

sr  and 
rr  represent the resistances of 

the stators and rotors, respectively; and 
sl , 

rl  and 
ml  

represent the inductances of the stators, rotors, and 
mutuals, respectively; 

B  is the electrical base speed. 

 

Fig. 1.  Schematics of the grid-connected DFIG-based wind energy conversion system. 

2) Drive Train Modeling 

The two-mass model is adopted herein to represent the 

wind turbine, unlike the single-mass model. The dynamic 

characteristics of the drive train are modeled as [24]: 

g r s e2H T T                               (5) 

g r s e2H T T                               (6) 

tw t r B( )                                (7) 

where 
tH and 

gH represent the turbine inertia and gen-

erator inertia, respectively; 
t , 

r , 
s , and 

B  repre-

sent the turbine speed, rotor speed, synchronous speed, 
and base electrical speed, respectively; 

mP , 
sT , and 

eT represent the input turbine power, shafting generator 

torques, and electric torques, respectively; and 
tw  rep-

resents the twist angle. The input turbine power, shaft 
generator torque, and electrical torque are expressed as 

pu 3

m opt p wpuP k c v                             (8) 

s s

e

s

( )q q d de i e i
T



 
                            (9) 

s s tw twdT k c                             (10) 

where 
optk  and sk  represent the intermediate optimal 

constant and shaft stiffness, respectively; dc  and 
pu

pc  

represent the damping coefficient and turbine power 

speed coefficient in p.u., respectively; and 
wpuv  is the 

wind speed in p.u. 

3) Back-to-back Converter Modeling 

The back-to-back connected converters are con-

nected with a common direct current (DC) bus capacitor. 

Both converters play a vital role in regulating the DC 

bus voltage, supplying active power at the system fre-

quency, and injecting the power at the slip frequency. 

The total active power 
e( )P  and reactive power 

e( )Q  

can be obtained as [19]: 

e s s s s r r r rd q q d d d q qP v i v i v i v i                  (11) 

s s s s s r r r rd q q d d q q dQ v i v i v i v i                  (12) 

where 
rdi and 

rqi represent the direct and quadrature axis 

rotor currents in the d-q axis, respectively. 

B. Problem Formulation in Compact Form 

An aggregated model represents the wind farm’s in-

terconnection with the remainder of the power system, 

whose electromechanical dynamics are described by 

algebraic derivatives. The model is represented as 

( ) ( ( ), ( ), ( ))

0 ( ( ), ( ), ( ))

t f t t t

g t t t






x x z u

x z u
                  (13) 

where ( ) xn
t x , ( ) un

t u , and ( ) zn
t z  are the 

state vectors, control input, and algebraic variables, 

respectively. 
T

s s r tω t( ) q d q dt i i e e       x        (14) 
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 
T

s s( )t V z                          (15) 

T

r r( ) d qt v v   u                         (16) 

where 
sV  and 

s  represent the DFIG bus voltage mag-

nitude and phase angle, respectively. To achieve the 

control target, the controllers 
rdv  and 

rqv  are supplied 

to the DFIG rotor circuit from the initial state. 

C. General Optimal Control 

In this section, the nonlinear system model is linear-

ized with Taylor series expansion at an equilibrium 

point 
0 0 0 ),( ,x y z  and can be used to obtain the optimal 

state feedback control. To execute adaptive dynamic 

programming [19], [20], the DFIG dynamics are de-

picted by differential algebraic equations (DAEs) (1). 

By using the value 
0 0 0 ),( ,x y z , (13)  is represented as 

   x Ax Bu                          (17) 

where 
0( )  x x x and 

0( )  u u u are the recon-

structed system states and input, respectively, and 
0x  

and 
0u  represent the initial conditions of the DFIG state 

and input, respectively. Via this method, the problem 
can be transformed into a regular optimal problem, i.e., 

obtaining the optimum policy 
u , driving the DFIG 

state 
x  to converge to zero in an optimal manner, such 

that x  can be stabilized to a small compact at ap-

proximately 
0x . Moreover, A  and B  are defined as 

0 0 0

0 0 0( )

1

( , , )

1

, ,

f f g g

f f g g





     
   

      

     
   











     

x y z

x y z

A
x z z x

B
u z z u

          (18) 

where 7 7A  and 7 2B  are the turbine DFIG and 

control voltage matrices, respectively. However, there 

will be some uncertain dynamics in the modeling process, 

such as transmission friction torque and data measure-

ment errors. On the other hand, some high orders are 

omitted in Taylor series expansion modeling. The above 

mentioned two errors can lead to uncertain dynamics in 

the system matrix A , which can lead to instability of the 

turbine system with the designed controller. 

The system can be stabilized through optimal control 

(16) with the best performance of the cost function. 

Linear quadratic regression is a general method for 

linear systems, where the cost function ( J ) is given as 

T T( )d
t

J 


     x Qx u Ru                (19) 

where 
n nQ  and 

m mR  are the positive definite 

symmetric matrices. The cost function represents the 
state performance and the energy cost, which can be 
adjusted with Q  and R . The objective of the controller 

is to obtain an optimal control u , which can drive the 

DFIG state 
x  to converge to zero such that x  can be 

stabilized to a small compact at approximately 
0x . The 

optimum policy can be defined as 
* *

0( )x x     u x x x                (20) 

where * 1 T *

x

 R B  and *  is the solution of the 

following algebraic Riccati equation (ARE) 
T T 1 T    0A A Q BR B        (21) 

Figure 2 shows the schematics of the overall structure 
of the presented framework. Figure 2(a) exhibits the 
transformation of terminal measurements in the syn-
chronous rotating reference frame. These transformed 
measurements are further processed to estimate the in-
ternal states of DFIG systems, as presented in Fig. 2(b). 
In this work, the system states are estimated using an 
advanced filtering technique. The state-of-the-art un-
scented Kalman filter [16] is adopted herein to observe 
the internal states of the DFIG system. In contrast with 
conventional Kalman filters, the unscented Kalman filter 
has multiple advantages because it does not require a 
linearization process to acquire the state predictions or 
covariance matrices and accurately estimates the un-
known process and measurement noise. The 
step-by-step implementation of the unscented Kalman 
filter is explicitly discussed in the literature [16]. In the 

presented system, a total of seven state variables (
kx ) 

are considered, as mentioned in (14). These estimated 
system states are fed to the presented robust optimal 
framework to obtain the optimum gain even in the 
presence of uncertain dynamics, as depicted in Fig. 2(c). 

 

 

 
Fig. 2.  Overall schematics of the presented controller. (a) Trans-
formation to the dq-domain. (b) Consolidated structure of the 
presented controller. (c) Implementation of the ADP approach. 
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Remark 1: Although the above optimal policy is 

effective for the standard linear system, there will be 

some uncertain nonlinear dynamics that are not con-

sidered in the modeling of the turbine system, such as 

the transmission friction torque and data measurement 

error. On the other hand, some higher orders are omitted 

in Taylor series expansion modeling. The abovemen-

tioned two errors can lead to uncertain dynamics in the 

system matrix A , which can lead to instability of the 

turbine system with the designed linear quadratic reg-

ulator (LQR) controller. 

Ⅲ.   ROBUST OPTIMAL FRAMEWORK 

In this study, a robust optimal framework is designed 

to solve the uncertain dynamics that are not considered 

in the system (17). In this case, the uncertainty range is 

defined as d D . Thus, the DFIG model with uncer-

tain dynamics can be given as 

( )d   x A x Bu                       (22) 

where d D  is the unknown DFIG variable dynamic. 

Model (22) shows that the system dynamics A  in (17) 

contains some uncertainties d , i.e., transmission fric-

tion torque, data measurement errors, and some ignored 

higher orders with Taylor expansion modeling. The 

algorithm is used to obtain a robust optimal policy to 

ensure that the DFIG model (22) is asymptotically sta-

ble for any d D . 

A. Robust Nominal DFIG Model Formulation 

The boundary of the uncertain dynamic is defined 

first such that the model is reconstructed to design the 

robust controller. We define 
0d D  as the nominal 

value of d . An uncertain dynamic can be transformed 

in 
0( ( ) ( )) ( )d d d  A A x Bφ x  for the bounding 

vector ( ) m nd φ , as presented in [25], [26]. 0≥  

satisfies T ( ) ( )d d ≤φ φ , which is known as the 

matching condition and has been widely researched and 

applied in engineering, as described in [25]. Here,  

can be used to design the controller to be robust. 

Therefore, the uncertainty control difficulty of the 

above DFIG model can be considered when studying 

the robust policy u  to ensure that the nominal DFIG 

model asymptotically stabilizes for all d D . 

0( ) ( )d d     x A x Bu B xφ            (23) 

In DFIG modeling, 0( ( ), )dA B  can be calculated and 

is stabilized. Inspired by [26], the robustness difficulty 

with uncertain dynamics can be regarded as an optimum 

issue for the DFIG model. Then, the nominal DFIG 

model of (22) is given as 

0( )d   x A x Bu                    (24) 

The optimal control of the nominal system (24) is 

obtained to minimize the following value function 

T T T( ) d
t

V x       



     x x x Qx u Ru    (25) 

where n nQ and m mR are the appropriate ma-

trices. T

 x x  of the value function denotes the ro-

bustness of the unknown DFIG dynamics, T

 x Qx  

represents the state performance, and T

 u Ru can min-

imize the control signals. Thus, by minimizing the cost 
function, the system state performance and energy can 
be optimized with the uncertainties in the DFIG model. 

Remark 2: The optimum policy of the DFIG model 

(24) with the value function (25) can asymptotically 

stabilize the original uncertain DFIG model (22); i.e., 

the robustness difficulty for the DFIG model (22) with 

uncertainty is transformed into an optimum issue for the 

nominal DFIG (24) under the value function (25), as 

described in [25], [26]. This makes it easier for learning 

the optimum robust policy of the DFIG with uncertainty 

dynamics such that the variables can be stabilized with 

the unknown or uncertain part, e.g., unmodeled system 

noise and measurement noise. 

B. Robust ARE Control 

Figure 2(c) shows the overall implementation of the 

robust ARE controller. One can design a robust 

state-feedback controller with the help of measurable 

DFIG model data, which can be regarded as the con-

ventional LQR problem (24). Thus, the optimal control 

is depicted by 
* *

x  u x                             (26) 

where * 1 T *

x

 R B . The solution * n n is ob-

tained by 
T * * T * 1 T *

0 0( ) ( ) ( )d d      0A A Q BR B  

(27) 

The optimal cost function (25) can be obtained from 

(26) as 

* T T( ( )) ( )( ) ( )dx x
t

V t    



  x x Q R x  (28) 

* T *( )( ) ( ) ( )V t    x x x                (29) 

With the differential of (29), we have 
T * T *

T

( ) ( ) ( ) ( )

( )( ) ( )x x

   

 

   

 

 

   0

x x x x

x Q R x
         (30) 

Then, according to (24) and (30), it can be repre-

sented as: 
* *

0 0( )[( ( ) ) ( ( ) )

] ( )

x x

x x

d d



  



   

   0

x A x B A x B

Q R x
 

 (31) 

It is denoted that 0( )c xd  A A x B . Then, the 

following modified ARE is presented. 
* *

c c x x     0A A Q R         (32) 

Then, we can obtain the following Lemma inspired 

by [27]. 
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Lemma 1: For the nominal DFIG model (24), if the 

learning gain 
x

is obtained with (27), then the ob-

tained policy is globally optimal. 

Proof: From the value function (29), it can be ob-

tained that 
* T * T *( ) ( ) ( ) ( ) ( )V         x x x x x      (33) 

* T * *

0 0( ) ( ( ) ) ( ( ) )x xV x d d  
     x A B A B x  

(34) 

It can be obtained from (29) and 
x  u x  that 

* T T

*

( ( )) ( )( ) ( )d

d
( ( ))d ( )

d

x x
t

t

V t

V V
t

  



  

 





   







x x Q R x

x x
(35) 

* T T

T *

0

*

0

( ( )) ( )( ) ( )d

(( ( ) )

( ( ) )) d ( )

x x
t

x
t

x

V t

d

d V

  







  



 

   

 

 





x x Q R x

x A B

A B x x

(36) 

* T *( ( )) ( ) ( , ) ( )d ( )
t

V t V   



  x x G x x  (37) 

where
*

* *

0 0

( , )

( ( ) ) ( ( ) )

T

x x

x x

   

  

G Q R

A d B A d B
 

Then, it can be calculated that 
* * *

0 0

* 1 T * T *

( , ) ( ) ( )x

x x x

d d


    

 

G Q A A

BR B R B
 (38) 

* * *

0 0

* 1 T * T

1 1 T * *

( , ) ( ) ( )x

x x

d d


 

    

 

G Q A A

BR B R

RR BR B P P

      (39) 

* * * * 1 T *

0 0

1 T * 1 T *

( , ) ( ) ( )

( ) ( )

x

x x

d d 

 

     

   

G Q A A BR B

R B R R B
 

 (40) 

By substituting the standard ARE (27) into (40), it 

can be shown that 

* T * *( ( )) ( )( ) ( ) ( )d

( )

x x x x
t

V t

V

  


  



   x x R x

x

  

(41) 

Finally, by calculating the learning gain such that 
*

x x  0  holds, * 1 T *.x x

  R B  The proof 

is complete. 

C. Updating Law for Learning Gains 

A novel adaptive data-based estimation can be used 

to learn the solution to the modified ARE (27) by using 

the DFIG state. First, Kronecker’s product is used to 

solve the modified ARE (27). The new estimation al-

gorithm is introduced to update the learning parameter 

gains of the modified ARE. The learning gains 
*
 and 

*

x
 are updated simultaneously. 

To design the robustness of the uncertain DFIG 

model, Kronecker’s product is used, as in [28]. From 

(27), it can be obtained that 
T * * * 1 T *

0 0( ) ( ) ( )d d     A A Q BR B    (42) 

Then, it can be obtained that 
T T * *

0 0

T * 1 T *

( ( ) ( ))

( )

d d 

 



  

  

x A A x

x Q BR B x
             (43) 

A novel online adaptive learning scheme, as in [29], 

is used to update the optimal *  Online. The vec( )  

operating and Kronecker algorithms are used in (43). It 
can be obtained from (43) that 

T 1 T T

* * T *

0

( ) vec( ) (vec( ) ( ))

vec( ) 2( ( ) ) vec( )d

   



 

    

  

x x Q BR B x x

x A x
(44) 

A linearly parameterized form (44) can be repre-

sented as 
T Ψ Ξ                               (45) 

where T( ) ( ) vec( )    x x x Q  denotes the DFIG 

model variables; T

0( , , ) [2 ( )( ) ,d   Ξ x A B x A x  
2 41 T T T ( ) 1(vec( ) ( )) ] ;n n  

    BR B x x  and 

2 4T
* * * * ( ) 1Ψ( ) vec( ), vec( ) n n      . 

However, the dimension of * *v (ec )  in (44) 

and (45) is high, increasing the computational costs in 

online learning. To reduce the computational cost, the 

state-feedback learning parameter 
x

 is used to su-

persede *  of (43), which can be obtained as 
T T * * T

0 0( ( ) ( )) ( )x xd d      x A A x x Q R x

 (46) 

Then, Kronecker’s product function (44) is trans-

formed to 
T * T

0

T * *

2( ( ) ) vec( ) vec( )

(vec( ) ( )) ve

(

c )

)

( x x

d   

 

    

    0

x A x x x Q

R x x
 

(47) 
where the related terms are transformed to 

T T T

0( , ) [2( ( ) ) , (vec( ) ( )) ]d        Ξ x A x A x R x x , 
T

* *( ) vec( ), vec( )x x
   Ψ P , and ( ) x  

T( ) x x vec( )Q . After using * *( )x x to 

replace * *( ) of Ψ , the Ψ  dimension decreases. 

Then, the unknown function (47) shows that the pa-

rameter Ψ  consists of 
*

. A new estimation algo-
rithm, as in [29], [30], is introduced to update the un-

known parameter Ψ  such that the solution 
*

 is ob-

tained with an estimation Ψ̂  of Ψ . To design the up-

dating law, an auxiliary matrix (
l lS ) and the 

vector (
l ) are given as 

T (0)

,

,

(0)

   

   

0

ω 0

ΞΞ

Ξ  

S S S
                (48) 
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where 0＞  is the filtered gain and Ξ  represents the 

regressor vector. Another vector lΛ  from S  and 
  is defined as 

ˆ Λ Ψ S                              (49) 

with the approximation Ψ̂ . Then, the updating law of 

the parameter Ψ̂  is designed as 

ˆ  Ψ ΓΛ                                (50) 
where 0＞Γ  is the designed learning gain matrix. 

Then, the optimal approximated learning gain ˆ  can 

be obtained from (45) and (50). From (26), the ap-
proximate robust control for the uncertain DFIG model 
(22) is obtained by 

1 Tˆ ˆˆ
x x x

    R Bu               (51) 

where û , ˆ
x
 and ˆ  are approximations of the ideal 

values *
u , *

x
, and * , respectively. From Lemma 1 

and Theorem 1, it can be concluded that *ˆ
x x  and 

*ˆ  . As shown in [25], [29], the persisting exci-
tation (PE) of Ξ  in (45) holds the positive-definite 
property of S  in (52). 

Ⅳ.   STABILITY ANALYSIS 

This section presents the estimated parameter con-

vergence and the stability analysis of the uncertain DFIG 

model (22) with the designed state-feedback robust 

controller. Then, the following theorem can be given.  

Theorem 1: For (45) with estimation algorithm (50), 

with the PE condition of Ξ  in (45), the estimated error 

( ˆ Ψ Ψ Ψ ) is proven to converge to zero. 

Proof: With the PE condition of Ξ , in line with the 

Lemma in [31], it is shown that S  is positive definite, 

and 
min ( ) 0 ＞ ＞S holds. The solution of (48) is 

derived as 

( )

( ) T

0

0

e ( ) ( )d

e ( ) ( )d

t
t

t
t





  

  

 

 









Ξ Ξ

Ξ

S

 
                (52) 

Then, from (49), we can obtain that 

ˆ   S SΛ Ψ Ψ                      (53) 

The Lyapunov function 
1( )V is selected as 

1

1 0.5( )V  ΨΓ Ψ . From (50) and (53), 1V  can be ob-

tained as follows: 
2

1

1V    ≤ΨΓ Ψ Ψ Ψ ΨS         (54) 

where   is the minimum eigenvalue of S . Thus, from 

the Lyapunov theorem, Ψ converges to zero exponen-
tially. 

For the stability analysis, according to (51), the un-

certain DFIG model (24) can be represented by 
1 T

0
ˆ( ( ) )d 

  x A BR B x  (55) 

Moreover, in the DFIG model (24), 0( )dA  and B  are 

bounded, i.e., 0 A( )d b≤A , Bb≤B  with A 0b ＞ , 

B 0b ＞ . Then, the following theorem is presented herein 

to validate the stability of the designed robust policy. 
Theorem 2: For the unknown DFIG model (22), with 

the approximation of robust state-feedback control (55), 

the DFIG state variables 
x  converge to zero, and the 

robust control (51) converges to its optimal control (26) 

of the nominal DFIG model (24). 

Proof: A similar proof can be found in [25]; it is 

omitted here because of limited space. 

Ⅴ.   COMPARATIVE PERFORMANCE ANALYSIS 

In this section, detailed modal analyses are performed 

to validate an improvement in the damping of 

low-frequency oscillation modes, unlike the 

state-of-the-art controller [18]. Two distinct cases are 

considered herein to validate the stability of the wind 

energy conversion system. The detailed analyses are 

explained as follows. 

A. Case-I Modal Analysis with Variations in the Grid 

Impedance 

The comparative eigenvalue analysis of the stator 

mode between the presented framework and the 

state-of-the-art controller [18] is illustrated in Figs. 3(a) 

and (b). As the grid inductance is varied from 0.05 to 0.3, 

the eigenvalue loci for the state-of-the-art controller are 

shifted from the left-hand side to the right-hand side of 

the plane, which indicates the unstable operation of the 

wind energy conversion system. Figure 3(b) shows the 

trajectory of the eigenvalue loci obtained from the pre-

sented framework. This shows stable operation because 

the loci are sustained within the left-hand side plane. 

The presented framework provides optimal control 

action offered to the DFIG system using an estimation 

of unmeasured internal states of wind energy conver-

sion systems. 

 

Fig. 3.  Detailed modal analysis with varying grid impedance. (a) 

State-of-the-art methodology. (b) The presented controller. 

B. Case-II Modal Analysis with Variations in Shaft 

Stiffness 

Figures 4(a)(c) show the modal analyses for the 

state-of-the-art controller [18] with shaft stiffness var-

ying from 0.1 to 0.9. The figure shows the trajectories of 

the eigenvalues for the stator mode, mechanical mode, 

and electromechanical mode. Likewise, Figs. 4(d)(f) 
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illustrate the trajectory of eigenvalue loci using the 

presented framework. Figures 4(a)(f) reveal that the 

presented framework provides better damping perfor-

mance than the state-of-the-art controller [18]. The 

presented framework provides superior performance 

because it considers full-state feedback, and a stabilized 

control action is obtained through an iterative adaptive 

dynamic programming approach-based optimal con-

troller, unlike the state-of-the-art controller [18]. 

 

 

 

Fig. 4.  Detailed modal analysis with variation in shaft stiffness. 

(a), (c), and (e) State-of-the-art methodology. (b), (d), (f) The 

presented controller. 

Table Ⅰ presents a comparative quantitative analysis 

of the modal frequency for the mechanical and elec-

tromechanical modes (EMs). This shows that modal 

damping is significantly strengthened due to the con-

sideration of full-state feedback in the presented 

framework, unlike in the state-of-the-art controller [18]. 

TABLE Ⅰ  
COMPARATIVE PERFORMANCE OF MODAL ANALYSIS 

Descriptions 
State-of-art 

controller [18] 
Presented 
framework 

Modal frequency of the 
mechanical mode (Hz) 

0.55  0.54  

Modal frequency of 
the EM mode (Hz) 

9.788 9.581  

C. Case-III Comparative Analysis with a 

State-of-the-art Method 

To demonstrate the effectiveness of the presented 

work, a comparative analysis with the advanced LQR in 

[32] is carried out in Figs. 5(a) and (b). Figure 5(a) 

shows the response of several controlled states with the 

advanced LQR algorithm. One can observe from Fig. 5(a) 

that the performance in the system states is quite high in 

several states. However, the presented work effectively 

exhibits very low overshoots even in the presence of 

uncertain dynamics (system noise and measurement 

noise), as depicted in Fig. 5(b). The presented robust 

controller effectively achieves smooth system dynamics 

because an advanced adaptive dynamic programming 

approach is adopted in the presented robust framework 

to obtain the gain. The salient point of the system per-

formance is observed in Figs. 5(a) and (b). 

Moreover, the qualitative analysis between the pre-

sented framework and the state-of-the-art controller is 

analyzed in Table Ⅱ. This shows that the presented work 

provides superior performance under manifold cases 

such as variations in grid impedance and uncertain dy-

namics. In contrast with the state-of-the-art techniques 

[12], [18], the presented framework has a low compu-

tational burden. 

 

 

Fig. 5.  Comparative performance with the presence of uncertain 
dynamics. (a) State-of-the-art methodology. (b) Presented work. 
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TABLE Ⅱ 
COMPARATIVE PERFORMANCE OF THE PRESENTED STRATEGY WITH 

STATE-OF-THE-ART TECHNIQUES 

Description 
State-of-art 
controller 

[12] 

State-of-art 
controller 

[18] 

Presented 
work 

Type of 
controller 

Power sys-
tem stabi-

lizer 

Linear 
quadratic 
regression 

Adaptive 
dynamic 

programming 

Type of 
feedback 

Single-state 
feedback 

Full-state 
feedback 

Full-state 
feedback 

Performance 
under uncer-
tain dynam-

ics 

Not satis-
factory 

Not satis-
factory 

Robust and 
adequate 

Performance 
under varia-
tion of grid 
impedance 

Unstable Unstable Stable 

Computation 
burden 

Low High Low 

Cost function 0.2981 0.1610 0.1078 

Remark 3: Theorem 2 describes the stability analysis, 

which provides evidence that the proposed controller 

can stabilize the DFIG system; i.e., the DFIG variables 

in (22) converge to the command values with the pro-

posed controller (51). Theorem 2 is the theoretical 

support of Section V, where two examples are provided 

to verify DIFG stability with the proposed controller. 

Conversely, Section V is the illustration of Theorem 2. 

Ⅵ.   RESULTS AND DISCUSSION 

The DFIG-based wind energy conversion system is 

modeled in the Matlab environment. An adaptive dy-

namic programming-based robust damping framework 

is designed and tested against manifold network dis-

turbances such as a decrease in the wind speed, a sudden 

increase in the wind speed, and a change in the terminal 

voltage. The detailed description of each case is as fol-

lows. 

A. Case-Ⅰ Response of the System under Variations in 
Wind Speed from 11 m/s to 7 m/s 

Figures 6(a)(h) illustrate the response of the system 

variables under sudden variations in the wind speed from 

11 m/s to 7 m/s. Figures 6(a)(d) shows the dynamics of 

the electrical states of the wind energy conversion sys-

tem, namely, the direct and quadrature components of 

current and voltage (
qI , dI , 

qE , and dE ), respectively. 

As the wind speed decreases from 11 m/s to 7 m/s, the 

power injection into the grid side network decreases, 

and the corresponding dynamics are illustrated using 

significant variation in current components (
qI , dI ). 

Likewise, the direct and quadrature components of 

voltages (
qE , dE ) also vary based on variations in the 

wind speed. The mechanical dynamics of a DFIG are 

illustrated in Figs. 6(e)(h). The oscillation in the sys-

tem quickly dampens due to the full-state feedback of 

the system states. The presented robust controller pro-

vides optimal gains for each participating state com-

pared with the state-of-the-art controller [12], [18]. The 

variations in the rotor speed and turbine are depicted in 

Fig. 6(e) and Fig. 6(g), respectively. The minute varia-

tion between the rotor speed and turbine speed is ob-

served due to the twist angle, which is depicted in Fig. 

6(f). The dynamics of the terminal voltage are depicted 

in Fig. 6(h). 

 

 

 

 

Fig. 6.  Response of the DFIG with the proposed controller under 
various wind speeds from 11 m/s to 7 m/s. (a) Internal current of 
stator q axe. (b) Internal current of stator d axis. (c) Internal 
voltage of stator q axis. (d) Internal voltage of stator d axe. (e) 
Variation of rotor speed. (f) Variation of twist angle. (g) Varia-
tion of turbine speed. (h) Terminal voltage. 

B. Case-Ⅱ Response of the System under Variations in 

Wind Speed from 9 m/s to 11 m/s 

Figures 7(a)(h) demonstrate the behavior of the 

system under variations in the wind speed from 9 m/s to 

11 m/s. The current and voltage dynamics of the system 

are depicted in Figs. 7(a)(d). The presented controller 

effectively provides optimum control gains ( x ) in the 
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control law to damp out the system oscillations. The 

oscillation in the current and voltage components is 

alleviated, thereby mitigating the undesired oscillations 

in the active power. Figures 7(e)(h) show the wave-

forms of the rotor speed, twist angle, turbine speed, and 

terminal voltage. The rotor and turbine speeds are ef-

fectively settled at the new operating point as the wind 

speed increases from 9 m/s to 11 m/s. The turbine speed 

increases because of the significant increase in the input 

kinetic energy of the wind turbine. The corresponding 

dynamics of the turbine speed and rotor speed are de-

picted in Fig. 7(g). The dynamics of the terminal voltage 

are illustrated in Fig. 7(h). 

 

 

 

 

Fig. 7.  Response of the DFIG with the proposed controller under 
various wind speeds from 9 m/s to 11 m/s. (a) Internal current of 
stator q axe. (b) Internal current of stator d axis. (c) Internal 
voltage of stator q axis. (d) Internal voltage of stator d axe. (e) 
Variation of rotor speed. (f) Variation of twist angle. (g) Varia-
tion of turbine speed. (h) Terminal voltage. 

C. Case Ⅲ Response of the System under Variations in 
the Terminal Voltage 

Figures 8(a)(h) show the waveforms of system dy-
namics under terminal voltage variations from 0.97 p.u. 

to 0.67 p.u., and the dynamics of 
qI , dI , 

qE , dE , r , 

w , t , and rV , respectively. As the terminal voltage 

decreases to 0.67 p.u., transients in the current and 

voltage components are observed in Figs. 8(a)(h). The 
peak values of the current and voltage components can 
be suppressed by dissipating the dump load or stored in 
the energy storage element. The voltage depth is re-
covered within 200 ms, as clearly illustrated in Fig. 
8(h). The oscillations in the current and voltage com-
ponents are quickly dampened out, as depicted in Figs. 

8(a)(d). The presented controller provides an effective 
response because it has an inherent capacity to compute 

the gain matrix (
x
) without any help from predefined 

system matrices (e.g., the state matrix and input matrix). 
Likewise, the rotor speed and turbine speed also 
reached nominal values, as depicted in Fig. 8(e) and Fig. 
8(g), respectively. The salient points of this presented 
controller are illustrated as blue dashed-dotted lines in 

Figs. 8(a)(g). 

 

 

 

 

Note: The blue dashed-dotted line represents the proposed ro-
bustframework, and the red solid line represents the state-of-the-art 
controller. 

Fig. 8.  Comparison of the response to state-of-the-art control in 
[33] under various terminal voltages from 0.97 p.u. to 0.67 p.u. 
(a) Internal current of stator q axe. (b) Internal current of stator 
d axis. (c) Internal voltage of stator q axis. (d) Internal voltage 
of stator d axe. (e) Variation of rotor speed. (f) Variation of 
twist angle. (g) Variation of turbine speed. (h) Terminal voltage 
variation. 
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To show the advantage of the proposed robust optimal 

controller, the comparison results with the scaled current 

tracking control in [33] are added to Figs. 8(a)(g) as red 

solid lines. The results in Figs. 8(a)(g) show that compared 

with recent DFIG approaches, the proposed method can 

make the DFIG variables converge faster with less 

chattering and uncertain variations in the terminal 

voltage. However, the overshoots with the proposed 

framework are high in Figs. 8(b) and (c), which is an-

other constraint control problem to be addressed in 

future work. 

Remark 4: To guarantee the stabile property of a 

DFIG with uncertain grid faults, several novel control 

frameworks are proposed. A novel parallel cooperative 

scheme is proposed to enhance a low-voltage 

ride-through (LVRT) capacity DFIG-based wind farm 

and inject reactive current during grid faults in [34]. An 

excitation converter with a parallel scheme is proposed 

for severe grid faults in [35], where experimental veri-

fication is provided to validate the proposed method. A 

scaled current tracking control is proposed for a ro-

tor-side converter (RSC) to enhance its LVRT capacity 

under grid faults in [33]. However, these studies did not 

consider the optimal performance of the DFIG and did 

not analyze the stability of the proposed fault control. 

This paper proposes a robust optimal framework to 

effectively address the above issues under variations in 

the terminal voltage. 

Ⅶ.   CONCLUSIONS 

An adaptive dynamic programming-based robust 

framework is presented for the optimal operation of a 

DFIG-based wind energy conversion system. The 

presented framework has the following advantages: 1) 

it does not require solving nonlinear algebraic Riccati 

equations, which significantly reduces the computa-

tional burden, unlike linear quadratic regulators; 2) to 

provide robust performance against uncertain dynamics, 

a novel transformation formula is developed and 

demonstrates satisfactory performance, unlike a 

state-of-the-art controller; and 3) detailed mathematical 

analysis (e.g., learning gain, convergence analysis, and 

stability analysis) is explicitly performed to validate the 

robustness characteristics of the presented control law. 

The modal analyses demonstrate that the presented 

DFIG-based wind energy conversion system provides 

stable operation and significantly improves the transi-

ent stability margin, unlike state-of-the-art controllers. 

The simulation results demonstrate a satisfactory re-

sponse with manifold operating scenarios. The quanti-

tative and qualitative analyses demonstrated the effec-

tiveness of the presented framework for different dis-

turbance scenarios. In future work, the robust optimal 

controls of DFIGs that consider variable constraints 

will be studied. 

APPENDIX A 

TABLE A1 THE MAIN PARAMETERS AND THEIR VALUE 

Parameters Value 

  0 

max

pC  0.48 

eX  0.06 

mX  4 

k  0.3 
c  0.01 

tH  4 s 

gH  
t0.1 H  

ml  4 p.u.  

sl  
m1.01 l  

rl  s1.005 l  

sr  
m/800l  

rr  
s1.1 r  

rT  738.2181 

k  p.u./el0.3 .rad  

gV  1 
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