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Abstract— In this work, a novel nonlinear approach is 
proposed for the stabilization of microgrids with constant 
power loads (CPLs). The proposed method is constructed 
based on the incorporation of a pseudo-extended Kalman 
filter into stochastic nonlinear model predictive control 
(MPC). In order to achieve high-performance and optimal 
control in DC microgrids, estimating the instantaneous 
power flow of the uncertain constant power loads and the 
available power units is essential. Thus, by utilizing the 
advantages of the stochastic nonlinear model predictive 
control and the pseudo-extended Kalman filter, an 
effective control solution for the stabilization of DC 
islanded microgrids with CPLs is established. This 
technique develops a constrained controller for practical 
application to handle the states and control input 
constraints explicitly; furthermore, as it estimates the 
current by using the pseudo-EKF, it is a current-senseless 
approach. As noisy measurements are taken into account 
for the state estimation, it leads to a less conservative 
control action rather than the classical robust MPC, 
whereas it guarantees the global asymptotic stability in 
the presence of noisy measurements and parameter 
uncertainty. To validate the performance of the proposed 
controller, the attained results are compared to state-of-
the-art controllers. Furthermore, the implementability of 
the proposed method is validated using real-time 
simulations on dSPACE hardware.  

 
Index Terms— DC microgrid, Constant power load, 

Model-in-the-Loop, Nonlinear dynamic, Stochastic model 
predictive control, Extended Kalman filter. 

I. INTRODUCTION 

Today’s growing energy demand raises various 

environmental issues such as air pollution, acid rain, water 

pollution, and the increase of greenhouse gases due to the use 

of non-renewable energy sources [1], [2]. To overcome these 

issues, various solutions are suggested. One of the most 
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important keys is the use of clean energy sources in modern 

power grids, which is an appropriate alternative for enhancing 

the performance and green operation in future power 

generation grids [3]–[5].  

Most industries, companies, and hospitals require a backup 

source to tolerate uncertainty and perturbation in the 

distribution network. However, traditional sources such as 

energy storage systems and diesel generators are known as 

expensive backups. Therefore, the use of microgrids (MGs) is 

an affordable and reliable alternative in the energy crisis [6]–

[10]. Moreover, the use of MGs can significantly reduce the 

loss of energy through the power transmission line. 

AC MGs have been used for many years and their 

functionality and structure is well-known [11]. However, DC 

MGs possess their specific benefits. The most important of 

them include:  a) DC microgrids are more suitable for 

connecting to energy storage and renewable resources as they 

are inherently DC, and b) modern electrical devices such as 

computers and servers in the data centers require DC power. 

Even conventional electrical loads are inherently AC; for 

example, induction motors become a DC load when they are 

controlled by a variable speed driver. However, in DC 

microgrids, various ranges of voltage are required. To this 

aim, electronic power interfaces are used to convert the power. 

These converters operate as an interface at the various values 

of voltage. Moreover, the stability issues of these systems are 

a major concern, especially when they are connected to a 

constant power load (CPL) in DC modern power grids. 

Besides, comprehensive studies on CPLs are necessary to 

address practical concerns in the power distribution systems 

due to the widespread use of CPLs in DC grids [12], [13]. 

Moreover, it is well-known that CPLs have negative 

impedance effects, which may cause instability in a DC 

microgrid; furthermore, it introduces a destabilizing effect into 

a DC microgrid that may cause its main bus voltages to show 

significant oscillations or to collapse. One of the methods that 

can handle this issue is to connect the energy storage directly 

to the main bus. Adding energy storage directly connected to 

the system buses can also eliminate the oscillations caused by 

the CPL [14].  

To overcome these issues, several studies have been carried 

out [11], [14], [15]. For instance, a linear stabilization 

approach has been suggested to stabilize DC microgrids 

(DCMG) [16]. Some works are devoted to adding resistance 

loads, filters, and energy storages to decrease voltage 

oscillations [17]. Furthermore, various approaches have been 

put forward to solve the global asymptotic stability. For 

instance, in [17] and [19], a novel nonlinear method based on 
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feedback linearization has been suggested to guarantee global 

asymptotic stability. In addition, some approaches based on 

the sliding mode controller have been presented to stabilize 

nonlinear DC microgrids [19], [20]. 

Moreover, as some uncertainties such as measurement 

noises, modeling errors and uncertainty in the CPLs or source 

parameters, the exact mathematical model of the DC 

microgrid cannot be extracted. Hence, the model-based 

controller designed based on the exact model cannot handle 

these uncertainties [21], [22]; thus, the performance of the 

system was degraded. A nonlinear controller that used the 

sliding-mode duty-ratio controller (SMDC) is considered in 

the reference [22]. SMDC is able to stabilize the dc power 

systems over the entire operating range in the presence of 

significant variations in the load power and input voltage.  
Sometimes, there are constraints on the currents and voltages 

of the DC microgrid [23], and a constrained controller should 

be applied to achieve an acceptable performance. One of the 

most well-known constrained controllers is the model 

predictive controller (MPC) in which physical constraints on 

inputs, outputs, and states can be taken into account [24]. 

However, some features of the model such as nonlinearity, 

uncertainty, and measurement noise have not been considered, 

although they cause the performance of the MPC to degrade. 

Motivated by the aforementioned issues, the present paper 

proposes a novel stochastic controller, which has the following 

advantages compared to a state-of-the-art controller applied to 

DC microgrids [10]. In this reference, a Kalman based output 

controller for stabilizing the DCMG with CPLs is developed. 

The proposed approach employs the cubature Kalman filter, 

and linear matrix inequality (LMI) to stabilize the DCMG. 

Sufficient conditions for exponential stability of the robust 

linear state feedback controller are derived in terms of LMIs. 

As an advantage, the proposed controller uses the estimated 

states to stabilize the DCMG, meanwhile, the previous 

approaches fully utilize all of the states, which is not 

applicable in practice. Although the presented method 

addresses the stabilization problem of DCMG while it does 

not need many sensors to measure the value of all states, it 

uses a filter and a controller separately to achieve this aim.  
Therefore, the time which is taken to calculate the control 

input at each step might be rather high that results in a slow 

controller, especially for large dimensional systems. To 

overcome this disadvantage, in current work, a novel 

controller is proposed that uses a filter inside the controller. It 

is an output controller in which all states of the system are not 

required to calculate the control input while results in a lower 

computational time rather than the developed approach in 

reference [10]. Besides, if there are limitations on the voltage 

and current of each CPL, it can be taken into account to 

compute the control input. 

  This work proposes a nonlinear controller that can handle 

nonlinearity in a DC microgrid. It suggests a new robust 

controller that shows effective performance in the presence of 

the measurement noises and model uncertainties of the DC 

microgrid (DCMG). The proposed novel controller is designed  

so that it can deal with physical and practical limitations on 

the current and voltage amplitudes of the DCMG.  

 

Fig. 1. A simplified schematic of the conventional DC microgrid with various 

constant power loads. 
 

In addition, for the first time, a theorem is developed that 

guarantees the global asymptotic stability in the presence of 

process and measurement noises. To sum up, the highlights of 

the current study can be summarized as follows: 

1- A novel robust stochastic nonlinear MPC is developed 

based on the pseudo-Kalman filter. 

2- Two new theorems are derived to guarantee the global 

asymptotic stability of the proposed controller and the 

reliable convergence of EKF algorithms. 

3- The simple structure of the proposed control technique 

facilitates its application for a variety of modern DC 

power grids with different configurations. 

4- To show the performance and robustness of the 

proposed controller, hardware-in-the-loop (HiL) 

experiments are conducted.       

This paper is organized as follows: the next section 

examines the dynamics of the DC microgrid under CPLs. The 

proposed method to guarantee the global asymptotic 

stabilization of a DC microgrid is presented in the third 

section. The findings of this paper and real-time simulation 

results are presented in the fourth section. Finally, the 

conclusion of the paper is presented in Section V. 

II. CASE STUDY DESCRIPTION  

In this section, the dynamic model of a DC modern power 

grid is presented. A general schematic of the DC stand-alone 

power grid is shown in Figure 1 [14]. 

The dynamic equation of the 𝑖𝑡ℎ CPL based on Kirchhoff's 

circuit laws can be obtained as follows [10]: 

{
 

 𝐼�̇� = −
𝑅𝑖
𝐿𝑖
𝐼𝑖 −

1

𝐿𝑖
𝑉𝑖 +

1

𝐿𝑖
𝑉𝑠

�̇�𝑖 =
1

𝐶𝑖
𝐼𝑖 −

1

𝐶𝑖

𝑃𝑖
𝑉𝑖

 (1) 

where 𝐼𝑖 , 𝑉𝑖, 𝑅𝑖 and 𝐿𝑖  are the inductor current, the capacitor 

voltage, the resistance and inductance of 𝑖𝑡ℎ  CPL, 

respectively. This assumes 𝑧𝑖 = [𝐼𝑖   𝑉𝑖]
𝑇 and 𝑧𝑠 = [𝐼𝑠  𝑉𝑠]

𝑇 as 

the state vector of the 𝑖𝑡ℎ CPL and the state vector of source, 

respectively. Therefore, the state equation of each CPL can be 

obtained as follows: 

�̇�𝑖 = 𝐴𝑖𝑧𝑖 + 𝐴𝑖𝑠𝑧𝑠 + 𝑘𝑖𝑡𝑖 
 

(2) 

Authorized licensed use limited to: Danmarks Tekniske Informationscenter. Downloaded on July 17,2020 at 06:32:18 UTC from IEEE Xplore.  Restrictions apply. 



2168-6777 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JESTPE.2020.3008885, IEEE Journal
of Emerging and Selected Topics in Power Electronics

JOURNAL OF EMERGING AND SELECTED TOPICS IN POWER ELECTRONICS 

𝐴𝑖 =

[
 
 
 −
𝑅𝑖
𝐿𝑖

−
1

𝐿𝑖
1

𝐶𝑖
0
]
 
 
 

,   𝑘𝑖 = [

0
𝑃𝑖
𝐶𝑖

],   𝐴𝑖𝑠 = [
0

1

𝐿𝑖
0 0

] 

 
Fig. 2. The DC Microgrid with 𝑀 constant power loads which is controlled 

with SNMPC based on EKF. 

Due to the existence of the nonlinear term 𝑡𝑖 = 1 𝑉𝑖⁄  , the state 

equation of the CPLs represents nonlinear behavior; therefore, 

in order to achieve an accurate control mechanism, nonlinear 

control approaches should be employed. 

In the same way, the state equation of the source can be 

shown as: 

{
 

 𝐼�̇� = −
𝑅𝑠
𝐿𝑠
𝐼𝑠 −

1

𝐿𝑠
𝑉𝑠 +

1

𝐿𝑠
𝑉𝐷

𝑉�̇� =
1

𝐶𝑠
𝐼𝑠 −

1

𝐶𝑠
𝑉𝑠 −

1

𝐶𝑠
𝑖𝑒𝑠

 (3) 

where 𝐼𝑠, 𝑉𝑠, 𝑅𝑖 and 𝐿𝑖 are the inductor current, the capacitor 

voltage, the resistance and inductance of the source, 

respectively, and 𝑉𝐷 is the power supply. The state-space can 

be shown as follows: 

𝐴𝑠 =

[
 
 
 −
𝑅𝑠
𝐿𝑠

−
1

𝐿𝑠
1

𝐶𝑠
0
]
 
 
 

, 𝑏𝑠 = [

1

𝐿𝑠
0

] , 𝐴𝑐𝑛 = [

0 0
1

𝐶𝑠
0] ,

𝑏𝑒𝑠 = [

0

−
1

𝐶𝑠

] 

(4) 

By defining an augmented state vector as 𝑍𝑎𝑢𝑔 =
[𝑧1

𝑇   𝑧2
𝑇   …   𝑧𝑀

𝑇   𝑧𝑠
𝑇]𝑇 the new overall model of the DCMG 

is shown as 
 

�̇�𝑎𝑢𝑔 = 𝐴𝑎𝑢𝑔𝑍𝑎𝑢𝑔 + 𝐾𝑇 + 𝐵𝑒𝑠𝑖𝑒𝑠 + 𝐵𝑠𝑉𝐷 (5) 

where 𝑇 = [𝑡1, … , 𝑡𝑀]
𝑇and 

𝐴𝑎𝑢𝑔 =

[
 
 
 
 
𝐴1 0 … 0 𝐴1𝑠
0 𝐴2 ⋯ 0 𝐴2𝑠
⋮ ⋮ ⋱ ⋮ ⋮
0 0 ⋯ 𝐴𝑀 𝐴𝑀𝑠
𝐴𝑐𝑛 𝐴𝑐𝑛 ⋯ 𝐴𝑐𝑛 𝐴𝑠 ]

 
 
 
 

, 𝐵𝑒𝑠 = [

0
⋮
0
𝑏𝑒𝑠

], (6) 

𝐵𝑠 = [

0
⋮
0
𝑏𝑠

] 

𝐾 =

[
 
 
 
 
𝑘1 0 … 0
0 𝑘2 ⋯ 0
⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝑘𝑀
0 0 ⋯ 0 ]

 
 
 
 

,  

 

As shown in Figure 2, in equation (2), the current injection 

into the current source is Pi Vi⁄ , which makes the power 

injection to be Pi. Thus, in order to stabilize the DC MG under 

CPLs, the current 𝑖𝑒𝑠 is selected as the control input [25]. 

Now, according to the nonlinear model of the DCMG, a fast 

and high-performance nonlinear control is necessitated for this 

case study. Therefore, the next section is provided to present 

an accurate nonlinear control approach to overcome the 

difficulties that exist in a DCMG under CPLs. 

III. STOCHASTIC NONLINEAR MODEL PREDICTIVE 

CONTROLLER BASED ON PSEUDO-EXTENDED KALMAN FILTER 

In this section, a new constrained control approach is 

developed to control a DCMG with CPLs. The proposed 

approach is constructed based on a nonlinear model predictive 

control (NMPC), which is a well-known approach to control 

nonlinear systems in the presence of state and control input 

constraints [26], [27]. Traditional NMPC techniques assume 

that the states of the system are deterministic and there are no 

uncertainty and errors in the measurements; therefore, the cost 

function is described as 

𝐽(𝑧𝑘 , 𝒖) = ∑ 𝑧𝑘
𝑇𝑄𝑧𝑘

𝑁−1

𝑘=1

+ 𝑢𝑘
𝑇𝑅𝑢𝑘 + 𝑧𝑁

𝑇𝑃𝑧𝑁 (7) 

where 𝑧𝑘 and 𝑧𝑁 are deterministic states and 𝑢 =
{𝑢1, 𝑢2, ⋯ , 𝑢𝑁−1} is the sequence of the control input during 

the horizon time 𝑁. 

However, in practice, there are some uncertainties in the 

dynamic of these systems. The system uncertainty is generally 

categorized as a) the uncertain model structure or parameters, 

b) the uncertain initial condition, or c) the unmeasurable 

exogenous disturbance. The most common form of the system, 

which includes the uncertainty in the dynamic is represented 

as follows:  

𝑧𝑘+1 = 𝑓(𝑧𝑘 , 𝑢𝑘) + 𝑤𝑘 

𝑦𝑘 = 𝑔(𝑧𝑘 , 𝑢𝑘) + 𝑣𝑘 
(8) 

where 𝑧𝑘 ∈ ℝ
𝑛𝑧 denotes the state of the system, 𝑦𝑘 ∈ ℝ

𝑛𝑦, and 

𝑢𝑘 ∈ ℝ
𝑛𝑢 are the measurement and control inputs, 

respectively. It is worth noting that 𝑤𝑘 can be interpreted as 

the term that reflects the effect of modeling uncertainty or 

exogenous disturbance on the state of the system. Moreover, 

𝑤𝑘 and 𝑣𝑘 are the sequences of independent and identically 

distributed (i.i.d.) variables that denote the system disturbance 

and measurement noise, respectively. In addition, 𝐸(𝑤𝑘𝑣𝑘
𝑇) =

0, 𝐸(𝑤𝑘𝑤𝑘
𝑇) = 𝑄𝑘 and 𝐸(𝑣𝑘𝑣𝑘

𝑇) = 𝑅𝑘. As the model of the 

system has stochastic terms, the formulation of the NMPC 

should be changed such that the stochastic nature of the 

system is considered. Therefore, Eq. (7) should be also 

described based on the stochastic terms. In this paper, the 
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expected value of the cost function, 𝐸(𝐽(𝑧𝑘 , 𝒖)), is applied to 

show the stochastic essence of the system. Thus, the cost 

function has been modified. To this aim, let us assume the 

difference between the true state and its mean as 𝑒𝑘 = 𝑧𝑘 −
�̂�𝑘, in which  �̂�𝑘 = 𝐸(𝑧𝑘). 
Substituting 𝑒𝑘 to the Eq. (7), yields: 

𝐸(𝐽(𝑧𝑘, 𝒖)) = 𝐸 (∑ 𝑧𝑘
𝑇𝑄𝑧𝑘

𝑁−1

𝑘=1

+ 2𝑧𝑘
𝑇𝑄𝑒𝑘 + 𝑒𝑘

𝑇𝑄𝑒𝑘

+ 𝑢𝑘
𝑇𝑅𝑢𝑘 + 𝑧𝑁

𝑇𝑃𝑧𝑁 + 2𝑧𝑁
𝑇𝑃𝑒𝑁

+ 𝑒𝑁
𝑇𝑃𝑒𝑁) + Π 

(9) 

where Π denotes 𝐸(∑ 𝑒𝑘
𝑇𝑄𝑒𝑘

𝑁−1
𝑘=1 + 𝑒𝑁

𝑇𝑃𝑒𝑁) that does not 

comprise the control input; therefore, it can be removed from 

the optimization problem. As 𝑒𝑘 has a zero mean, and it is 

uncorrelated from the state, the cost function is obtained as 

follows: 

𝐸(𝐽(𝑧𝑘 , 𝒖)) = ∑ �̂�𝑘
𝑇𝑄�̂�𝑘

𝑁−1

𝑘=1

+ 𝑢𝑘
𝑇𝑅𝑢𝑘 + �̂�𝑁

𝑇𝑃�̂�𝑁 (10) 

Furthermore, to reflect the stochastic concept of the state, the 

constraints should be replaced with appropriate equalities and 

inequalities. To this aim, two methods are proposed. The first 

method uses the expected value of the constraints. For 

instance, the state constraint 𝐺𝑧𝑘 ≤ ℎ can be replaced with 

𝐸(𝐺𝑧𝑘) ≤ ℎ. The second method uses the chance constraints 

of the states in which the probability constraint is shown as 

follows: 

𝑃𝑘[𝐺𝑗𝑧𝑘 ≤ ℎ𝑗] ≥ 1 − 𝛼𝑗,                𝑗 = 0,1,⋯ , 𝑛𝑠 (11) 

where 𝛼𝑗 is a predetermined term, which is shown by the 

allowed probability of violation of the state constraint. Note 

that Eq. (11) cannot be used directly in the optimization 

problem; thus, a suitable alternative inequality that can be 

easily utilized in the optimization problem is needed. To this 

end, [28] used inscribed conic sets that constraint Eq. (11) can 

be given by the following constraints:  

𝜑−1(1 − 𝛼𝑗)√ℎ𝑗
(𝑖)𝑇Σ𝑧(𝑛 + 𝑗|𝑛)ℎ𝑗

(𝑖) + ℎ𝑗
(𝑖)𝑇�̂�(𝑛 + 𝑗|𝑛)

≤ 𝑔𝑗
(𝑖), 𝑖 = 1,⋯ , 𝑛𝑔𝑗 

(12) 

where 𝜑−1(. ) is the quantile function of the standard Gaussian 

probability distribution. 𝑛𝑔𝑗 denotes the number of rows of 𝑔𝑗, 

ℎ𝑗
(𝑖)

 is the 𝑖𝑡ℎ row of the 𝐻𝑗 and finally 𝑔𝑗 is the 𝑖𝑡ℎ element of 

𝑔. 

To sum up, the stochastic model predictive control is 

formulated as follows:  

  min
𝒖
∑ �̂�𝑘

𝑇𝑄�̂�𝑘

𝑁−1

𝑘=1

+ 𝑢𝑘
𝑇𝑅𝑢𝑘 + �̂�𝑁

𝑇𝑃�̂�𝑁 

                   𝑠𝑡:  𝑧𝑘+𝑖+1|𝑡 = 𝑓(𝑧𝑘+𝑖|𝑡 , 𝑢𝑘+𝑖|𝑡) + 𝑤𝑘+𝑖 

𝑦𝑘 = 𝑔(𝑧𝑘 , 𝑢𝑘) + 𝑣𝑘 

                 𝑢𝑘+𝑖|𝑡𝜖𝑈, 𝑘 = 𝑡, 𝑡 + 1,⋯ ,𝑁 − 1 

 

    𝑃𝑘[𝐺𝑗𝑧𝑘+𝑖+1 ≤ ℎ𝑗] ≥ 𝛼𝑗 

𝑧𝑘|𝑡 = 𝑥𝑡|𝑡 

(13) 

As seen in Eq. (13), the state estimation is needed to solve the 

optimization problem in the stochastic systems. It is required a 

method to find �̂�𝑘 from an initial time 𝑡 up to time 𝑘 = 𝑁. 

Several approaches have been developed to calculate state 

estimation.  
Table I.  EKF Algorithm 

1.Initialization: 

                       𝒛𝟎
+ = 𝑬(𝒛𝟎) 

                       𝚺𝟎
−= 𝑬[(𝒛𝟎 − 𝒛𝟎

+)(𝒛𝟎 − 𝒛𝟎
+)𝑻] 

2. for 𝒌 = 𝟏, 𝟐,⋯ 

    a) Compute the partial derivation matrix of the system 

                        𝑭𝒌 =
𝝏𝒇(�̂�𝒌,𝒊

𝒆𝒔
𝒌)

𝝏𝒛
|𝒛𝒌
+ 

    b) Perform the time update for the state estimation 

         and error covariance 

                         �̂�𝒌
− = �̂�𝒌−𝟏 + 𝑻𝒔𝒇(�̂�𝒌−𝟏, 𝒖𝒌−𝟏) 

                         𝚺𝒌
− = 𝑭𝒌−𝟏𝚺𝒌−𝟏𝑭𝒌−𝟏

𝑻 +𝑸𝒌−𝟏 

c) Compute the partial derivation matrix of  

        the   measurement equation 

                          𝑯𝒌 =
𝝏𝒈(�̂�𝒌,𝒖𝒌−𝟏)

𝝏𝒛
|𝒛𝒌
− 

    d)  Perform the time update for the state estimation 

         and error covariance 

𝑲𝒌 = 𝚺𝒌
−𝑯𝒌

𝑻(𝑯𝒌𝚺𝒌
−𝑯𝒌

𝑻 + 𝑹𝒌)
−𝟏

 

                          �̂�𝒌 = �̂�𝒌
− + 𝑲𝒌(𝒚𝒌 −𝑯𝒌�̂�𝒌

−) 
                          𝚺𝒌 = (𝑰 − 𝑲𝒌𝑯𝒌)𝚺𝒌

−    

 

As the model of the system is nonlinear, in this paper, 

extended Kalman filter (EKF) is exploited for the state 

estimation [29]–[33] to solve the optimization problem.  

The proposed method is called stochastic nonlinear model 

predictive control (SNMPC) abridged based on pseudo-EKF. 

The algorithm of the EKF is shown in Table I. In order to use 

the EKF in the optimization problem, it is supposed that it is 

divided into two parts. The first part, i.e., time update, is 

applied to calculate the state estimation for the nonlinear 

optimization problem in the SNMPC, where it runs 𝑁 step. 

The second part, i.e., measurement update, is used to produce 

the mean and covariance for the next time step.  

According to Table I, the implementation of the SNMPC 

based-on pseudo-EKF for the DC microgrid is shown as 

follows: 

  min
𝑰𝒆𝒔

∑ �̂�𝑘
𝑇𝑄�̂�𝑘

𝑁−1

𝑘=1

+𝑅(𝑖𝑘
𝑒𝑠)2 + 𝑙(�̂�𝑁+𝑖|𝑖) 

𝑠𝑡: �̂�𝑘+𝑖+1|𝑡
− = �̂�𝑘+𝑖|𝑡 + 𝑇𝑠𝑓(�̂�𝑘+𝑖|𝑡 , 𝑖𝑘+𝑖|𝑡

𝑒𝑠 ) 

                   Σ𝑘+𝑖+1|𝑡
− = 𝐹𝑘+𝑖|𝑡Σ𝑘+𝑖|𝑡𝐹𝑘+𝑖|𝑡

𝑇 + 𝑄𝑘+𝑖|𝑡  

       𝑃𝑘[𝐺𝑗𝑧𝑘+𝑖+1 ≤ ℎ𝑗] ≥ 𝛼𝑗                                         

𝑢𝑘+𝑖|𝑡 𝜖 𝑈,               𝑡, 𝑡 + 1,⋯ ,𝑁 − 1 

𝑧𝑘|𝑡 = �̂�𝑘|𝑡                                                

   𝑧𝑁 𝜖 𝑍𝑓                                                     

𝐾𝑘 = Σ𝑘
−𝐻𝑘

𝑇(𝐻𝑘Σ𝑘
−𝐻𝑘

𝑇 + 𝑅𝑘)
−1            

�̂�𝑘 = �̂�𝑘
− + 𝐾𝑘(𝑦𝑘 − 𝐻𝑘�̂�𝑘

−)                 
Σ𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘)Σ𝑘

−                              
 

(14) 

where 𝑰𝒆𝒔 = {𝑖1
𝑒𝑠 , 𝑖2

𝑒𝑠 , ⋯ , 𝑖𝑁−1
𝑒𝑠 } is the sequence of the control 

input during the horizon time, and 𝑙(�̂�𝑁+𝑖|𝑖) = �̂�𝑁+𝑖|𝑖
𝑇 𝑃�̂�𝑁+𝑖|𝑖. Σ𝑘 

is the covariance matrix at the sample instance 𝑘.   

The stability analysis is the most important issue in designing 

an efficient controller. Therefore, Theorem 1 is driven to 

prove the stability of the proposed approach. 
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Assumption 1: The terminal set 𝑍𝑓 is a positive invariant set 

under the local control law 𝑣(𝑧𝑁), 0 ∈ 𝑍𝑓, and 

𝑓 (�̂�𝑘+𝑖|𝑖, 𝑣(𝑧𝑘+𝑖)) ∈ 𝑍𝑓 ,     ∀𝑧 ∈ 𝑍𝑓 . 

 

Assumption 2: Terminal cost �̂�𝑁
𝑇𝑃�̂�𝑁 is a Lyapunov function 

inside the set 𝑍𝑓, therefore, it satisfies 𝑙(𝑧𝑁+𝑖+1|𝑖)− 𝑙(𝑧𝑁+𝑖|𝑖) ≤

− (�̂�𝑘+𝑖|𝑖
∗𝑇 𝑄�̂�𝑘+𝑖|𝑖

∗ +  𝑅 (𝑣(𝑧𝑖+𝑘|𝑖))
2
) ,   ∀ 𝑧𝑖+𝑘 ∈ 𝑍𝑓 for all  �̂�  ∈

𝑍𝑓, where �̂�∗𝑘 and 𝑖𝑘
𝑒𝑠∗ are the optimal value of the state and 

the control input. 

 

Theorem 1. Under Assumptions (1) and (2), the closed-loop 

system controlled by the SNMPC based on the pseudo-EKF 

control law is asymptotically stable if the EKF algorithm is 

convergent. 

 

Proof: By assuming that EKF is convergent, which will be 

proven in the next theorem, firstly, we need to show the 

recursive feasibility of the controller. It assumes that �̂�𝑘 is 

feasible and its corresponding optimal control input sequence 

is {𝑖0
𝑒𝑠∗, 𝑖2

𝑒𝑠∗, ⋯ 𝑖𝑁−2
𝑒𝑠∗ }. Based on the assumption 1, the sequence 

{𝑖1
𝑒𝑠∗, 𝑖2

𝑒𝑠∗, ⋯ 𝑖𝑁−1
𝑒𝑠∗ } is also feasible for �̂�𝑘+1. Therefore, the 

proposed controller is recursive feasible, if it starts at a 

feasible initial state �̂�𝑘. 
Then, to illustrate the asymptotic stability, it is necessary to 

show that the cost function is decreasing during the time. To 

this aim, as the optimal cost function can be a candidate for 

the Lyapunov function, we just need to show that the 

following inequality is satisfied: 

 

𝑉∗(�̂�𝑖+1)-𝑉
∗(�̂�𝑖) ≤ 0        ∀�̂�𝑘 ≠ 0  (15) 

where 𝑉∗(�̂�𝑖) = ∑ �̂�𝑘+𝑖|𝑖
∗𝑇 𝑄�̂�𝑘+𝑖|𝑖

∗ +  𝑅(𝑖𝑘+𝑖|𝑖
𝑒𝑠∗ )

2𝑁−1
𝑘=1 + 𝑙(𝑧𝑁+𝑖|𝑖) is 

the optimal cost function for the optimal sequence of  𝐼𝑖
𝑒𝑠∗ =

{𝑖1
𝑒𝑠∗, 𝑖2

𝑒𝑠∗, ⋯ 𝑖𝑁−1
𝑒𝑠∗ } . 

The sub-optimal cost function for the sub-optimal control 

sequence 𝐼𝑖+1
𝑒𝑠 = {𝑖𝑖+1

𝑒𝑠∗ , 𝑖𝑖+2
𝑒𝑠∗ , ⋯ 𝑖𝑖+𝑁−1

𝑒𝑠∗ , 𝑣(𝑧𝑖+𝑁|𝑖)} for �̂�𝑖+1 is as 

follows:  

�̂�(�̂�𝑖+1) = 

∑�̂�𝑘+𝑖|𝑖
𝑇 𝑄�̂�𝑘+𝑖|𝑖 +  𝑅(𝑖𝑘+𝑖|𝑖

𝑒𝑠∗ )
2

𝑁

𝑘=1

+ 𝑙(𝑓 (�̂�𝑁+𝑖 , 𝑣(𝑧𝑁+𝑖|𝑖))) 

 

(16) 

adding and subtracting  𝑙(�̂�𝑁+𝑖|𝑖) to Eq. (16): 

-∑ �̂�𝑘+𝑖|𝑖
𝑇 𝑄�̂�𝑘+𝑖|𝑖 +  𝑅(𝑖𝑘+𝑖|𝑖

𝑒𝑠∗ )
2
+  𝑙(�̂�𝑁+𝑖|𝑖)

𝑁−1
𝑘=0

⏞                          

𝑉∗(�̂�𝑖)

−

 𝑙(�̂�𝑁+𝑖|𝑖) − (�̂�𝑖|𝑖
𝑇 𝑄�̂�𝑖|𝑖 +   𝑅(𝑖𝑖|𝑖

𝑒𝑠∗)
2
) − (�̂�𝑖+𝑁|𝑖

𝑇 𝑄�̂�𝑁+𝑖|𝑖 +

  𝑅(𝑖𝑖+𝑁|𝑖
𝑒𝑠∗ )

2
) + 𝑙(𝑓 (�̂�𝑁+𝑖 , 𝑣(𝑧𝑁+𝑖|𝑖)))  

(17) 

Since 𝑉∗(�̂�𝑖+1) ≤ �̂�(�̂�𝑖+1) 

𝑉∗(�̂�𝑖+1) ≤ 𝑉
∗(�̂�𝑖)  −  𝑙(�̂�𝑁+𝑖|𝑖) − (�̂�𝑖|𝑖

𝑇 𝑄�̂�𝑖|𝑖 +

  𝑅(𝑖𝑖|𝑖
𝑒𝑠∗)

2
) − (�̂�𝑖+𝑁|𝑖

𝑇 𝑄�̂�𝑁+𝑖|𝑖 +   𝑅(𝑖𝑖+𝑁|𝑖
𝑒𝑠∗ )

2
) +

𝑙(𝑓 (�̂�𝑁+𝑖 , 𝑣(𝑧𝑁+𝑖|𝑖)))  

(18) 

with Assumption 2: 

− 𝑙(�̂�𝑁+𝑖|𝑖) − (�̂�𝑖+𝑁|𝑖
𝑇 𝑄�̂�𝑁+𝑖|𝑖 +   𝑅(𝑖𝑖+𝑁|𝑖

𝑒𝑠∗ )
2
) + (19) 

𝑙(𝑓 (�̂�𝑁+𝑖 , 𝑣(𝑧𝑁+𝑖|𝑖))) ≤ 0  

therefore, 

𝑉∗(�̂�𝑖+1) − 𝑉
∗(�̂�𝑖)  ≤ −(�̂�𝑖|𝑖

𝑇 𝑄�̂�𝑖|𝑖 +   𝑅(𝑖𝑖|𝑖
𝑒𝑠∗)

2
) 

𝑉∗(�̂�𝑖+1) − 𝑉
∗(�̂�𝑖) < 0  ∀�̂�𝑖 ≠ 0       

(20) 

￭ 

To show the convergence of the EKF, Theorem 2 and its proof 

are presented. To this aim, consider the following assumptions 

and Lemma 1. 

 

Assumption 3: There are for all 𝑘 > 0, 𝑓, ℎ,  𝑝1 ,  𝑝2, 𝑞, 𝑟 > 0 

such that the following conditions hold: 
‖𝐹𝑘‖ ≤ 𝑓, ‖𝐻𝑘‖ ≤ ℎ, 

𝜎1𝐼 ≤ 𝛴𝑘 ≤ 𝜎2𝐼, 𝑞𝐼 ≤ 𝑄𝑘 , 𝑟𝐼 ≤ 𝑅𝑘 
  

(21) 

Assumption 4: for ∀  𝑘 > 0, 𝐹 is a non-singular matrix. 

 

Lemma 1: Based on Assumptions 3 and 4, there is 

0 1   so that: 

(𝐼𝑘 − 𝐾𝑘𝐻𝑘)
𝑇𝐹𝑘

𝑇Σ𝑘+1
−1 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘) ≤ Σ𝑘

−1(1 − 𝛽) 
 

Proof of lemma 1: 

Based on the one-step EKF algorithm [34], we have 

Σ𝑘+1 = 𝐹𝑘Σ𝑘𝐹𝑘
𝑇 + 𝑄𝑘 − 𝐹𝑘Σ𝑘𝐻𝑘

𝑇Σ𝑘
𝑇𝐹𝑘

𝑇 

which can be rewritten as follows: 

Σ𝑘+1 = 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘)Σ𝑘(𝐼 − 𝐾𝑘𝐻𝑘)
𝑇𝐹𝑘

𝑇 + 𝑄𝑘
+𝐹𝑘𝐾𝑘𝐻𝑘Σ𝑘(𝐼 − 𝐾𝑘𝐻𝑘)

𝑇𝐹𝑘
𝑇  

The last term in the above equation is positive definite, 

therefore, the following inequality holds: 

Σ𝑘+1 ≥ 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘)Σ𝑘(𝐼 − 𝐾𝑘𝐻𝑘)
𝑇𝐹𝑘

𝑇 + 𝑄𝑘  

by using the matrix inversion lemma, we have: 
Σ𝑘+1 ≥ (𝐹𝑘 − 𝐹𝑘𝐾𝑘𝐻𝑘)

[Σ𝑘 + (𝐹𝑘 − 𝐹𝑘𝐾𝑘𝐻𝑘)
−1𝐹𝑘

𝑇 + 𝑄𝑘(𝐹𝑘 − 𝐹𝑘𝐾𝑘𝐻𝑘)
−𝑇]

(𝐹𝑘 − 𝐹𝑘𝐾𝑘𝐻𝑘)
−𝑇

 

then, by using Assumption 3: 
Σ𝑘+1 ≥

𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘) [Σ𝑘 +
𝑞

(𝑓 + 𝑓𝜎2ℎ
2 𝑟⁄ )2

𝐼] (𝐼𝑘 − 𝐾𝑘𝐻𝑘)
𝑇𝐹𝑘

𝑇  

by taking inverses of both sides and multiplying from left by 

𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘) and from the right by 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘)
𝑇𝐹𝑘

𝑇: 

(𝐼𝑘 − 𝐾𝑘𝐻𝑘)
𝑇𝐹𝑘

𝑇Σ𝑘+1
−1 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘)

≤ Σ𝑘
−1 [𝐼 +

𝑞

𝜎2(𝑓 + 𝑓𝜎2ℎ
2 𝑟⁄ )2

𝐼]
−1  

By assuming that:   

1 − 𝛽 = [𝐼 +
𝑞

𝜎2(𝑓 + 𝑓𝜎2ℎ
2 𝑟⁄ )2

𝐼]
−1

 

￭ 

Theorem 2: The EKF algorithm is asymptotically 

convergent if 𝑣𝑘+1 − 𝑣𝑘 < −𝛼(𝑒𝑘), which 𝛼(. ) is a positive 

definite function and 𝑣𝑘 = 𝑒𝑘
𝑇𝑃𝑘

−1𝑒𝑘. 

 

Proof: To show the convergence of EKF, let us define 𝑒𝑘 =
𝑧𝑘 − �̂�𝑘. By substituting �̂�𝑘 from the EKF algorithm, the 

dynamic of 𝑒𝑘+1 is calculated as follows: 

𝑒𝑘+1 = 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘)𝑒𝑘  (22) 

To prove the stability of the EKF, it needs to show that the 

Lyapunov candidate 𝑣𝑘 = 𝑒𝑘
𝑇𝛴𝑘

−1𝑒𝑘 is decreasing. By using  

Authorized licensed use limited to: Danmarks Tekniske Informationscenter. Downloaded on July 17,2020 at 06:32:18 UTC from IEEE Xplore.  Restrictions apply. 



2168-6777 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JESTPE.2020.3008885, IEEE Journal
of Emerging and Selected Topics in Power Electronics

JOURNAL OF EMERGING AND SELECTED TOPICS IN POWER ELECTRONICS 

 
Fig. 3. The flowchart of the DC microgrid control under CPL by using the 
stochastic nonlinear model predictive control based on EKF. 

 

the result of Lemma 1 and pre and post multiplying by 𝑒𝑘
𝑇, 

respectively, we have: 

 

𝑒𝑘
𝑇(𝐼𝑘 − 𝐾𝑘𝐻𝑘)

𝑇𝐹𝑘
𝑇Σ𝑘+1

−1 𝐹𝑘(𝐼 − 𝐾𝑘𝐻𝑘)𝑒𝑘⏟                        
𝑉𝑘+1

≤ 𝑒𝑘
𝑇Σ𝑘

−1(1 − 𝛽)𝑒𝑘 = 𝑒𝑘
𝑇Σ𝑘

−1𝑒𝑘⏟    
𝑣𝑘

− 𝑒𝑘
𝑇Σ𝑘

−1𝛽𝑒𝑘
  

𝑣𝑘+1 − 𝑣𝑘 ≤ −𝑒𝑘
𝑇Σ𝑘

−1𝛽𝑒𝑘 = 𝛼(𝑒𝑘) 

(23) 

￭ 

The details of implementing the proposed method for the 

control of the DC microgrid is shown as a flowchart in Figure 

3. 

To sum up, the SNMPC based on the EKF is proposed, and its 

formulation is presented in this section. To show its global 

asymptotic stability, the Theorem 1 has been derived.  

Following, three scenarios are studied to evaluate the 

performance of the DC microgrid in different situations. 

IV. REAL-TIME SIMULATION RESULTS 

The main aim of this section is to evaluate the 

implementability of the SNMPC based on the pseudo-EKF for 

a DC islanded modern grid under CPL by using Model-in-the-

Loop (MiL) real-time simulations on dSPACE emulator. 

Moreover, different scenarios are taken into account to 

evaluate its practical implementation issues. Several possible 

situations for the system are considered, and the computational 

complexity of the proposed method using dSPACE is 

investigated. It is worth noting that the validity of the applied 

model is confirmed based on the experimental results obtained 

in [35]–[38], in which to evaluate the implementation validity 

of the DC microgrids under CPLs, experimental tests and 

hardware-in-the-loop real-time simulation are conducted on 

the same model [36]. Accordingly, as the validity of the 

applied model is justified, MiL simulations results confirm 

that the computational complexity of the proposed controller 

is feasible in practice, and the interactions between the 

controller and the system comply with the system 

requirements. 

Remark 1: The control input of the proposed NMPC is 

derived by solving a nonlinear programming problem (NLP). 

However, most NLP solvers suffer from a high computational 

complexity when the numbers of states and input constraints 

are high. To overcome this issue, the CasADi toolbox has 

been used to solve the optimization problem with a large 

degree of flexibility [39]. The applicability of the proposed 

NMPC in the aspect of computational complexity is verified 

through MiL simulations, in which the CasADi toolbox is 

utilized to solve the NLP. In other words, by utilizing this 

toolbox that is significantly faster than the fmincon function in 

MATLAB, the computational complexity is decreased to 

guarantee the feasibility of the algorithm in practice. 

To show the efficiency and performance of the novel proposed 

scheme in the control of DC microgrids, three different 

scenarios are investigated. In this study, the DC microgrid 

feeding CPLs is considered and the parameters are reported in 

Table II. 

 
Fig. 4. The schematic of the real-time controller. 

 

As the DC microgrid is characterized by a continuous 

dynamic, the Euler method, with the sampling time 𝑇𝑠 =
100 𝜇𝑠 is employed to discretize the model, and the switching 

rate of pulse duration modulation (PWM) is 20KHz. The 

tuning parameters of the proposed controller are N (the 

prediction horizon), and the weighted matrices (Q and R) and 

𝑄𝑘 and 𝑅𝑘 which are chosen as N = 2, Q = I4, R = 1, Qk =
10−2I4 and Rk = 10

−4. The state weighting matrix Q in the 

cost function of the proposed controller allows the states to be 

weighed according to their relative importance. Similarly, R 

allows input to be weighted according to their relative 

importance. In other words, the most important variable has 

the largest weight-input, and increasing the values of weights 

tends to make the SMPC more conservative by reducing the 

magnitudes of the control input. Qk and Rk are the tuning 

parameters that adjust the performance of pseudo-EKF, and 

they are chosen based on each application. The value of Qk 

and Rk determine the uncertainty of the process model and the 

measurement, respectively. 

The MiL real-time simulation technique-based on dSPACE 

1202 board has been chosen as the rapid prototyping solution 

to verify the fulfillment of the developed method. The overall 

structure for verifying the proposed SNMPC based on the 

pseudo-EKF is depicted in Figure 4. 
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Table II.  DCMG and CPL Parameters 

𝑅1 = 1.1 Ω 𝑅𝑠 = 1.1 Ω 𝐿𝑠 = 39.5 𝑚𝐻 

 𝐶1 = 500 𝜇𝐹 𝐶𝑠 = 500 𝜇𝐹 𝐿1 = 39.5 𝑚𝐻 

𝑃1 = 300 𝑊 𝑉𝐷 = 200 𝑉  

Power rate of energy 

 storage: Max 600WT 
SEMIKRON converter  

 

A. Scenario1: 

In this section, to show the advantages of the SNMPC based 

on the pseudo-EKF, firstly, it is compared to the conventional 

NMPC and the attainted results are presented in Figure 5. As 

shown in this figure, there are measurement noises and 

resistance variations in the DC microgrid where the 

conventional NMPC strictly depends on the accurate model of 

the DC microgrid, therefore, the conventional controller fails 

to regulate the states of the system to the acceptable values. 

Furthermore, three common error measurement criteria 

include the sum of squared errors (SSE), mean absolute error 

(MAE), and mean square error (MSE), which are used to 

evaluate the performance of the SNMPC based on the pseudo-

EKF and the traditional NMPC. The SSE essentially measures 

the variation of tracking errors. Generally, a lower SSE 

indicates that the controller can track better the desired value 

explains the data while a higher SSE indicates that the poorly 

tracking the desired value explains the data. The SSE can be 

calculated by SSE = ∑ (xi − xref)
n
i=1 . Moreover, MAE and 

MSE are two of the most common metrics used to measure 

accuracy. MAE measures the average magnitude of the errors 

in a set of predictions, without considering their direction. It is 

the average over the test sample of the absolute differences 

between desired value and control value where all individual 

differences have equal weight, MAE =
1

n
∑ |xi − xi,ref|
n
i=1 . 

MSE is a quadratic scoring rule that measures the average 

magnitude of the error. It is the square root of the average of 

squared differences between desired value and control 

value, MSE =
1

n
∑ (xi − xref)

2n
i=1 . As shown in Figure 6, these 

criteria are close to zero in the proposed method, which shows 

the superiority of the proposed method.  

Secondly, to assess the performance of the SNMPC based on 

the pseudo-EKF, it is compared with two different methods.  

The first one is the proportional-integral (PI) controller and the 

second one is the proposed approach in reference [10]. The 

initial condition is chosen as 𝑧0 = [1.4 , 195, 1.4, 196]
𝑇 and 

the covariance matrix is set to Σ0 =
𝑑𝑖𝑎𝑔([10−2 , 102, 10−2, 102]). The simulation results are 

depicted in Figure 7. This test demonstrates that the SNMPC 

based on the pseudo-EKF is the fastest method in reaching the 

operating point. 

Furthermore, by using the proposed method, the voltage 

oscillations are the least in comparison with other methods. 

Furthermore, the proposed method can deal with states and 

control input constraints. Conversely, the SNMPC based on 

the pseudo-EKF will be a suitable choice in which there are 

bounds on the voltage or current of the DC microgrid or 

energy storage. 
As shown in Figure 7, the driving 𝑖𝑒𝑠  from the SNMPC-based 

pseudo-EKF reacts with low oscillation compared to the other 

controllers. Furthermore, the SNMPC based on the EKF 

achieves satisfactory performance in the short transient 

response, and as the states of the DC microgrid represent low 

oscillations, they can quickly converge with their references. 
To sum up, PI is a linear controller, and its performance 

depends greatly on the operating points of the DC microgrid. 

Thus, it is not surprising that it shows poor performance in the 

control of nonlinear systems, due to the linearization errors. 

However, the proposed method in reference [10] is a nonlinear 

controller, which results in more oscillations to reach the 

operating points than other approaches. Furthermore, it cannot 

handle constraints on the load current and voltage. 
 

B. Scenario 2: Robustness of the SNMPC based on the 

pseudo-EKF against parameter uncertainty  

In this scenario, to show the robustness of the proposed 

controller against resistance changes, assume that the 

resistance of the load is changing over time as follows: 
 

𝑅1 = {
𝑅1                          𝑖𝑓      𝑡 ≤ 0.5
𝑅1 + 0.2𝑅1           𝑖𝑓     𝑡 > 0.5

 (24) 

 

 
Fig. 5. SNMPC based on pseudo-EKF compared to NMPC (Simulation 

results). 

  
Fig. 6.  The comparison of the proposed method with the NMPC. 

 

As shown in Figure 8, although the resistance value changes at 

𝑡 = 5𝑠, the proposed controller can effectively deal with this 

change and force the system to return to its operational point. 

Furthermore, after a short time, the inductance plays a role as 

a short circuit and the capacitance plays a role as an open 
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circuit; therefore, inductance and capacitance variations have a 

negligible effect in the steady-state. 

To verify the robustness of the proposed controller inductance 

and capacitance variations, the change of the capacitance of 

the CPL is considered as follows: 

 

𝐶1 = {
𝐶1                          𝑖𝑓      𝑡 ≤ 0.5
10 ∗ 𝐶1                𝑖𝑓     𝑡 > 0.5

 (25) 

 

The attained results are shown in Figure 9. As shown in this 

figure, the effect of the capacitance variations is overwhelmed 

in the voltage and current of the DC microgrid; therefore, it 

can be concluded that the proposed controller is robust against 

all kinds of uncertainties, such as resistance, capacitance, and 

inductance variations. 

 

 
Fig. 7. The comparison of SNMPC based on pseudo-EKF with the PI 

controller and reference [10] (Real-time simulation). 

 

For the sake of brevity, the result of using different 

inductances, which is the same as capacitance variations, is 

not presented. 

C. Scenario 3: performance of the SNMPC based on the 

pseudo-EKF against CPL, input voltage and reference voltage 

changes  

In this scenario, assume that the power of the CPL overtime 

changes as follows: 

𝑃1 = {
  300                          𝑡 ≤ 0.5

 350               0.5 < 𝑡 < 0.7

100                  0.7 < 𝑡 < 1

 (26) 

Furthermore, to verify the performance of the SNMPC based 

on the pseudo-EKF against the input voltage changes, the 

voltage variation is assumed as follows: 

 

𝑉𝐷 = {
  200                          𝑡 ≤ 0.5

 180               0.5 < 𝑡 < 0.7

200                  0.7 < 𝑡 < 1

 (27) 

As shown in Figures 10 and 11, the proposed method can 

track the variations of the load in the DC microgrid with the 

lowest oscillations. 

 

 
Fig. 8. SNMPC based on pseudo-EKF when the resistance changes over time 

(Real-time simulation). 
 

To evaluate the performance of the proposed method during 

the sudden change in the voltage reference, the voltage 

references are changed as follows:   

𝑉𝑠 = {
198.4                         0 < 𝑡 ≤ 0.5

178.2                         0.5 < 𝑡 ≤ 0.7
 (28) 

and the attained results are depicted in Figure 12.  
   

 
Fig. 9. SNMPC based on the pseudo-EKF when the capacitance changes over 

time (Real-time simulation). 
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To show the advantages of the proposed method, it is 

compared with two state-of-the-art methods based on the 

settling time of the systems and their results are presented in 

Table III. As shown in this table, when the power is changed 

at time 0.5𝑠, the proposed method is the fastest method that 

converges with the operating points and tracks the new 

operating point with the lowest oscillations. 

Therefore, by these tests, the main concerns about the 

applicability of the proposed method on real hardware are 

addressed. In other words, it has been shown that: 

- the proposed architecture is suitable for the real-world 

application,  

- the proposed method can be implemented on real hardware 

because the link speeds are adequate. 

 
Table III. The settling time of the system states based on criterion 2% 

 SNMPCEKF Reference[10] PI 

𝑰𝟏 0.397ms 1.587ms 1.846ms 

𝑽𝟏 0.38ms 1.475ms 1.765ms 

𝑰𝒔 0.407ms 1.398ms 1.618ms 

𝑽𝒔 0.398ms 1.485ms 1.505ms 
 
 

 
Fig. 10. SNMPC based on the pseudo-EKF when the power changes over time 

(Real-time simulation). 

V. CONCLUSION 

This paper proposed a novel constrained nonlinear stochastic 

controller for DC islanded modern power grids with CPLs. 

Theorem 1 and its proof illustrate the global asymptotic 

stability of the proposed controller. To examine the 

practicability of the proposed controller, MiL real-time 

simulations based on dSPACE were implemented. To this end, 

the performance of the proposed controller is evaluated in 

three scenarios. Firstly, to assess the effectiveness of the 

proposed method, it was compared to the conventional PI, 
which is a common controller for stabilizing DCMGs and 

state-of-the-art controllers. The attained results showed that 

the proposed controller was associated with low oscillations. 

Thus, the findings showed the performance and advantages of 

the proposed method in the control of the stand-alone DCMG. 

Secondly, it was assumed that the resistance of the CPL 

changed during the test, and the obtained results showed the 

robustness of the proposed method. Finally, it was assumed 

that the power of the CPL changes over time, and the findings 

illustrated that the proposed method can effectively track these 

variations. The obtained results confirm that the interactions 

between the controller and the system comply with the system 

requirements, and verify the superiority of the proposed 

controller over the state-of-the-art approach. 
 

 
Fig. 11. SNMPC based on the pseudo-EKF when the input voltage changes 

over time (Real-time simulation). 

 
Fig. 12. SNMPC based on the pseudo-EKF when the sudden change occurs in 
the voltage reference (Real-time simulation). 
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