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Summary
In this study, we present an inverse optimal control approach based on extended

Kalman filter (EKF) algorithm to solve the optimal control problem of discrete-time

affine nonlinear systems. The main aim of inverse optimal control is to circum-

vent the tedious task of solving the Hamilton-Jacobi-Bellman equation that results

from the classical solution of a nonlinear optimal control problem. Here, the inverse

optimal controller is based on defining an appropriate quadratic control Lyapunov

function (CLF) where the parameters of this candidate CLF were estimated by adopt-

ing the EKF equations. The root mean square error of the system states is used

as the observed error in the case of classical EKF algorithm application, whereas,

here, the EKF tries to eliminate the same root mean square error defined over the

parameters by generating a CLF matrix with appropriate elements. The performance

and the applicability of the proposed scheme is illustrated through both simulations

performed on a nonlinear system model and a real-time laboratory experiment. Sim-

ulation study demonstrate the effectiveness of the proposed method in comparison

with 2 other inverse control approaches. Finally, the proposed controller is imple-

mented on a professional control board to stabilize a DC-DC boost converter and

minimize a meaningful cost function. The experimental results show the applica-

bility and effectiveness of the proposed EKF-based inverse optimal control even in

real-time control systems with a very short time constant.
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1 INTRODUCTION

The design of optimal controllers for nonlinear systems has been an area of intense research interest in control theory.

Optimal nonlinear control deals with the problem of finding a stabilizing control law for a given nonlinear system while

achieving a certain optimality criterion.1,2 The traditional approach to solve the nonlinear optimal control problem leads to

a Hamilton-Jacobi-Bellman (HJB) equation that has no exact analytical solution for general nonlinear systems.1-3 It is also a

well-known fact that HJB equation reduces to the Riccati equation for linear systems.2,4

The inverse optimal control problem, which was initially presented by Kalman for linear systems, deals with the question of

whether a given state feedback can be the optimal control with respect to some useful performance index.4 The main idea behind

the theory of inverse optimal control is to construct a stabilizing feedback control law as a first step and, then subsequently,
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to use this control law in the optimization of a meaningful cost functional, which depends on the state variables and the control

inputs.2,5 This definition can be a bit confusing when it is compared to the definition of optimal control problem where the cost

functional should be known a priori in forming a stabilizing control law. The inverse optimal control for linear discrete-time

systems is presented in Willems and Voorde.6

Inverse optimal control is an alternative method for solving the nonlinear optimal control problem while avoiding the tedious

task of solving the HJB equation numerically. In recent years, the inverse optimality approach has been increasingly used for

solving the nonlinear optimal control problem in many real-time applications, especially in aerospace industry.7,8 The inverse

optimality method is used for nonlinear deterministic system and nonlinear stochastic system with multiplicative and additive

noises, and it is applied on a stochastic model of a human arm in Li et al.9 In Deng and Krstic,10 it has been proven that it is

possible to construct a controller that is optimal with respect to a meaningful cost functional for every system with a stochastic

control Lyapunov function (CLF). In the above mentioned researches, the inverse optimality approach based on defining a CLF

is used to construct the control law. In various studies on this approach, it has also been proven that the Lyapunov function can be

considered as a solution to the HJB equation in optimal control problems corresponding to a meaningful cost functional.2,5,11 Up

to this date, there does not exist any systematic procedures for defining a CLF for general nonlinear control systems. However,

several researchers have proposed some systematic approaches to find the CLF for certain class of nonlinear systems such as

feed-forward systems, feedback linearizable, and strict feedback.12-14 A continuous-time version of an inverse optimal control

based on CLF has been used for a helicopter flight system in Teimoori et al.15 A main theorem related to the inverse optimal

control problem for discrete-time affine nonlinear systems has been given in Ornelas et al,16 where the necessary conditions

needed to construct a discrete quadratic CLF has been illustrated in establishing the control law. A speed-gradient algorithm

was used in Ornelas-Tellez et al17 to adjust a single time-variant parameter, which defines the discrete quadratic Lyapunov

function. Moreover, the authors in the previous study18 discussed the inverse optimal control for discrete-time nonlinear systems

via passivity approach. Researchers in the field of nonlinear estimation problems have used the extended Kalman filter (EKF)

algorithm in estimation of a nonlinear dynamic system states and parameter estimation. Hence, the estimation process has been

used for many applications, such as in a fuzzy modeling control problem19 where EKF has been used in formation of fuzzy

membership functions in an online manner. Another application is illustrated in Hardan et al,20 where the EKF algorithm was

used to estimate the back electromotive force (EMF) in an induction machine control problem.

In this paper, the inverse optimal control based on CLF theory is considered that is mainly motivated by the work presented

in Ornelas et al.16 The novel contribution of our study is that EKF algorithm is used as a parameter identifier in the formation

of the CLF within the inverse optimal control loop for discrete-time affine nonlinear systems in an online manner for the first

time in literature. The initial background and motivations of this work are laid out and presented in Almobaied et al.21 Here, the

EKF-based inverse optimal control method is fully developed and adopted for a real-time application. The proposed method

is implemented in a DC-DC boost converter prototype, which is an inherently nonlinear system with a nonminimum phase

characteristics and highly sensitive to load variations. In fact, the problem of stabilizing and regulating the output voltage of the

DC-DC boost converter has been a research interest area and is widely used as a benchmark for testing various control forms

such as proportional integral derivative (PID), linear quadratic regulator (LQR), Fuzzy, etc.22-24

The remainder of this paper is organized as follows: Section 2 briefly describes the nonlinear optimal control problem and the

discrete-time HJB equation. Section 3 introduces the inverse optimal control approach used in this research. Section 4 presents

a description of the EKF algorithm. An in-depth explanation on the proposed EKF-based inverse optimal control is given in

Section 5. Section 6 presents a nonlinear example and a comparative analysis of the proposed method with other methods on

simulation bases. Section 7 illustrates the mathematical model of the boost DC-DC converter. The experimental results of the

proposed method and the other 2 methods are presented in Section 8. Finally, some discussion and conclusions are drawn in

Section 9.

2 DISCRETE-TIME HJB EQUATION FOR NONLINEAR CONTROL

This section briefly describes a well-known definition for a nonlinear optimal control problem to show the benefits of the

inverse optimality approach over the classical solution for a nonlinear optimal control problem. Considering an affine-in-input

nonlinear dynamical system of the form:

xk+1 = f (xk) + g(xk)uk, (1)

where x ∈ Rn is the state of the system and u ∈ Rm is the control input. f (xk) ∶ Rn → Rn and g(xk) ∶ Rn → Rn×m are

smooth matrices. Without loss of generality, it can be assumed that the origin (x = 0) is the equilibrium point of the system in
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Equation 1, f (0) = 0 and g(xk) ≠ 0 for all xk ≠ 0. System in Equation 1 is assumed to be stabilizable on a predefined compact

set Ω ∈ Rn.

• Definition 1: Stabilizable system; a nonlinear dynamical system is said to be a stabilizable system on a compact set Ω ∈ Rn

if there exists a control input u ∈ Rm such that, for all initial conditions x0 ∈ Ω, the state xk → 0 as k → ∞.25

For a nonlinear optimal control problem, it is desirable to determine a control law uk, which minimizes the following cost

functional:

V(xk) =
∞∑

n=k
(L(xn) + uT

n Eun), (2)

where V ∶ Rn → R+ is the cost functional, L ∶ Rn → R+ is positive semi-definite function, and E ∶ Rn → Rm×m is a real

symmetric positive definite weighting matrix, which could be a function of the system’s states. Equation 2 can be written as

V(xk) = L(xk) + uT
k Euk + V(xk+1). (3)

It is assumed that the boundary condition of the function is equal to zero (ie, V(x = 0) = 0) to use V(xk) as a Lyapunov function

in the following section. From Bellman’s optimality principle, it is known that the V*(xk) value function is time invariant and

satisfies the discrete-time Bellman equation for an infinite horizon optimization case1,2:

V∗(xk) = min
uk

{L(xk) + uT
k Euk + V∗(xk+1)}. (4)

The formula of the optimal control u∗
k can be calculated by taking the gradient of the right-hand side of Equation 4 with respect

to uk. Therefore, optimal control u∗
k will be

u∗
k = −1

2
E−1gT (xk)

𝜕V∗(xk+1)
𝜕xk+1

. (5)

By substituting the optimal control formula u∗
k into Equation 4, the discrete-time HJB equation is given by

V∗(xk) = L(xk) + V∗(xk+1) +
1

4

𝜕V∗T (xk+1)
𝜕xk+1

g(xk)E−1gT (xk)
𝜕V(xk+1)
𝜕xk+1

. (6)

For linear regulator problem case, this equation can be reduced to the Riccati equation, which has been efficiently solved in the

literature. Unfortunately, the HJB is extremely difficult to solve for a general nonlinear system. Hence, it precludes any hope of

an exact global solution to the general nonlinear optimal control problem.2,3,15

3 INVERSE OPTIMAL CONTROL

In the literature, there are many inverse optimality approaches that have been published for different applications with encourag-

ing results.2,3,5,9-11 In this study, the approach relies on defining a CLF so as to construct the control law based on this function. The

main concept of this approach is illustrated in studies,16,17 which is basically relies on Definition 2 given below. The continuous

time version of this definition has been used in Teimoori et al15 for helicopter flight control.

• Definition 2: The control law u∗
k in Equation 5 can be assumed to be inverse optimal control if

a) It achieves a global exponential stability of the equilibrium point xk = 0 for the system in Equation 1.

b) It minimizes the cost functional in Equation 2, for which L(xk) ∶= −V̄ , with V̄ ∶= V(xk+1) − V(xk) + u∗T
k Eu∗

k ⩽ 0, where

V(xk) is radially unbounded positive definite function.

In this approach, inverse optimal control is based on knowledge of V(xk). Hence, a CLF V(xk) is proposed such that (a) and

(b) are guaranteed. In study,5 the authors proved that the Lyapunov function can be considered as a solution to the HJB equation

in optimal control problems corresponding to a meaningful cost functional. That is, instead of solving HJB in Equation 6 for

V(xk), a candidate quadratic CLF V(xk) is proposed with the form:

V(xk) =
1

2
xT

k Pxk, (7)
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where P ∈ Rn×n is assumed to be positive definite and symmetric, ie, P = PT > 0. However, an appropriate matrix P must be

selected to achieve stability and to minimize a meaningful cost functional. The state feedback control law can be rewritten as

u∗
k = −1

2

(
E + 1

2
gT (xk)Pg(xk)

)−1

g(xk)TPf (xk). (8)

The following theorem gives the necessary condition for matrix P to satisfy the requirements of Definition 2.

• Theorem 1 16: Consider the affine discrete-time nonlinear system in Equation 1. If there exists a matrix P = PT > 0 such that

the following inequality holds

Vf (xk) −
1

4
PT

1
(xk)(E + P2(xk))−1P1(xk) ⩽ −𝜁Q||xk||2, (9)

where

Vf (xk) = V( f (xk)) − V(xk), with V( f (xk)) =
1

2
f T (xk)Pf (xk); 𝜁Q > 0

P1(xk) = gT (xk)Pf (xk) ; P2(xk) =
1

2
gT (xk)Pg(xk)

Then the equilibrium point (xk = 0) of the system in Equation 1 is globally exponential stabilized by the control law in

Equation 8 with CLF in Equation 7. Moreover, this control law will minimize the cost functional given in Equation 2, with

L(xk) ∶= −V̄|u∗k . Hence, the optimal value function will be equal to V*(x0) = V(x0).
The proof of this theorem was given in Ornelas et al.16 The process of finding an appropriate P matrix is still an active research

topic.2,16 In our research, we proposed the EKF approach to estimate the overall elements of the P matrix in a recursive way

within the loop of inverse optimal control. Shortly, the distinction between the traditional solution for the nonlinear optimal

control problem and the inverse optimal control approach based on CLF is illustrated in the the following descriptions and also

in Figure 1.

• For optimal control, the state cost function L(xk) > 0 and the input weighing term E > 0 are given a priori. Then, they are

used to determine u(xk) and V(xk) by the means of the discrete-time HJB equation solution.

• For inverse optimal control, the CLF V(xk) > 0 and the input weighing term E > 0 are given a priori. Then, these functions

are used to compute u(xk) and the penalty term L(xk), which used in constructing a meaningful cost function.

FIGURE 1 Inverse optimal control approach and traditional solution for optimal control problem. HJB, Hamilton-Jacobi-Bellman
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4 EXTENDED KALMAN FILTER

The Kalman filter, a set of mathematical equations, has become a standard technique as an optimal estimator and is quite an

easy method to estimate the unmeasurable states in linear systems, in a way that minimizes the mean of the squared error.26

For nonlinear systems, the Kalman filter cannot be applied directly. However, if the nonlinearity of the system is sufficiently

smooth, then it can be linearized about the current mean and covariance of the state estimation. Kalman filter that linearizes

about the current mean and covariance is referred to as an EKF. This filter has diverse applications in the areas of radar target

tracking, aerospace, marine navigation, and control systems.19,27

4.1 Extended Kalman filter equations
The EKF algorithms are usually used to estimate the state variables that are normally represented by {x1, x2, ... xn} symbols.

In this research, the EKF is used as a parameter identifier. Hence, to avoid the confusion with symbols in the proposed inverse

optimal control method, the authors used the symbols {a1, a2, ... an} instead of {x1, x2, ... xn} to represent the states to be

estimated (or parameters to be identified) inside EKF equations.

The state of the system at time tk(k = 1, 2, …) is modelled as a stochastic variable ak. The evolution of the state in time is

given by a stochastic difference equation

ak = w(ak−1, uk) + 𝜀k. (10)

The measurements zk are related to the state by

zk = h(ak) + 𝛿k. (11)

State transition probability and measurement probability are governed by nonlinear functions w and h, respectively. 𝜀k represents

the system process noise and is assumed to be Gaussian white noise with zero mean and covariance matrix Qk. 𝛿k represents

the measurement noise and is assumed to be Gaussian white noise with zero mean and covariance matrix Rk. Finally, uk is

the input control vector. The equations of an EKF are illustrated in Figure 2. Where the matrix Wk is the Jacobian of the state

function and is defined as the derivatives of each component of w with respect to each component of ak−1. Moreover, matrix

Hk is the Jacobian of the measurement function, and it is defined as the derivatives of each component of h with respect to each

component of ak. The EKF notations from Thrun et al28 are: âk Posterior mean estimate at time step tk, â−
k Prior mean estimate at

FIGURE 2 Extended Kalman filter equations
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time step tk, 𝛴k Posterior covariance at time step tk, 𝛴−
k Prior covariance at time step tk,Kk Kalman gain, zk Actual measurement,

and ẑ−k Predicted measurement.

4.2 Stability analysis in EKF applications
Since the covariance matrices that are used in EKF are approximations and the estimation is based on the linearization of

nonlinear functions w and h, there is no guarantee of stability and performance for the system prior to experimental data analysis.

Indeed, the approach seems to work well if the linearization is sufficiently smooth and a proper tuning for filter parameters is

achieved.29 The next section illustrates how to modify EKF equations to estimate the parameters in the proposed inverse optimal

control law.

5 EKF FOR INVERSE OPTIMAL CONTROL

In this study, we propose a method where the parameters of the candidate control Lyapunov matrix are estimated using EKF

after certain adaptations. Here, we consider the following quadratic CLF explained in Section 3.

V(xk) =
1

2
xT

k Pxk P = PT > 0, (12)

where P1,P2, … Pm are the elements of matrix P to be estimated by the adopted EKF equations. Due to symmetric property

of matrix P, m = n(n+1)
2

where n is the number of states. To adopt the EKF equations as a parameter identifier, the P matrix

elements are accepted as the state variables of the classical EKF procedure. The online estimating process requires the initial

values for these parameters and their corresponding covariance values.

âk−1 = â−
k = w(âk−1, uk) =

⎡⎢⎢⎢⎢⎣
P1
P2
.
.

Pm

⎤⎥⎥⎥⎥⎦
. (13)

The state Jacobian matrix Wk will be equal to the identity matrix.

Wk =

⎡⎢⎢⎢⎢⎢⎣

𝜕P1

𝜕P1

𝜕P1

𝜕P2

· · · 𝜕P1

𝜕Pm
𝜕P2

𝜕P1

𝜕P2

𝜕P2

· · · 𝜕P2

𝜕Pm
⋮ ⋮ ⋱ ⋮
𝜕Pm

𝜕P1

𝜕Pm

𝜕P2

· · · 𝜕Pm

𝜕Pm

⎤⎥⎥⎥⎥⎥⎦
= I. (14)

FIGURE 3 The proposed extended Kalman filter (EKF)-based inverse optimal control for discrete-time nonlinear system. RMSE, root mean

square error
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For simplicity, it can be assumed that covariance matrices Qk and Rk are constant.

Qk = q0 × I , 𝛴0 = s0 × I , Rk = r0, (15)

where q0, s0 , and r0 are constants to be specified by the designer. In this research, the main adopting in the EKF algorithm is

done at the estimating equation

âk = â−
k + Kk(zk − ẑ−k ), (16)

where the term (zk − ẑ−k ) is used to calculate the difference between the actual measurement and the predicted measurement.

This term is adopted as following:

ẑ−k in the EKF equations can be used as an error indicator and zk can be set to be equal to zero to minimize the total error

(zk − ẑ−k ). The root mean square error (RMSE) of the state variables are used as the observed error instead of measurement error

ẑ−k . (ie, ẑ−k = RMSE), which equal to h(â−
k ) as shown in Figure 2.

FIGURE 4 The flowchart of the proposed extended Kalman filter (EKF)-based inverse optimal control. RMSE, root mean square error
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ẑ−k = h(â−
k ) = RMSE =

√
(x1 − x1ref )2 + (x2 − x2ref )2 + … + (xn − xnref )2

n
. (17)

To calculate the Jacobian Hk, it is necessary to define h(â−
k ) as a function of the parameters to be optimized [P1,P2, … Pm].

Then the Jacobian matrix can be found as following:

Hk =
[

𝜕h(â−k )
𝜕P1

𝜕h(â−k )
𝜕P2

· · · 𝜕h(â−k )
𝜕Pm

]
. (18)

Figure 3 shows the block diagram of the proposed method, and Figure 4 illustrates the flowchart of the proposed EKF-based

inverse optimal control algorithm.

In summary, the EKF tries to eliminate the RMSE of all system states by generating a CLF matrix with appropriate elements.

This new P matrix should minimize the RMSE value if the filter parameters are well adjusted. Hence, guaranteeing system

stability.

6 SIMULATION RESULTS

Here, the performance of the proposed EKF-based inverse optimal controller method has been tested via a comparison study

between speed-gradient inverse optimal controller presented in Ornelas-Tellez et al17 and the trial and error method used

in Ornelas et al16 over a nonlinear system model. Another similar performance comparative study has also been shared in

Almobaied et al21 on a different nonlinear system model, which has been previously used in the studies.16,17 Considering the

following affine-in-input nonlinear dynamical system:

f (xk) =
[

2x1,ksin(0.5x1,k) + 0.1x2
2,k

0.1x2
1,k + 1.8x2,k

]
, g(xk) =

[
0

2 + 0.1cos(x2,k)

]
.

The stabilizing optimal control law can be calculated according to Equation 8. Matrix P is estimated by the proposed method,

where E = 1 is the constant in the cost functional equation. The initial condition for the states is selected as x0 = [2.5− 1]. The

constants of the EKF algorithm are selected as q0 = 0.01; r0 = 0.01; s0 = 0.05. The phase portraits for the unstable system and

for the stabilized one by the mean of the proposed EKF-based inverse optimal control are illustrated in Figure 5.

The MATLAB simulation results in Figure 6 show the noticeable amelioration in performance of the proposed technique and

demonstrate its high potential in minimizing the cost functional when compared to the other methods. The negative values of

the cost functional evaluation appeared at the simulation is due to the penalty value L(xk), which can be positive or negative at

the cost evaluation in Equation 2. However, the total cost function should be positive for the physical meaning as shown in the

main theorem at Section 3. Table 1 illustrates the comparison results between the 3 methods.

FIGURE 5 Phase portrait for A, the unstable nonlinear system, and for B, the stabilized nonlinear system by the proposed method [Colour figure

can be viewed at wileyonlinelibrary.com]

wileyonlinelibrary.com
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FIGURE 6 Stabilized nonlinear system using the following: A, trial and error method; B, Speed-gradiant based method; and C, the proposed

extended Kalman filter (EKF)-based method and their cost functional evaluation [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 1 The comparison results between extended Kalman filter (EKF)-based method and other approaches

Method x1 → 0 (within 5 % error) x2 → 0 (within 5 % error) Cost functional value

Trial and error 10 Steps 10 Steps 59.5

Speed gradient-based 8 Steps 6 Steps 22.725

EKF-based 6 Steps 2 Steps 10.625

7 EKF-BASED INVERSE OPTIMAL CONTROL FOR DC-DC BOOST
CONVERTER

The DC-DC boost converters are widely used in power conversion applications where the required output voltage is higher than

the source voltage. The DC-DC boost converter dynamics are nonlinear in nature due to switching action and saturation of the

duty cycle. The control law obtained for these converters is usually based on linear techniques that is simpler and of lower cost

than other nonlinear approaches.23 Hence, the small signal model of this converter is derived by linearization around a specific

equilibrium point where the stability is basically achieved around the small vicinity of this point. Therefore, the problem of

stabilizing these converters in nonlinear form has been a research interest area and is widely used as a benchmark for testing

new control strategies. The optimal control problem for DC-DC boost converter is to determine a control signal that achieves

stability for the converter and minimizes a certain cost functional.22,23 Moreover, the controlled DC-DC boost converter must

be robust in the presence of disturbances, such as step changes in load and source voltage. The difficulty in the control of

DC-DC boost converters is due to its nonminimum phase characteristics where the control input appears in both the voltage and

current equations.

7.1 Mathematical model of the DC-DC boost converter
The principal components of the DC-DC boost converter are illustrated in Figure 7.

The equations that describe the operation of the converter can be written as

L.dIL

dt
= Vin − 𝜇.Vout. (19)

wileyonlinelibrary.com
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FIGURE 7 DC-DC boost converter circuit [Colour figure can be viewed at wileyonlinelibrary.com]

C.
dVout

dt
= 𝜇.IL −

Vout

RL
, (20)

where 𝜇 = {0, 1} define the switch position; the parameters RL,L,C, and Vin for the circuit are the resistance, inductance,

capacitance, and source voltage, respectively. These equations can be represented by the mean of the state variables as follows:

ẋ1 = Vin

L
− x2

L
𝜇, (21)

ẋ2 = x1

C
𝜇 − x2

RLC
, (22)

where the state variable x1 represents the average current in the coil and the state x2 represents the average voltage at the output.

Euler approximation method is used to discretize the boost converter equations. Hence, the discrete-time model for the boost

converter is obtained as

x1,k+1 = x1,k + ΔT
(

Vin

L
−

x2,k

L
𝜇k

)
, (23)

x2,k+1 = x2,k + ΔT
(

x1,k

C
𝜇k −

x2,k

RLC

)
, (24)

where ΔT is the sampling time. To use these equations within the framework of the proposed EKF-based inverse optimal

controller method, the system should be written in the general affine-in-input form given in Equation 1 as follows:

xk = [x1,k+1 x2,k+1]T , f (xk) =
⎡⎢⎢⎢⎣

x1,k + ΔT
(

Vin

L

)
x2,k − ΔT

(
x2,k

RLC

) ⎤⎥⎥⎥⎦ , g(xk) =
⎡⎢⎢⎢⎣
−ΔT

(
x2,k

L

)
ΔT

(
x1,k

C

) ⎤⎥⎥⎥⎦ . (25)

The basic operation of a boost converter consists of 2 stages:

1. When the switch is closed, the diode will be in reverse bias mode. Hence, the inductor will store some energy by generating

a magnetic field. During this stage, the reverse diode prevents the capacitor from discharging through the switch. The switch

should be opened again fast enough to avoid having the capacitor discharge a large amount through the load resistor.

2. When the switch is open, the diode will be in a forward bias mode and the inductor current is forced to flow through diode

D, capacitor C, and with load RL. In this mode, both the stored energy of the inductor and input voltage source supply power

to the load. Finally, a higher voltage level than the input voltage is produced.

8 EXPERIMENTAL RESULTS AND DISCUSSION
Figure 8 shows a complete schematic diagram for the DC-DC boost converter that used in this paper where the values of the

converter parameters are given in Table 2. The circuit contains a current sensor to measure the value of inductor’s current, and

wileyonlinelibrary.com
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FIGURE 8 Schematic diagram of DC-DC boost converter circuit [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 2 Parameters values of the DC-DC

boost converter

Element Value

Diode 1n4007

Power Mosfet IRF 620

Inductor 4.9 mH

Capacitor 470 uF

Load resistor 470 Ω → 570Ω
Input voltage 9 V

it also contains a small switch at the load side to change the load resistance as a disturbance model. Moreover, a variable power

supply is used to test the output voltage response with respect to variations in input voltage.

In this work, the proposed EKF-based inverse optimal controller is implemented on an ARDUINO MEGA 2560 starter kit.

One output pin is connected to the gate of the Mosfet to control the duty cycle by the mean of pulse width modulation (PWM)

technique. The switching frequency is selected to be 20 kHz. Two analog input pins were used to read the current flow in the

inductor and the output voltage level across the capacitor. The ARDUINO kit and the DC-DC boost converter are shown in

Figure 9.

To test the effectiveness of the proposed method on stabilizing the DC-DC boost converter, a comparative study has been done

between the proposed EKF-based inverse optimal controls, advanced LQR state feedback controller based on Big Bang–Big

Crunch (BB-BC) algorithm presented in Almobaied et al,30 and the classical Ziegler-Nichols (ZN) based PID controllers. The

advanced control technique given in Almobaied et al30 proposes a new way of selecting the weighing matrices Q and R of the

LQR using the global BB-BC optimization algorithm so as to optimize a special time domain fitness function. In this manner, the

repeated adjustment process of LQR parameters has been avoided. On the other hand, the PID controller is a generic control loop
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FIGURE 9 DC-DC converter board and ARDUINO Mega 2560 controller kit [Colour figure can be viewed at wileyonlinelibrary.com]

feedback mechanism that has become the “industry standard” in the control systems due to its simplicity and good performance.

In fact, the PID controllers are still widely used for commercialized switching power supplies. The best way for PID parameters

determination is indeed to use the mathematical model to get the desired response. However, the mathematical description of

the system is often missing or inadequate, and the experimental tuning of the PID parameters has to be performed in such cases.

Therefore, in this research, the well-known heuristic Ziegler-Nichols is used to determine the parameters of PID controllers.31,32

The results of above mentioned 2 methods are compared with the results of the proposed method on the same test kit.

To implement the LQR and PID controllers, a linearized model of the DC-DC boost converter is required. The states x1 and

x2 are selected as the current of inductor L and the voltage of capacitor C, respectively. The commutated model for the DC-DC

boost converter is then presented as in Equations 21 and 22. If the switching frequency is significantly higher than the converters

natural frequencies, this discontinuous model can be approximated around an appropriate equilibrium point and reformed in a

continuous averaged model as illustrated in Almobaied et al.30 Since we consider the control of the boost converter around the

equilibrium point, we can neglect the nonlinear term of the converter average model and obtain a linearized model. Hence, the

state space model of the boost converter is obtained as

[
ẋ1

ẋ2

]
=
⎡⎢⎢⎣

0 −D′
d

L
D′

d

C
− 1

RL.C

⎤⎥⎥⎦
[

x1

x2

]
+
⎡⎢⎢⎣

Vin

LD′
d

− Vin

(D′2
dRL)C

⎤⎥⎥⎦ u(t), (26)

y =
[

0 1
] [ x1

x2

]
(27)

where D′
d is the complementary operating point duty cycle ( ie, D′

d = 1 −Dd) and Dd is the duty cycle of the control signal 𝜇. The

values of the converter parameters are given in Table 2. Figure 10A-C illustrates the Simulink block diagrams of the EKF-based

inverse optimal controller, optimized LQR state feedback controller, and Ziegler-Nichols PID controller, respectively. These

blocks are directly programmed on the ARDUINO kit from Simulink interface.

The feed forward gain scaling factor Nbar is selected as 6.44 in the case of the optimized LQR state feedback controller. The

optimal weight matrices are obtained as Q = diag[403.159 749.712] , r = [732.293] after the application of BB-BC opti-

mization algorithm. Then, the feedback gain matrix is computed as K = [1.1016 0.9751]. The Ziegler-Nichols PID controller

parameters are obtained as Kp = 0.12;Ki = 14;Kd = 0.02.

The internal construction of the EKF-based inverse optimal controller for DC-DC boost converter is shown in Figure 11. In

the proposed controller case, the constants of the EKF algorithm are selected as q0 = 10; r0 = 0.1; s0 = 0.001 and E constant

is selected as 0.5 in the cost functional equation.
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FIGURE 10 Simulink interface for extended Kalman filter (EKF)-based inverse optimal controller, linear quadratic regulator (LQR) state

feedback controller, and Ziegler-Nichols proportional-integral-derivative (PID) controller to be installed on ARDUINO board [Colour figure can be

viewed at wileyonlinelibrary.com]

FIGURE 11 Internal blocks of the extended Kalman filter–based inverse optimal controller for boost converter

Figure 12 demonstrates the step responses of all 3 controllers under a sudden change in reference voltage from 9 to 25 V.

The overshoot and the settling time were significantly reduced in the case of an EKF-based inverse optimal control controller

as shown in Table 3, whereas there was no noticeable change on the rise time and steady-state-error values.

wileyonlinelibrary.com


14 ALMOBAIED ET AL.

FIGURE 12 Transient response for the converter with the extended Kalman filter (EKF)-based inverse optimal controller, linear quadratic

regulator (LQR) state feedback controller and Ziegler-Nichols proportional-integral-derivative (PID) controller under sudden change in reference

voltage 9 → 25V [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 3 Step response analysis of the DC-DC boost converter for EKF-based controller, LQR state feedback controller

and Ziegler-Nichols PID controller

Parameters EKF-based inverse optimal controller LQR state feedback controller Z-N PID controller

Peak amplitude 26.5 29 34

Over shoot, % 6 15.1 27

Rise time, s 0.1 0.25 0.21

Settling time, s 0.5 1.7 2.1

SSE 0.09 0.2 0.15

Abbreviations: EKF, extended Kalman filter; LQR, linear quadratic regulator; PID, proportional-integral-derivative; SSE, steady-state-error.

FIGURE 13 Output response for extended Kalman filter (EKF)-based inverse optimal controller, linear quadratic regulator (LQR) state feedback

controller and Ziegler-Nichols proportional-integral-derivative (PID) controller with load variation [Colour figure can be viewed at

wileyonlinelibrary.com]

To check the dynamic performance and robustness of the proposed controller, the load disturbance is suddenly changed

from 570 to 470Ω and then from 470 to 570Ω. The performance of the controllers under these load variations is shown in

Figure 13. It is obvious that the proposed EKF-based inverse optimal controller method reacts a lot faster than the others in

recovering the reference voltage. Moreover, Figure 14 illustrates the dynamic responses of the controllers under input voltage

variations. These responses also clearly show that the proposed EKF-based inverse optimal controller is more robust than the

other controllers. Finally, Figure 15 illustrates that the proposed controller has a significant amelioration in the performance

over the other controllers in maintaining the output voltage of the boost converter according to the desired voltage.

wileyonlinelibrary.com
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FIGURE 14 Output response for EKF-based inverse optimal controller, LQR state feedback controller and Ziegler-Nichols PID controller with

input voltage variation [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 15 Output response for EKF-based inverse optimal controller, LQR state feedback controller and Ziegler-Nichols PID controller with

reference voltage variation [Colour figure can be viewed at wileyonlinelibrary.com]

9 CONCLUSION

Inverse optimal control technique has been firstly introduced to solve the nonlinear optimal control problem as an alternative to

the traditional solution path of using the HJB equation. In this study, we propose a novel inverse optimal control approach where

the parameters of the candidate control Lyapunov matrix are estimated using EKF algorithm in a recursive way for nonlinear

discrete-time affine systems. The simulation results attained on a nonlinear system model demonstrate the effectiveness of the

proposed controller over the other 2 inverse optimal control design approaches. Next, to test the applicability of the proposed

method in real-world scenarios, we have accomplished a set of experiments on a DC-DC boost converter prototype so as to assess

the performance of the proposed controller. Experimental results illustrate the reliability of the proposed EKF-based inverse

optimal controller in stabilizing the DC-DC boost converter where the system time constant is very low so the system responses

are very fast. In fact, the proposed controller has significantly much better performance compared to the optimized LQR-based

state feedback controller and to the conventional ZN-based PID controller under various disturbances of input voltage and load

changes.
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