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Abstract. In practical Battery–Supercapacitor Hybrid Power Source (Batt-SC HPS) applications for Electric Vehicles (EVs), parameter variations and 
actuator input constraints are unavoidable due to changing operating conditions, temperature effects, and physical limitations of power converters 
and switching devices. These conditions may degrade control performance and potentially lead to closed-loop instability. This paper proposes a 
control synthesis for a Batt-SC HPS system that guarantees closed-loop stability in the presence of parameter variations and input saturations. A 
polytopic linear parameter-varying (LPV) model is employed to represent parameter variations in the linearized system around its equilibrium point. 
Based on this model, a full state-feedback controller is synthesized using simultaneous linear matrix inequalities (LMIs) as sufficient conditions for 
robust stability across all system vertices. The formulated LMIs incorporate a common quadratic Lyapunov function, L2-gain performance, and sector 
nonlinearity to explicitly handle control input saturations. Numerical validation is performed under internal resistance variation scenarios using an 
LMI solver. Closed-loop simulation results show that the proposed controller reduces the battery current RMSE by 70.8% and the DC bus voltage 
RMSE by 87.4% compared with a conventional PID controller. In comparison with a nominal LTI controller, additional RMSE reductions of 38.31% 
for battery current and 2.82% for DC bus voltage are achieved. Moreover, the proposed controller maintains comparable energy consumption 
characteristics, with total energy differences of only 0.22% and 0.11% relative to the PID and LTI controllers. These results demonstrate the potential 
of the proposed controller for robust stabilization of Batt-SC HPS systems in EV applications. 
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1. Introduction 

According to the International Energy Agency (IEA), more than 
58 million Electric Vehicles (EVs) were operating worldwide in 
2024, representing an increase of nearly 60% compared with the 
previous year (IEA, 2025). As the primary energy source for 
EVs, battery technology faces significant challenges in meeting 
relatively high and rapidly changing load-current demands. 
Such requirements are closely linked to the stop-and-go driving 
patterns characteristic of city traffic.  

Currently, lithium-based batteries are considered the most 
suitable energy source for electric vehicles, offering efficiencies 
of approximately 80–95% (Lemian & Bode, 2022). Although 
lithium batteries remain the preferred choice for EV systems, 
their limited ability to handle high and rapidly changing currents 
can potentially degrade both their lifespan and performance 
(Vukajlović et al., 2020).  To accurately meet the load-current 
demands of EVs, an effective approach—beyond advancements 
in battery technology—is to supplement the power source with 
supercapacitors. Unlike batteries, supercapacitors possess a 
much higher power density, enabling them to deliver relatively 
high and rapidly changing currents. Furthermore, 
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supercapacitors offer faster charge and discharge times 
compared to batteries, making them well-suited for handling 
peak current demands and supporting regenerative braking 
mechanisms (Itani et al., 2016; Naseri et al., 2017). Owing to their 
complementary characteristics, integrating batteries and 
supercapacitors as a hybrid power source (Batt–SC HPS) in EVs 
can enhance performance under diverse loading conditions. 
However, several factors must be addressed for its widespread 
adoption, including the relatively low energy density of 
supercapacitors, production costs, and infrastructure readiness 
(Huang et al., 2019). Nevertheless, one study reported that 
employing Batt–SC technology as a hybrid power source in 
electric vehicles can achieve cost savings of approximately 12% 
compared to battery-only configurations (Song et al., 2018). This 
finding highlights the significant potential of Batt–SC systems 
for future development and deployment, owing to their 
complementary power and energy characteristics.  

Research on Batt–SC HPS technology continues to be an 
active and evolving field. Two major issues remain the focus of 
ongoing studies: dynamic modeling approaches and control 
strategies. Based on a comprehensive review, the dynamic 
model of a Batt–SC HPS typically comprises five state variables, 
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three controlled outputs, and two input signals (Al Tahtawi et al., 
2025a). Two modeling approaches have been proposed to 
represent Batt–SC HPS dynamics, including nonlinear models 
(Golchoubian & Azad, 2017; Mossadak et al., 2024; Song et al., 
2017; Xu et al., 2019) and a linearized model around the 
equilibrium point (Jung et al., 2014; Zhao et al., 2025; Zhong et 
al., 2021). In addition to accurate modeling, Batt–SC HPS 
system must be governed by control strategies. Generally, two 
levels of control are employed in HPS configurations: high-level 
control (HLC), also referred to as the energy management 
system (EMS), and low-level control (LLC). The purpose of the 
HLC is to generate reference currents for each power source 
based on load conditions. This method is generally divided into 
four categories: rule-based (Khan et al., 2018; Saw et al., 2019; 
Zand et al., 2020; Zheng et al., 2017), filter-based (Maghfiroh et 
al., 2024; Syahbana & Trilaksono, 2019), optimization-based 
(Abdelkader et al., 2018; Amin et al., 2014; Dao et al., 2021), and 
learning-based (Abdelhedi et al., 2018; Bourenane et al., 2023; 
Udeogu & Lim, 2022). The selection among these approaches 
typically depends on system requirements such as control 
precision, adaptability to varying load conditions, and real-time 
implementation capability. However, some strategies—
particularly optimization- and learning-based methods—can 
impose higher computational burdens, which may limit their 
practicality for embedded vehicle controllers or applications 
with strict real-time constraints. In contrast to HLC, the LLC is 
responsible for accurately tracking the reference currents 
generated by the HLC and regulating the DC bus voltage. LLC 
directly manages the dynamic behavior of the Batt-SC HPS 
system and its associated converters, ensuring fast response 
and stability under rapid load changes.  In general, three main 
control approaches can be applied: classical control, optimal 
control, and robust control. Classical control includes methods 
such as proportional–integral (PI) control (Suthar et al., 2024) 
and hysteresis control (Amin et al., 2014). Optimal control 
encompasses techniques like linear quadratic control (Sadeq & 
Wai, 2020), model predictive control (MPC) (Syahbana & 
Trilaksono, 2019), and linear matrix inequality (LMI)-based 
optimization (Jung et al., 2014; Zhong et al., 2021). Meanwhile, 
robust control comprises strategies such as 𝐻∞ control (Bai et 

al., 2019), L2-gain control (X. Zhang et al., 2021), backstepping 
control (Mossadak et al., 2024), and sliding mode control (SMC) 
(Islam et al., 2021; Xu et al., 2019).  

In practical operation, parameter variations in Batt–SC HPS 
system can occur due to several factors, including temperature 
fluctuations, component degradation, and load changes during 
vehicle operation. Parameters such as the internal resistance of 
the Batt–SC, the inductor resistance in the converter, and 
operating point variation may change over time, ultimately 
affecting control performance and system stability. Such 
variations can lead to discrepancies between the model used for 
controller design and the actual operating conditions. 
Therefore, mathematical modeling and control strategies that 
explicitly account for possible parameter variations in Batt–SC 
HPS must be properly addressed. In practical applications, the 
internal characteristics of the battery, supercapacitor, and its 
DC-DC converter can change over time due to aging, 
temperature fluctuations, and operating conditions. These 
variations directly affect the current–voltage response of the 
system and may lead to degraded performance or even 
instability if not considered in the control design. When 
considering parameter variations, both levels of control can be 
designed using a linear parameter-varying (LPV) control 
framework. At the HLC level, study (Larijani et al., 2024) 
proposed an MPC for Batt–SC HPS based on an LPV model. 
This MPC-based EMS was developed by accounting for 
variations in Batt–SC voltages and their respective states of 
charge (SoC). However, for the LLC level, to the best of our 
knowledge, no prior studies have explicitly developed an LPV 
model for the Batt–SC HPS system nor formulated a 
corresponding control strategy capable of handling such 
variations.  To address these challenges, the LPV framework 
can be employed, providing a systematic approach to represent 
nonlinear dynamics as linear systems with parameters varying 
within a known bounded set. Among LPV models, the 
polytopic-LPV representation stands out for its simplicity and 
suitability for controller synthesis using convex optimization 
techniques (Apkarian et al., 1995).  

Table 1  
Comparison of the LLC-based control strategy for the Batt-SC HPS in the literature and the proposed controller in this work 

Control strategies 

Characteristics 

References Dynamic 
model 

Stability 
guarantee 

L2-gain 
performance 

Control input 
constraints  

PI controller LTI - - - 
(Jia et al., 2023; Larijani et al., 

2024)  

Hysteresis control LTI - - - (Amin et al., 2014) 

LQR NTI V - - 
(Aini et al., 2023; Sadeq & Wai, 

2020) 

MPC NTI V - - 
(Syahbana & Trilaksono, 2019; Q. 

Zhang et al., 2017) 

LMI-based SF LTI V V V (Jung et al., 2014) 

H
∞
 controller LTI V - - (Bai et al., 2019) 

L2-gain passivity-based 

control 
NTI V V - 

(X. Zhang et al., 2021) 

Back-stepping controller NTI V - - 
(Mossadak et al., 2024; Siffat et al., 

2020) 

Sliding mode control 

(SMC) 
NTI V - - 

(Ahmad et al., 2024; Islam et al., 

2021; Song et al., 2017; Suthar et 

al., 2024; Xu et al., 2019; X. Zhang 

et al., 2023) 

Robust MIMO LQR LTI V - - (Zhao et al., 2025) 

Polytopic LMI-based SF  LPV V V V This work 

NTI= Nonlinear Time-Invariant; LTI= Linear Time-Invariant; LPV= Linear Parameter-Varying 
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In addition to addressing parameter variations, it is also 
necessary to consider the input constraints inherent in the Batt-
SC HPS. This system relies on duty cycles, bounded between 
0% and around 80%, to regulate the current flowing through the 
DC–DC boost converters on both the battery and 
supercapacitor sides. From the previously conducted stability 
analysis, it was observed that operating at or near a 100% duty 
cycle should be avoided, as this condition indicates a tendency 
for the system to lose stability (Al Tahtawi et al., 2025b). 
Moreover, constraining the duty cycle is also important from an 
efficiency point of view. Practical DC–DC converters often 
exhibit optimal energy-conversion efficiency within a specific 
duty-cycle range, rather than at extreme values. Therefore, 
explicitly incorporating input constraints—particularly the 
allowable duty-cycle range—into the controller design is 
essential. This ensures not only the preservation of stability 
under various operating conditions but also the enhancement of 
efficiency and reliability of the Batt-SC HPS system. 

 
Based on a literature review, Table 1 summarizes a 

comparative analysis of control strategies for the Batt–SC HPS, 
with emphasis on the adopted dynamic modeling approaches, 
stability guarantees, L2-gain performance, and control input 
constraints, as well as the research gap addressed by this work. 
To the best of the authors’ knowledge, there has been no 
published work that explicitly models the Batt–SC HPS by 
considering parameter variations and simultaneously develops 
its LMI-based controller synthesis incorporating input 
constraints. Thus, the main contributions of this paper are 
summarized as follows: 
• Development of a polytopic-LPV model for the Batt–SC HPS 

system, explicitly accounting for possible parameter 
variations. 

• Synthesis of state-feedback control based on a set of 
simultaneous LMIs as a sufficient condition for the stability 
of the closed-loop Batt-SC HPS system, capable of 
guaranteeing Lyapunov quadratic stability and satisfying the 
L2-gain performance in the presence of parameter 
variations, while explicitly incorporating input constraints. 
The rest of this paper is organized as follows.  Section 2 

presents the nonlinear Batt–SC HPS model, including the 
derivation of its equilibrium points, open-loop stability analysis, 
and linearized model. Section 3 describes the proposed control 
strategy, with particular emphasis on the synthesis of the state-
feedback controller based on LMIs. Section 4 presents the 
numerical validation, simulation results, closed-loop stability 
analysis, and corresponding discussions. Finally, Section 5 

concludes the paper and summarizes the main findings of this 
work. 

 
2. System Model 

2.1 Batt-SC HPS Nonlinear Model 

The dynamic model of the Batt–SC HPS in fully active topology, 
shown schematically in Fig. 1, can be directly derived via 
Kirchhoff's laws. In a compact form, its dynamic equations can 
be formed into a nonlinear model expressed as 

𝑥̇(𝑡) = 𝒜𝑥(𝑡) + ℬ(𝑢, 𝑡)𝑥(𝑡) + Γ𝑤(𝑡) + Ω     (1) 

with 𝑥(𝑡) ∈ ℝ5 denotes state variable including battery voltage 
𝑉𝑏, SC voltage 𝑉𝑠𝑐 , battery current 𝑖𝑏, SC current 𝑖𝑠𝑐, and DC bus 
voltage 𝑉𝑏𝑢𝑠,  𝑢(𝑡) ∈ ℝ

2 denotes control signal in the form of 
duty cycle 𝑑1 and 𝑑3 for each bidirectional DC-DC boost 
converter, and 𝑥(𝑡) ∈ 𝑤(𝑡) ∈ ℝ represents load current 𝑖𝐿 as 
disturbance vector. The system matrices 𝒜, ℬ(𝑢, 𝑡), Γ, and Ω 
are then defined as follows 

𝒜 =

[
 
 
 
 
 
 
 
 −

1

𝑅𝑏𝐶𝑏
0 −

1

𝐶𝑏
0 0

0 −
1

𝑅𝑠𝑐𝐶𝑠𝑐
0 −

1

𝐶𝑠𝑐
0𝐴

1

𝐿1
0 −

(𝑅𝐿1+𝑅𝑂𝑁2)

𝐿1
0 −

1

𝐿1

0
1

𝐿2
0 −

(𝑅𝐿2+𝑅𝑂𝑁4)

𝐿2
−

1

𝐿2

0 0
1

𝐶𝑏𝑢𝑠

1

𝐶𝑏𝑢𝑠
0 ]
 
 
 
 
 
 
 
 

 , 

ℬ(𝑢, 𝑡) =

[
 
 
 
 
 
 
0 0 0 0 0
0 0 0 0 0

0 0 0 0
1

𝐿1
𝑢1

0 0 0 0
1

𝐿2
𝑢2

0 0 −
1

𝐶𝑏𝑢𝑠
𝑢1 −

1

𝐶𝑏𝑢𝑠
𝑢2 0 ]

 
 
 
 
 
 

 , 

Γ = [0 0 0 0 −
1

𝐶𝑏𝑢𝑠
]
𝑇

,  Ω = [
𝑉𝑜𝑐,𝑏

𝑅𝑏𝐶𝑏

𝑉𝑜𝑐,𝑠𝑐

𝑅𝑠𝑐𝐶𝑠𝑐
0 0 0]

𝑇

 

with 𝑅𝑏, 𝐶𝑏, and 𝑉𝑜𝑐,𝑏 respectively are battery internal 

resistance, battery capacitance, and battery open-circuit 
voltage, 𝑅𝑠𝑐, 𝐶𝑠𝑐, and 𝑉𝑜𝑐,𝑠𝑐 respectively are supercapacitor 

internal resistance, supercapacitor capacitance, and 

 
Fig. 1 Equivalent circuit model of Batt-SC HPS system with parallel bidirectional DC-DC boost converters. The blue parts represent system inputs 
in the form of duty cycles, and the red fonts are the system variables 
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supercapacitor open-circuit voltage, 𝐿1 and 𝐿2 are inductance in 
each buck converter, 𝑅𝐿1 and  𝑅𝐿2 are resistance on each 
inductor, 𝑅𝑂𝑁2 and 𝑅𝑂𝑁4 are switching resistance on 𝑀1/𝑀2 and 
𝑀3/𝑀4, and 𝐶𝑏𝑢𝑠 is capacitance in DC bus. 

As can be seen, the Batt–SC HPS model in (1) exhibits 
nonlinear characteristics due to the multiplicative interaction 
between the states and the control inputs in ℬ(𝑢, 𝑡). 
Accordingly, for control design purposes, the model can be 
linearized around a selected operating point. In this context, the 
operating point is also referred to as an equilibrium point. 

Remark 1: The dynamic model of the Batt–SC HPS in (1) was 
originally formulated as a sixth-order system, including the 
open-circuit voltage of the supercapacitor 𝑉𝑜𝑐,𝑠𝑐 as a state 

variable. However, when addressing stabilization or tracking 
problems, it is necessary to define a valid equilibrium point (i.e., 
a point where the system can remain for a certain period of 
time). For control design, the controller for the fifth-order 
system remains valid for the sixth-order model over a 
sufficiently long time horizon. This is because variations in the 
𝑉𝑜𝑐,𝑠𝑐  occur much more slowly compared to the transient 

response of the other state variables.  

2.2 Batt-SC HPS Equilibrium Point 

In the Batt-SC HPS system, the equilibrium point represents the 
steady-state operating condition at which all state variables 
remain constant in the absence of external disturbances and 
reference variations. The equilibrium point serves as a nominal 
operating condition around which the nonlinear system 
dynamics can be linearized, enabling the application of linear or 
LPV-based control design techniques. To obtain the equilibrium 
point as the operating point of the system, two approaches can 
be employed: forward computation and inverse computation, as 
illustrated in Fig. 2.  

In the forward computation method, the duty cycle is first 
selected as 𝑢∗  =  [𝑢1

∗  𝑢2
∗]𝑇  =  [𝑑1

∗  𝑑3
∗]𝑇 and the load current 𝑖𝐿

∗ 
is also specified as the desired operating point. With these 
values, the nonlinear model in (1) can be rewritten as follows 

𝑥̇(𝑡) = (𝒜 + ℬ)𝑥(𝑡) + Φ           (2) 

with (𝒜 + ℬ) and Φ = Γ +𝑤∗Ω represent the new constant 
matrix and vector determined by the chosen operating points  
𝑢1
∗, 𝑢2

∗ , and 𝑖𝐿
∗. For a given operating point, the equilibrium 

condition is obtained by setting 𝑥̇(𝑡) = 0. Consequently, the 
equilibrium point of state variables 𝑥∗ can be calculated. The 
steady-state value 𝑥∗ is then used as the operating point to 
derive the linearized system model around the equilibrium. The 
controlled variable can subsequently be determined as 𝑦∗ =
𝒞𝑥∗, which represents the steady-state condition at which the 
controller operates. As noted in (Jung et al., 2014) and (Zhong 
et al., 2021), this procedure is referred to as converting a 
tracking problem into a stabilization problem. Nevertheless, 
tracking can still be performed, but only relative to the selected 
operating point.  

Conversely, the equilibrium point can also be determined 
based on the desired values of the controlled outputs using an 
inverse computation approach. In this method, the steady-state 
values of the controlled variables are first specified, for example 
𝑦∗ = [𝑥3

∗  𝑥5
∗]𝑇  =  [𝑖𝑏

∗   𝑉𝑏𝑢𝑠
∗ ]𝑇 along with 𝑖𝐿

∗. Using this operating 
point, the duty cycles can then be obtained by solving the 
following set of algebraic equations 

{
 
 

 
 
𝑉𝑜𝑐,𝑏 − 𝑥1

∗ − 𝑅𝑏𝑥3
∗ = 0

𝑉𝑜𝑐,𝑠𝑐 − 𝑥2
∗ − 𝑅𝑠𝑐𝑥4

∗ = 0

𝑥1
∗ − (𝑅𝐿1 + 𝑅𝑂𝑁2)𝑥3

∗ − (1 − 𝑢1
∗)𝑥5

∗ = 0

𝑥2
∗ − (𝑅𝐿2 + 𝑅𝑂𝑁4)𝑥4

∗ − (1 − 𝑢2
∗)𝑥5

∗ = 0

(1 − 𝑢1
∗)𝑥3

∗ + (1 − 𝑢2
∗)𝑥4

∗ − 𝑖𝐿
∗ = 0

  (3) 

This equation (3) represents a simplified form of the 
nonlinear Batt–SC HPS model in (1) evaluated at steady state, 
i.e., when 𝑥̇(𝑡) = 0. However, applying this approach requires 
slightly more involved mathematical manipulation compared 
with the forward method in. This is due to the presence of 
several unknown variables, such as 𝑥1

∗, 𝑥2
∗, and 𝑥4

∗, which 
necessitate repeated linear substitutions and solving quadratic 
expressions. The advantage of this method is that the desired 
operating specifications of the system can be explicitly 
prescribed, and the resulting control inputs will naturally 
operate around the computed 𝑢∗. 

2.3 Batt-SC HPS Stability  

The stability of the Batt–SC HPS system can be analyzed using 
a polytopic modeling approach. As shown in (1), the presence 
of the input variable 𝑢(𝑡) in the matrix ℬ allows the 
characterization of all possible system dynamics with respect to 
variations in the input 𝑢(𝑡). Furthermore, a sufficient condition 
for the open-loop stability of the Batt–SC HPS can be expressed 
in the form of an LMI, as stated in Proposition 1. 
 
Proposition 1 (Batt-SC HPS open-loop stability): If there exists a 
positive definite matrix 𝑃 = 𝑃𝑇 > 0 and a positive L2-gain 
constant 𝛾 > 0  such that 

[
𝒜𝑝𝑜𝑙𝑦
(𝑚,𝑛)𝑇

𝑃 + 𝑃𝒜𝑝𝑜𝑙𝑦
(𝑚,𝑛)

∗ ∗

Γ𝑇𝑃 −𝛾𝐼 ∗
𝒞 0 −𝛾𝐼

] < 0  (4) 

for 𝑚 = 1, 2, … ,𝑀; 𝑛 = 1, 2, … , 𝑁; (𝑚, 𝑛) ≠ (𝑀,𝑁), the Batt-SC 
HPS open-loop system (1) is stable for all duty cycle input 
combinations. 

Proof: See (Al Tahtawi et al., 2025b). 

The simultaneous LMIs in (4) can be computed by assigning 
the system dynamic parameters to the matrices 𝒜 and Γ, and 
by defining the matrix 𝒞 to represent the outputs 𝑖𝑏 and 𝑉𝑏𝑢𝑠. 

The matrix 𝒜𝑝𝑜𝑙𝑦
(𝑚,𝑛)

 denotes the polytopic representation of the 

system matrix 𝒜 + ℬ(𝑢), which captures all possible system 
dynamics resulting from combinations of the input duty cycle 
𝑢 ∈ [0,1]. Meanwhile, 𝛾 represents the L2-gain constant that 
characterizes the boundedness of the system output in the 
presence of the load current 𝑖𝐿 as an external disturbance. 

A key aspect of the sufficient stability condition is the 

exclusion of the matrix 𝒜𝑝𝑜𝑙𝑦
(𝑚,𝑛)

 corresponding to the case 

(𝑚, 𝑛) = (𝑀,𝑁). This condition represents the extreme input 
combination in which both DC–DC boost converters operate at 
a 100% duty cycle. Including this operating point leads to an 
order reduction of the dynamic model in (1), rendering the LMI 
in (4) infeasible. From a practical perspective, this condition is 
consistent with the inherent characteristics of DC-DC boost 

 

Fig. 2 Methods for equilibrium point computation 
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converters, where operation at a 100% duty cycle results in 
unbounded responses of both 𝑖𝑏 and 𝑉𝑏𝑢𝑠. Consequently, this 
input condition, or values approaching it, must be avoided in 
practical operation (the maximum allowable duty cycle is 
typically around 80%). 

 
2.4 Batt-SC HPS Linearized Model  

For the controller synthesis, the nonlinear model (1) can be 
linearized around its equilibrium point. Let 𝑥̃ = 𝑥 − 𝑥∗, 𝑢̃ = 𝑢 −
𝑢∗, 𝑦̃ = 𝑦 − 𝑦∗, and 𝑤̃ = 𝑤 − 𝑤∗ denote as new variables. The 
linear model with an output can be derived as 

{
𝑥̇̃(𝑡) = 𝐴𝑥̃(𝑡) + 𝐵𝑢̃(𝑡) + Γ𝑤̃(𝑡)

𝑦̃(𝑡) = 𝐶𝑥̃(𝑡)
           (5) 

with  

𝐴 =
𝜕𝑓

𝜕𝑥
(𝑥∗, 𝑢∗) =

[
 
 
 
 
 
 
 
 −

1

𝑅𝑏𝐶𝑏
0 −

1

𝐶𝑏
0 0

0 −
1

𝑅𝑠𝑐𝐶𝑠𝑐
0 −

1

𝐶𝑠𝑐
0

1

𝐿1
0 −

(𝑅𝐿1+𝑅𝑂𝑁2)

𝐿1
0 −

1

𝐿1
(1 − 𝑢1

∗)

0
1

𝐿2
0 −

(𝑅𝐿2+𝑅𝑂𝑁4)

𝐿2
−

1

𝐿2
(1 − 𝑢2

∗)

0 0
1

𝐶𝑏𝑢𝑠
(1 − 𝑢1

∗)
1

𝐶𝑏𝑢𝑠
(1 − 𝑢2

∗) 0 ]
 
 
 
 
 
 
 
 

 , 

𝐵 =
𝜕𝑓

𝜕𝑢
(𝑥∗, 𝑢∗) = [

0 0
1

𝐿1
𝑥5
∗ 0 −

1

𝐶𝑏𝑢𝑠
𝑥3
∗

0 0 0
1

𝐿2
𝑥5
∗ −

1

𝐶𝑏𝑢𝑠
𝑥4
∗
],  

𝐶 = [
0 0 1 0 0
0 0 0 0 1

]  

 
Since the system involves a non-zero setpoint, an additional 

state variable is introduced to represent the integral of the 
tracking error, defined as follows 

𝑥̃𝑒(𝑡) = ∫(𝑟̃(𝑡) − 𝑦̃(𝑡))  𝑑𝑡 = ∫(𝑟̃(𝑡) − 𝐶𝑥̃(𝑡)) 𝑑𝑡       (5) 

Furthermore, the new linear model can be obtained with new 
state variables 

𝜉(𝑡) = [
𝑥̃
𝑥̃𝑒
] = [𝑉̃𝑏 𝑉̃𝑠𝑐 𝑖̃𝑏 𝑖̃𝑠𝑐 𝑉̃𝑏𝑢𝑠 ∫ 𝑒̃𝑖𝑏 ∫ 𝑒̃𝑉𝑏𝑢𝑠]

𝑇
  

and references 

𝑟̃ = [𝑖̃𝑏𝑟𝑒𝑓 𝑉̃𝑏𝑢𝑠𝑟𝑒𝑓]
𝑇
  

as follows 

{
𝜉̇(𝑡) = 𝐴̂𝜉(𝑡) + 𝐵̂𝑢̃(𝑡) + Γ̂𝑤̃(𝑡) + Ψ𝑟̃(𝑡)

𝑦̃(𝑡) = 𝐶̂𝜉(𝑡)
      (6) 

where 𝐴̂ = [
𝐴 05×2
−𝐶 02×2

], 𝐵̂ = [
𝐵
02×2

], 𝐶̂ = [𝐶 02×2], Γ̂ = [
Γ

02×1
], 

and Ψ = [
05×2
𝐼2×2

]. 

Remark 2: The controller designed based on the linearized 
model around the selected equilibrium point guarantees 
stability and performance only locally. It operates when the 
Batt–SC HPS is at the chosen operating point and responds to 
disturbances 𝑤̃(𝑡) or reference tracking commands 𝑟̃(𝑡) in the 
vicinity of that equilibrium.  

2.5 Batt-SC HPS Polytopic Model  

Based on the linearized model (6), the polytopic model of the 
Batt-SC HPS can be expressed by incorporating the time-
varying parameter 𝜃 into the system matrices. Accordingly, we 

obtain the matrices where 𝐴̂(𝜃), 𝐵̂(𝜃), 𝐶̂(𝜃), Γ̂(𝜃), and Ψ(𝜃). 
The vertex models, which represent the extreme points of the 
convex hull, can be defined as 

Λ(𝜃) ∈ ℙ ≔ Co {Λ𝑖 ∶  𝑖 = 1,2,… , 𝑘}  (7) 

or equivalently 

 

Fig. 3 State-feedback control design for the linearized model of the Batt-SC HPS system 

 

 

Fig. 4 Modified generalized plant scheme incorporating deadzone 

nonlinearity 
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Λ(𝜃) = ∑ 𝛼𝑖Λ𝑖
𝑘
𝑖=1        (8) 

with Λ ≔ [𝐴̂ 𝐵̂ Γ̂ Ψ
𝐶̂ 0 0 0

], 𝛼𝑖 ≥ 0, and ∑ 𝛼𝑖 = 1
𝑘
𝑖=1 .  

In the Batt–SC HPS linearized model, only the matrices 𝐴̂, 𝐵̂, 

and Γ̂ contain elements that explicitly depend on the varying 
parameters, and therefore, these matrices exhibit time-varying 
characteristics. If all parameter variations are included in each 
matrix, then the total number of system vertices becomes 𝑘 =
217 = 131,072. The selection of varying parameters may be 
based on design requirements or may refer to sensitivity 
analysis of the system output. In general, the more parameters 
considered as varying, the larger the number of system vertices, 
resulting in higher computational cost in controller synthesis. 

3. Control Synthesis 

The controller is synthesized based on a linearized model 
around the selected equilibrium point, as shown in Fig. 3. The 
objective of this controller is to regulate or track the battery 
current generated by the HLC and also to regulate the DC bus 
voltage at the same time, while ensuring system stability in the 
presence of parameter variations and input saturation. The 
controller is synthesized to guarantee closed-loop stability while 
satisfying L2-gain performance and sector nonlinearity. The 
system vertices are then utilized to formulate the set of 
simultaneous LMIs based on quadratic Lyapunov stability (Boyd 
et al., 1994). The generalized model is employed to facilitate the 
control design process by simplifying the relationships among 
system variables, as illustrated in Fig. 4. In this generalized 
representation, the linearized model of the Batt–SC HPS around 
the equilibrium point can be represented by the vertex model 
𝐺𝑖(𝑠), which is expressed in the form of a transfer function 
matrix 

𝐺𝑖(𝑠) ∶= 𝐶̂𝑖(𝑠𝐼 − 𝐴̂𝑖)
−1
𝐵̂𝑖; 𝑖 = 1, 2,… , 𝑘 (9)  

In this study, the sector nonlinearity technique is selected, 
as it guarantees system stability for all nonlinearities that lie 
within the defined sector. The nonlinearity considered in this 
case is the actuator saturation. Consequently, the control input 
applied to 𝐺𝑖(𝑠) is defined as  

Ξ𝑢̃(𝑡) = {

𝑢̃𝑚𝑎𝑥(𝑡),

𝑢̃(𝑡),

−𝑢̃𝑚𝑖𝑛(𝑡),

  

𝑢̃(𝑡) > 𝑢̃𝑚𝑎𝑥(𝑡)

𝑢̃(𝑡) ∈ [−𝑢̃𝑚𝑖𝑛(𝑡), 𝑢̃𝑚𝑎𝑥(𝑡)]

𝑢̃(𝑡) < −𝑢̃𝑚𝑖𝑛(𝑡)

       (10) 

where Ξ is a diagonal saturation operator. Since the Batt-SC HPS 
system has two control inputs 𝑢̃(𝑡) = [𝑢̃1(𝑡) 𝑢̃2(𝑡)]

𝑇 =
[𝑑̃1(𝑡) 𝑑̃3(𝑡)]

𝑇, the saturation operator can be expressed as 

Ξ ≔ [
𝑠𝑎𝑡1 0
0 𝑠𝑎𝑡2

]   (11) 

where 𝑠𝑎𝑡1 represents the saturation applied to 𝑢̃1(𝑡), and 𝑠𝑎𝑡2 
corresponds to the saturation of 𝑢̃2(𝑡). To enhance the 
convexity in finding a feasible LMI solution, the generalized 
model 𝐺𝑖(𝑠) is modified by reformulating the saturation 
nonlinearity into a deadzone nonlinearity represented by 𝐼 − Ξ. 
By adding the control signal 𝑢̃(𝑡) to the model 𝐺𝑖(𝑠), the 
resulting nonlinearity recovers the saturation form (Mulder et 
al., 2015). For instance, the deadzone function on the control 
signal can be defined as follows 

𝑣̃ ≔ 𝐼𝑢̃ − Ξ(𝑢̃)   (12)  

Consequently, the new generalized model 𝐺̃𝑖(𝑠) involves sector 
nonlinearity in the form of saturation 𝑢̂(𝑡) = 𝑠𝑎𝑡(𝑢̃(𝑡)) with a 
state-feedback control law  

𝑢̃(𝑡) = 𝐾𝜉(𝑡)               (13) 

can be expressed as follows 

{
𝜉̇ = (𝐴̂𝑖 + 𝐵̂𝑖𝐾)𝜉 − 𝐵̂𝑖𝑣̃ + Υ𝑖𝑞̃

𝑧̃ = 𝐶̂𝑧,𝑖𝜉 + 𝐷𝑖𝑞̃
;  𝑖 = 1, 2, . . . , 𝑘         (14) 

with 𝑞̃ = [
𝑤̃
𝑟̃
], 𝑧̃ = [

𝑦̃
𝑒̃
], Υ = [Γ̂ Ψ], 𝐶̂𝑧 = [

𝐶̂
−𝐶̂

], and 𝐷 =

[
02×1 02×2
02×1 𝐼2×2 

].  

Remark 3: The generalized model (14) is then required to be 
open-loop stable (Lur'e problem). 

The state-feedback controller is synthesized to achieve 
three objectives: (1) to stabilize the battery current and the DC 
bus voltage in the presence of load current fluctuation; (2) to 
track the battery current reference while simultaneously 
stabilizing the DC bus voltage under constant load current; and 
(3) to track the battery current and stabilize the DC bus voltage 
during load current variations. These control objectives are 
synthesized based on a common Lyapunov stability framework 
augmented with exponential decay rate 𝜇, L2-gain performance 
criterion, and sector nonlinearities, as follows 

𝜉̇𝑇𝑃𝜉 + 𝜉𝑇𝑃𝜉̇ + 2𝜇𝜉𝑇𝑃𝜉 + 𝛾−1𝑧̃𝑇𝑧̃ − 𝛾𝑞̃𝑇𝑞̃ + 2𝑣̃𝑇𝑊(𝑢̃ − 𝑣̃) < 0     
(15) 

As a result, the controller formulation can be expressed as a 
simultaneous LMI-based minimization problem as follows. 

Proposition 2 (State-feedback controller synthesis): A state-
feedback controller that guarantees the stability of the 
polytopic Batt–SC HPS system for stabilizing, tracking, and 
tracking with stabilizing can be obtained if there exists a 
positive definite matrix 𝑋 = 𝑋𝑇 > 0 that satisfies these 
minimization problems 

min
𝑋,𝑄,𝑊,𝜇

𝛾  s.t. 

[
 
 
 
 
He(𝑋𝐴̂𝑖

𝑇 + 𝐵̂𝑖𝑄) + 2𝜇𝑋 ∗ ∗ ∗

−𝐵̂𝑖
𝑇 + 𝑌 −2𝑊 ∗ ∗

Γ̂𝑖
𝑇 0 −𝛾𝐼 ∗

𝐶̂𝑖𝑋 0 0 −𝛾𝐼]
 
 
 
 

< 0 (16) 

[
 
 
 
 
He(𝑋𝐴̂𝑖

𝑇 + 𝐵̂𝑖𝑄) + 2𝜇𝑋 ∗ ∗ ∗

−𝐵̂𝑖
𝑇 + 𝑌 −2𝑊 ∗ ∗

Ψ𝑖
𝑇 0 −𝛾𝐼 ∗

𝐶̂𝑖𝑋 0 −𝐼 −𝛾𝐼]
 
 
 
 

< 0 (17) 

[
 
 
 
 
He(𝑋𝐴̂𝑖

𝑇 + 𝐵̂𝑖𝑄) + 2𝜇𝑋 ∗ ∗ ∗

−𝐵̂𝑖
𝑇 + 𝑌 −2𝑊 ∗ ∗

Υ𝑖
𝑇 0 −𝛾𝐼 ∗

𝐶̂𝑧,𝑖𝑋 0 𝐷𝑖 −𝛾𝐼]
 
 
 
 

< 0 (18) 

for 𝑖 = 1, 2, … , 𝑘 

Proof: Substituting the closed-loop generalized model (14) into 
inequality (15) yields the following expression for each vertex 

𝜉𝑇𝐴̂𝑖
𝑇𝑃𝜉 + 𝜉𝑇𝐾𝑇𝐵̂𝑖

𝑇𝑃𝜉 − 𝑣̃𝑇𝐵̂𝑖
𝑇𝑃𝜉 + 𝑞̃𝑇Υ𝑖

𝑇𝑃𝜉 + 𝜉𝑇𝑃𝐴̂𝑖𝜉

+ 𝜉𝑇𝑃𝐵̂𝑖𝐾𝜉
𝑇 − 𝜉𝑇𝑃𝐵̂𝑖𝑣̃ + 𝜉

𝑇𝑃Υ𝑖𝑞̃ + 2𝜇𝜉
𝑇𝑃𝜉

+ 𝛾−1𝜉𝑇𝐶̂𝑧,𝑖
𝑇 𝐶̂𝑧,𝑖𝜉 + 2𝛾

−1𝜉𝑇𝐶̂𝑧,𝑖
𝑇 𝐷𝑖𝑞̃

+ 𝛾−1𝑞̃𝑇𝐷𝑖
𝑇𝐷𝑖𝑞̃ − 𝛾𝑞̃

𝑇𝑞̃ + 2𝑣̃𝑇𝑊𝐾𝜉
− 2𝑣̃𝑇𝑊𝑣̃ < 0 

(19) 
For [𝜉 𝑣̃ 𝑞̃]𝑇 ≠ 0, the inequality (19) can be written in the 
following LMI form 
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[

He(𝐴̂𝑖
𝑇𝑃 + 𝐾𝑇𝐵̂𝑖

𝑇𝑃) + 2𝜇𝑃 + 𝛾−1𝐶̂𝑧,𝑖
𝑇 𝐶̂𝑧,𝑖 ∗ ∗

−𝐵̂𝑖
𝑇𝑃 +𝑊𝐾 −2𝑊 ∗

Υ𝑇𝑃 + 𝛾−1𝐶̂𝑧,𝑖
𝑇 𝐷𝑖 0 𝛾−1𝐷𝑖

𝑇𝐷𝑖 − 𝛾𝐼

] < 0 

(20) 
Let us define a new variable 

𝜀 = [

𝛾−1𝐶̂𝑧,𝑖
𝑇 𝐶̂𝑧,𝑖 ∗ ∗

0 0 ∗
𝛾−1𝐶̂𝑧,𝑖

𝑇 𝐷𝑖 0 𝛾−1𝐷𝑖
𝑇𝐷𝑖 − 𝛾𝐼

]   (21) 

which can be expressed as  

𝜀 = [
0 ∗ ∗
0 0 ∗
0 0 −𝛾𝐼

] + [
𝐶̂𝑧,𝑖
𝑇

0
𝐷𝑖
𝑇
] (𝛾𝐼)−1[𝐶̂𝑧,𝑖 0 𝐷𝑖]        (22) 

Therefore, the LMI (20) can be reformulated as follows 

[

He(𝐴̂𝑖
𝑇𝑃 + 𝐾𝑇𝐵̂𝑖

𝑇𝑃) + 2𝜇𝑃 ∗ ∗

−𝐵̂𝑖
𝑇𝑃 +𝑊𝐾 −2𝑊 ∗

Υ𝑇𝑃 0 0

] + 𝜀 < 0        (23) 

By applying Schur complement, defining 𝑋 = 𝑃−1, 𝑄 = 𝐾𝑋, and 
𝑌 = 𝑊𝑄, also performing a pre- and post-multiplications with 
diag (𝑋, 𝐼, 𝐼, 𝐼), the LMI (18) is established. LMIs (16) and (17) 
can also be derived by decomposing the vectors 𝑞̃ and 𝑧̃ 
according to the L2-gain criteria for stabilization (𝑞̃ = 𝑤̃, 𝑧̃ = 𝑦̃) 
and tracking (𝑞̃ = 𝑟̃, 𝑧̃ = 𝑒̃). The proof is completed. 
 

4.   Numerical Simulation Result 

As an example, consider that parameter variations arise from 
changes in internal resistance due to temperature fluctuations 
during operation. The variation of internal resistance is selected 
as a case study because it represents one of the most significant 
and practical sources of parameter uncertainty in Batt-SC HPS 
systems, particularly due to temperature changes, aging effects, 
and varying operating conditions. In the linear dynamic model 
(6), four resistances are assumed to vary, denoted by ∆𝑅𝑏, ∆𝑅𝑠𝑐 , 
∆𝑅𝐷𝐶1, and ∆𝑅𝐷𝐶2. Here, ∆𝑅𝑏 and ∆𝑅𝑠𝑐 represent variations in 
the internal resistances of the battery and supercapacitor, 
respectively, while ∆𝑅𝐷𝐶1 and ∆𝑅𝐷𝐶2 denote variations in the 
internal resistances of each DC-DC converter, including 
inductor and switching resistances. Since in the model (6) the 
values of 𝑅𝑏 and 𝑅𝑠𝑐 appear inversely in the parameter-varying 
matrix 𝐴̂, the internal conductances of the Batt-SC system are 
defined as 𝐺𝑏 = 1 𝑅𝑏⁄  and 𝐺𝑠𝑐 = 1 𝑅𝑠𝑐⁄ . Because four 
parameters vary with time, the number of 𝐴̂-matrix vertices 
becomes 𝑘 = 24 = 16, which can be written as  

𝐴̂(𝜃) = Co {𝐴̂1, 𝐴̂2, … , 𝐴̂16} = ∑ 𝛼𝑖𝐴̂𝑖
16
𝑖=1   (24) 

where each vertex corresponds to the extreme values 
(minimum/maximum) of the internal resistances. The convex 
weights can be computed using linear interpolation as follows 

𝛼𝑖 = ∏ (1 − 𝜃𝑗)
(𝑖)
;4

𝑗=1  𝑖 = 1, 2,… , 16              (25) 

Let 𝛽𝑗 = [𝛽1 𝛽2 𝛽3 𝛽4] denote the vector of varying 

parameters, where each 𝛽𝑗  represents 𝐺𝑏 , 𝐺𝑠𝑐 , 𝑅𝐷𝐶1, and 𝑅𝐷𝐶2. 

The normalized weights associated with the system vertices can 
be calculated as follows 

𝜃𝑗 =
𝛽𝑗−𝛽𝑗

𝑚𝑖𝑛

𝛽𝑗
𝑚𝑎𝑥−𝛽𝑗

𝑚𝑖𝑛 ; 𝑖 = 1, 2, 3, 4       (26) 

The time-varying parameters 𝜃(𝑡) are therefore constrained to 
the interval [0,1] by 𝜃𝑗  and are used to represent the convex 

combination of vertex systems in the polytopic-LPV model of 
the Batt-SC HPS. This formulation can also be conducted under 
various other parameter variation scenarios. 

Numerical validation is performed to determine the 
feasibility of the solution of the simultaneous LMI formulations 
presented in Proposition 2. The LMI computations are 
performed using the LMI solver 'mincx' available in MATLAB. 
To further validate the LMI computation results, closed-loop 
simulations are also conducted for each control scheme. The 
evaluation is performed by applying the controller gain matrix 
𝐾 obtained from each LMI to several system vertices. Due to the 
large number of vertices, the closed-loop simulations are 
conducted on vertex 1, vertex 16, and on parameter values 
located between these vertices. The parameters of the Batt-SC 
HPS system for a load scale of approximately 1 kW are 
presented in Table 2. 

For controller computation, the parameter variations are 
defined as 2℧ < 𝐺𝑏 < 10℧, 20℧ < 𝐺𝑠𝑐 < 100℧, 0.1℧ < 𝑅𝐷𝐶1 <
0.5℧, and 0.1℧ < 𝑅𝐷𝐶2 < 0.5℧. Vertex 1 represents the Batt-SC 
HPS model when all parameters are at their minimum values, 
while vertex 16 corresponds to the model when the parameters 
reach their maximum values. Meanwhile, the parameter values 
selected between these two vertices correspond to the nominal 
values listed in Table 2. Before conducting the numerical 
validation and simulation, the system's operating point at which 
the controller will function must first be determined. For 
simplicity, the operating point is selected based on the forward 
computation method with 𝑢∗ = [𝑢1

∗ 𝑢2
∗]𝑇 =  [𝑑1

∗ 𝑑3
∗]𝑇 =

[0.5 0.5]𝑇 and the load current 𝑖𝐿
∗ = 10𝐴. The selection of the 

operating point can be adjusted according to system 
requirements, as long as the duty cycle remains within the 
allowable range. It is worth noting that the closer the operating 
duty cycle is to its minimum or maximum limit, the more the 
system can be regarded as operating under extreme conditions. 

Based on the chosen operating point, the system output 
equilibrium point is obtained 𝑦∗ = [𝑖𝑏

∗ 𝑉𝑏𝑢𝑠
∗ ]𝑇 =

[7.4606 90.6582]𝑇. This equilibrium point is then used as the 
operating point at which the linear control of the system is 
operated. The obtained state-feedback gain 𝐾, derived from the 
LMIs (16), (17), and (18) with 𝜇 = 10, along with the 
corresponding values of 𝑊 and 𝛾, are presented as follows 

Controller 1 stabilization scheme: 

𝐾 = 103

[
 
 
 
 
 
 
−0.0961 −0.0563
0.0004 0.0002

−1.3241 −0.6727
−1.8354 −0.9938
−0.1735 −0.0716
−6.5497 −4.2199
5.8841 2.9062]

 
 
 
 
 
 
𝑇

, 𝑊 = diag(115.0608),  

𝛾 = 7.9882 

Controller 2 tracking scheme: 

𝐾 = 104

[
 
 
 
 
 
 
−0.0075 −0.0118
0.0000  0.0000

−0.1899 −0.2508
−0.2585 −0.3700
−0.0102 −0.0074
−1.7757 −3.0941
0.7762 1.0731]

 
 
 
 
 
 
𝑇

, 𝑊 = diag(61.6888), 

 𝛾 = 2.8800 

Controller 3 tracking with stabilization scheme: 
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𝐾 = 104

[
 
 
 
 
 
 
−0.0140 −0.0083
0.0001 0.0000

−0.1930 −0.1024
−0.2719 −0.1514
−0.0304 −0.0144
−1.0502 −0.6695
1.0129 0.5289]

 
 
 
 
 
 
𝑇

, 𝑊 = diag(106.3309), 

 𝛾 = 9.3937 

 
The computational complexity of the proposed LMI 

optimization increases with the number of polytopic vertices; 
however, since the controller synthesis is performed offline, the 
resulting computational burden does not affect the real-time 
implementation of the proposed control strategy. The designed 
controller operates on the linearized model when the system is 
active and at its equilibrium point, as described in Remark 2. 
The load current profile for system testing, considered as the 
disturbance as well as the deviation from the equilibrium point, 
is shown in Fig. 5. The disturbance profile is designed as a 
combination of pulse and ramp signals with an amplitude of 
±10𝐴. This profile represents an instantaneous current demand 
experienced by the Batt-SC HPS when operating at its 
equilibrium point. Other load current profiles can also be 
applied, such as those derived from the standard EUDC, NEDC, 
or WLTP speed profiles.   

4.1 Simulation Result for Stabilization Scheme 

In control scheme 1, the closed-loop system test is carried out 
to stabilize the system output while minimizing the performance 
constant 𝛾. The controller gain is then applied to the closed-loop 
system to minimize the effect of the load current fluctuation as 
a disturbance on the system output at its equilibrium point when 
𝑟̃(𝑡) = 0. The control input in the form of a duty cycle is then 
constrained to 𝑢(𝑡) ∈ [0,0.8]. Then, the resulting output 
response of the actual system is presented in Fig. 6(a), and the 
resulting control signal is shown in Fig. 7(a). The test results 

indicate that the controller is capable of stabilizing the closed-
loop system when subjected to system vertices and load current 
disturbance at the equilibrium point. The battery current and 
DC bus voltage are able to return to their operating points, 
although there is a high overshoot up to 287.66%. These 
responses are observed for vertex 1, vertex 16, as well as for 
parameters between the vertices (current sys). The large 
overshoot observed in the stabilization scheme mainly occurs 
during the initial transient response due to the significant 
difference between the initial condition and the equilibrium 
point used for stabilization. In this work, the stabilization 
scenario is primarily intended to evaluate the feasibility and 
robustness of the proposed controller under parameter 
variations and input saturation constraints rather than to 
represent a practical EV operating condition. Although the 
percentage overshoot appears high, the system response 
remains bounded and rapidly converges to the desired 
equilibrium point without violating the actuator saturation 
limits. Therefore, the transient behavior does not compromise 
the closed-loop stability of the system. The performance of the 
resulting response also depends on the selection of the 
parameter 𝜇 in the LMI. A smaller value 𝑜𝑓 𝜇 leads to a smaller 
overshoot, but results in a slower transient response toward the 
equilibrium point. Conversely, increasing 𝜇 accelerates the 
transient response by shifting the dominant closed-loop poles 
further into the left-half complex plane, at the expense of 
increased overshoot and higher control effort. Therefore, the 
choice of 𝜇 represents a trade-off between transient speed, 
damping characteristics, and control signal magnitude. For 
completeness, the supercapacitor current is also presented. It 
can be seen that the supercapacitor responds to the load current 
demand while the battery current is maintained at its operating 
point. This response indicates that the hybridization of the 
power sources behaves as expected.  

For the control signal, it can be observed that a significant 
overshoot occurs when the disturbance takes place. This 
happens because the controller gain obtained from the LMI 
formulation accounts for the minimization of 𝛾, resulting in 

Table 2  
Batt-SC HPS nominal parameter for simulation 

Parameters Values Units 

Batt-SC initial voltage (𝑉𝑜𝑐,𝑏 = 𝑉𝑜𝑐,𝑠𝑐) 

Battery internal resistance (𝑅𝑏) 
SC internal resistance (𝑅𝑠𝑐) 
Battery filter capacitance (𝐶𝑏) 
SC filter capacitance (𝐶𝑠𝑐) 
Battery-side inductor (𝐿1) 
SC-side inductor (𝐿2) 
L1 resistance (𝑅𝐿1) 
L2 resistance (𝑅𝐿2) 
Switching resistance (𝑅𝑂𝑁) 
Capacitor bus (𝐶𝑏𝑢𝑠) 

48 

0.237 

0.012 

10 

400 

40 

36 

0.2 

0.16 

0.021 

1  

𝑉 

𝑂ℎ𝑚 

𝑂ℎ𝑚 

𝑚𝐹 

𝑢𝐹 

𝑚𝐻 

𝑚𝐻 

𝑂ℎ𝑚 

𝑂ℎ𝑚 

𝑂ℎ𝑚 

𝑚𝐹 

 

 

 

Fig. 5 Load current profile for system testing 
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larger control signals. The largest control signal surge occurs at 
vertex 16, even though it does not exceed the specified 
saturation limits 𝑢(𝑡) ∈ [0,0.8]. This condition represents the 
extreme operating point of the closed-loop system in handling 
disturbances. 

4.2 Simulation Result for Tracking Scheme  

The control scheme 2 is synthesized to minimize 𝛾, thereby 
ensuring tracking capability. The system output responses for 
𝑟̃(𝑡), where the battery current reference varies by ±10𝐴 
around the equilibrium point and the DC bus voltage reference 
is set to zero or at the operating point, are shown in Fig. 6(b). 
The results indicate that the battery current is able to track the 
reference signal for both the tested vertices and parameter 
values between the vertices. Similarly, the DC bus voltage 
overshoot during reference changes is smaller, reaching 2.39% 
at vertex 16. Unlike in the stabilization scheme, in this tracking 
scheme, the supercapacitor current responds in the opposite 
direction to the battery current. This occurs because, in this 
scenario, the load current is assumed to remain constant.  

The resulting control signals are shown in Fig. 7(b). In this 
case, the generated control signal does not exceed the 
prescribed saturation limits 𝑢(𝑡) ∈ [0,0.8]. It can be observed 
that control signal overshoot occurs at the moments of 
reference changes. Although the control input overshoot 

produced is relatively smaller compared to scheme 1, larger 
reference values may lead to higher overshoot. Therefore, 
limiting the control signal amplitude is essential to ensure 
reliable and efficient operation, especially for a DC-DC 
converter. 

4.3 Simulation Result for Tracking with Stabilization Scheme  

In this final scheme, the controller is designed to simultaneously 
track the reference and minimize the disturbance effects caused 
by load current fluctuations. The controller is obtained by 
minimizing a common 𝛾 for both L2-gain criteria. The resulting 
responses are presented in Fig. 6(c). The simulation results 
demonstrate a combined tracking and disturbance stabilization 
performance. The controller is able to track the battery current 
reference and regulate the DC bus voltage, although overshoots 
occur during load current fluctuations. It is also observed that 
the supercapacitor current responds in a complementary 
manner during battery current tracking while simultaneously 
compensating for the load current variations.  

The corresponding control signals generated under this 
scheme are shown in Fig. 7(c). It can be observed that the 
control signals represent a combination of the tracking and 
stabilization schemes. Similar high overshoots occur during load 
current fluctuations, as observed in the stabilization scheme. 
Nevertheless, the imposed saturation effectively limits the 

 
(a)       (b)              (c) 

 
Fig. 6 Responses of battery current, DC bus voltage, and SC current under three control schemes: (a) stabilization, (b) tracking, and (c) 

tracking with stabilization 

 

 

 

(a)        (b)              (c) 
 

Fig. 7 Control signals under three control schemes: (a) stabilization, (b) tracking, and (c) tracking with stabilization  
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excessive control signal amplitudes. This saturation mechanism 
plays a crucial role in preventing unrealistic or unsafe control 
actions, thereby ensuring the practical implementation of the 
proposed controller in real power electronic systems. Moreover, 
the bounded control signals confirm that the controller achieves 
a trade-off between performance and duty cycle limitations. 

 
4.4 Stability Analysis of Closed-loop System  

Based on the LMI feasibility conditions, there exists a common 
quadratic Lyapunov function 𝑉(𝜉) = 𝜉𝑇𝑃𝜉, with 𝑃 = 𝑋−1 > 0, 

such that the closed-loop system matrix (𝐴̂𝑖 + 𝐵̂𝐾) satisfies the 

Lyapunov quadratic stability for all vertices of the polytopic 
model. To further illustrate the robustness of the synthesized 
controller under internal resistance variations, an eigenvalue 
(𝜆) analysis of the closed-loop system is additionally performed. 
This analysis ensures that closed-loop stability is preserved 
across the entire polytopic domain and provides a 
comprehensive validation of the robustness of the proposed 
control synthesis.  

The eigenvalues of the closed-loop state matrix are 

computed using (27) for each vertex at matrix (𝐴̂𝑖 + 𝐵̂𝐾) in (14) 

to verify that all system poles remain in the left-half complex 
plane. The closed-loop system is stable if all eigenvalues 𝜆 < 0. 

𝑑𝑒𝑡[𝜆𝐼 − (𝐴̂𝑖 + 𝐵̂𝐾)] = 0; for 𝑖 = 1, 2,… , 16         (27) 

The analysis is conducted on the closed-loop system for all 
controller schemes. In the stabilization scheme, an eigenvalue 
analysis is performed for all vertices of the polytopic model to 
examine the closed-loop pole locations under disturbances 𝑤̃(𝑡) 

applied to the battery current 𝑦̃1(𝑡) and the DC bus voltage 
𝑦̃2(𝑡). In the tracking scheme, the closed-loop eigenvalues are 
analyzed with respect to the reference-to-output dynamics, 
specifically from the battery current reference 𝑟̃1(𝑡) to the 
battery current output 𝑦̃1(𝑡) and from the DC bus voltage 
reference 𝑟̃2(𝑡) to the DC bus voltage output 𝑦̃2(𝑡). 

Fig. 8(a) and Fig. 8(b) show the closed-loop eigenvalues 
analysis for the stabilization scheme across all vertices of the 
polytopic model. In this result, all closed-loop poles remain 
strictly in the left-half plane for every vertex, thereby confirming 
robust asymptotic stability under parameter variations and 
external disturbances. In the tracking scenarios Fig. 8(c) and 
Fig. 8(d), which examine the reference-to-output dynamics, the 
closed-loop poles are likewise confined to the left-half plane, 
ensuring stable reference tracking. It is worth noting that the 
analysis reveals the presence of right-half plane zeros, indicating 
a non-minimum phase behavior inherent to the power 
conversion dynamics. While these right-half plane zeros impose 
fundamental limitations on achievable transient performance, 
they do not compromise internal stability, as stability is solely 
determined by pole locations. The absence of pole migration 
into the right-half plane across all vertices demonstrates that the 
proposed controller guarantees robust closed-loop stability for 
both stabilization and tracking objectives over the entire 
polytopic domain. 

The closed-loop eigenvalue distributions reported in Table 
3 confirm the robust stability of the proposed controller across 
the entire polytopic domain and clearly reflect the effect of 
tuning the LMI performance parameter 𝜇. For the stabilization 
scheme (Table 3), all eigenvalues remain strictly in the left-half 
plane for vertex 1, the nominal model, and vertex 16, with 

 

(a)                   (b) 

 

(c)                   (d) 

Fig. 8 Closed-loop eigenvalues at all vertices in stabilization and tracking schemes: (a) from 𝑤̃(𝑡) to 𝑦̃1(𝑡), (b) from 𝑤̃(𝑡) to 𝑦̃2(𝑡), (c) from 𝑟̃1(𝑡) 
to 𝑦̃1(𝑡), (d) from 𝑟̃2(𝑡) to 𝑦̃2(𝑡) 
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dominant poles located at −3.2138 × 106, while the slowest 
modes are still sufficiently damped at approximately −10.34. A 
similar trend is observed for the tracking scheme, where the 
dominant eigenvalues shift further left, e.g., −1.1689 × 107, 
indicating faster convergence due to the inclusion of reference 
tracking dynamics. The majority of eigenvalues in both cases 
are real, which is a direct consequence of selecting a relatively 
small 𝜇 that enforces strong damping through the L2-gain 
constraint, favoring monotonic and non-oscillatory responses 
suitable for the Batt–SC HPS control system. In the combined 
tracking and stabilization scenario, all eigenvalues remain 
stable, with dominant poles at −4.0031 × 106 across all 
vertices, while a pair of complex-conjugate poles emerges in the 
intermediate modes (−385.87 ± 49.38𝑖 in the nominal case). 
This oscillatory behavior arises from the interaction between the 
integrator-based tracking dynamics and the stabilization loop 
when both objectives are enforced simultaneously, slightly 
relaxing the effective damping of certain modes. Nevertheless, 
the real parts of these complex poles remain on the order of 
−102, ensuring rapid decay of oscillations and preserving robust 
stability, thereby illustrating the trade-off introduced by 𝜇 
between transient speed, overshoot, and robustness under 
parameter variations. 

4.5 Simulation Result for Parameter Variation Profiles and 
Comparison with PID and LTI State-Feedback 

In addition to being tested at its vertices in schemes 1, 2, and 3, 
the closed-loop system is also evaluated by involving parameter 
variations, as shown in Fig. 9. The purpose of this test is to 
examine the stability of the system against parameter variations, 
even though the controller is statically designed and guarantees 
stability only for the vertex systems. In addition, the controller 
performance is benchmarked against a PID controller whose 
parameters are tuned using MATLAB's auto-tuning and LMI-
based state-feedback with an LTI model. 

The internal resistance variation profiles are designed with 
different behaviors to mimic actual parameter changes. The 
conductance profiles of the Batt-SC system are shaped using a 
rising Gaussian function and a partial linear function, 
respectively, while the internal converter resistances are shaped 

Table 3  
Eigenvalues of closed-loop system for stabilization, tracking, and tracking with stabilization schemes 

Control schemes 𝝀 Vertex 1 Current sys Vertex 16 

 
 
 
Stabilization 

1 

2 

3 

4 

5 

6 

7 

−3.2138 × 106 

−9.8277 × 104 

−4.9993 × 104 

−2.7556 × 102 

−2.0029 × 102 

−0.1197 × 102 

−0.1519 × 102 

−3.2138 × 106 

−9.8280 × 104 

−7.8113 × 104 

−3.9968 × 102 

−3.0094 × 102 

−0.1168 × 102 

−0.1479 × 102 

−3.2138 × 106 

−2.5000 × 105 

−9.8277 × 104 

−9.8684 × 102 

−2.8591 × 102 

−0.1094 × 102 

−0.1455 × 102 

 
 
 
Tracking 

1 

2 

3 

4 

5 

6 

7 

−1.1689 × 107 

−2.4626 × 105 

−4.9998 × 104 

−2.2555 × 102 

−1.1408 × 102 

−0.3439 × 102 

−0.1065 × 102 

−1.1689 × 107 

−2.4626 × 105 

−7.8124 × 104 

−4.2800 × 102 

−1.3865 × 102 

−0.1076 × 102 

−0.3055 × 102 

−1.1689 × 107 

−2.4625 × 105 

−2.5001 × 105 

−1.0013 × 103 

−1.4389 × 102 

−0.2831 × 102 

−0.1034 × 102 

 
 
 
Tracking with stabilization 

1 

2 

3 

4 

5 

6 

7 

−4.0031 × 106 

−1.1002 × 105 

−4.9992 × 104 

−3.4399 × 102 

−2.0291 × 102 

−0.1324 × 102 

−0.1648 × 102 

−4.0031 × 106 

−1.1002 × 105 

−7.8114 × 104 

−385.87 + 49.38𝑖 

−385.87 − 49.38𝑖 

−0.1290 × 102 

−0.1615 × 102 

−4.0031 × 106 

−2.5000 × 105 

−1.1002 × 105 

−9.8113 × 102 

−3.5963 × 102 

−0.1209 × 102 

−0.1599 × 102 

 

 

Fig. 9 Internal resistance variation for Batt-SC HPS system 
 

 
Fig. 10 Responses of battery current, DC bus voltage, and SC 
current under internal resistance variation 
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using rising exponential functions. These four parameter 
variations change within predetermined ranges. To resemble 
actual behavior, noise components of several frequencies are 
added. High-frequency noise is added to the 𝐺𝑏 profile, 
medium-frequency noise to the 𝐺𝑠𝑐 profile, low-frequency noise 
to the 𝑅𝐷𝐶1 profile, and no noise is added to 𝑅𝐷𝐶2. Nevertheless, 
these scenarios can still be considered idealized and could be 
further enhanced by incorporating more realistic parameter 
variations. For simplicity, this scenario is evaluated only for the 
last control scheme, as this scheme has the most complete LMI 
formulation, i.e., stability, L2-gain disturbance 
attenuation/tracking performance, and sector nonlinearity. The 
resulting output responses are shown in Fig. 10, while the 
control signals are depicted in Fig. 11. 

As shown in Fig. 10, the PID controller exhibits pronounced 
oscillations and overshoot in all controlled variables, 
particularly during load transients and reference changes. In 
contrast, the proposed controller achieves significantly 
smoother responses with faster settling times and reduced 
overshoot. For the battery current, the proposed controller 
closely tracks the reference while effectively suppressing high-
frequency oscillations, indicating improved current regulation 
and reduced stress on the battery. Similarly, the DC bus voltage 
under the proposed controller remains tightly regulated around 
its reference with minimal overshoot, whereas the PID 
controller produces large voltage ripples during transient events 
with a maximum overshoot 77.93%. Furthermore, the 
supercapacitor current response demonstrates that the 
proposed controller provides more coordinated power sharing 
between the battery and the supercapacitor, resulting in 
enhanced transient compensation and improved overall system 
stability. These results confirm the effectiveness of the proposed 
control strategy in improving dynamic performance and 
robustness compared to the PID controller. Nevertheless, the 
PID controller produces control signals with smaller amplitudes 
compared to the proposed controller, as shown in Fig. 11. This 
behavior is attributed to the fact that the PID controller is tuned 
to minimize error locally, whereas the LMI-based design 
explicitly incorporates robustness and stability constraints, 
leading to increased but more effective control effort. 

Table 4 compares the RMSE performance of the proposed 
simultaneous LMI-based state-feedback (LMI-SF) controller 
with a conventional PID controller in terms of battery current 
and DC bus voltage regulation. The results clearly demonstrate 
the superior performance of the LMI-SF controller. Specifically, 
the RMSE of the battery current is reduced from 2.0890 𝐴 under 
PID control to 0.6101 𝐴, corresponding to a reduction of 
approximately 70.8%. Similarly, the DC bus voltage RMSE 
decreases significantly from  13.1100 𝑉 to 1.9999 𝑉, achieving 

an improvement of about 87.4%. When compared with the LMI-
based state-feedback controller synthesized using a nominal 
LTI model, the proposed controller also achieves lower RMSE 
values for both the battery current and the DC bus voltage, 
albeit with smaller margins. Specifically, the RMSE is reduced 
by 0.3790 A or 38.31% for the battery current and by 0.0581 V 
or 2.82% for the DC bus voltage. These substantial reductions 
indicate that the proposed controller provides more accurate 
tracking and disturbance rejection. This improvement is 
attributed to the explicit incorporation of system dynamics and 
stability constraints within the LMI-based design framework, 
which enables systematic handling of multivariable coupling 
and operating uncertainties. In contrast, the PID controller, 
tuned heuristically, exhibits limited capability in regulating both 
battery current and DC bus voltage simultaneously under 
dynamic conditions. 
 
4.6 Power and Energy Comparison 

In addition to stability and dynamic performance evaluation, 
power and energy analysis are conducted to further examine 
the impact of the proposed controller on the power flow 
characteristics of the Batt–SC HPS. Although the proposed 
simultaneous LMI-based state-feedback controller is not 
explicitly designed for energy optimization, this analysis aims to 
verify whether the enhanced robustness against parameter 

 

Fig. 11 Control signals under internal resistance variation 
 

Table 4  
RMSE comparison with PID and LTI controllers 

Controllers Battery current (A) DC bus voltage (V) 

PID  
LMI-SF (LTI) 
LMI-SF (Polytopic) 

2.0890 
0.9891 
0.6101 

13.1100 
2.0580 
1.9999 

 

 

(a) 

 

(b) 

Fig. 12 Power consumption comparison: (a) at vertex 1, current 
sys, and vertex 16, (b) the proposed controller with PID and LTI 
controllers 
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variations is achieved without imposing a significant energy 
penalty compared to conventional controllers. Power and 
energy consumption analyses are conducted under vertex 
conditions as well as under internal resistance variation profiles, 
with comparisons made against other control strategies. 

As illustrated in Fig. 12(a), the overall power profiles of the 
battery and supercapacitor remain qualitatively similar across 
all vertices, indicating consistent closed-loop behavior under 
parameter variations. However, variations in instantaneous 
power levels are observed during transient events, particularly 
at vertex 16, which corresponds to a more extreme combination 
of system parameters. Despite these transient differences, the 
accumulated energy remains within a narrow range. Fig. 12(b) 
shows that all controllers exhibit comparable power profiles, 
while noticeable differences appear during transient conditions.  

The total energy increases from vertex 1 to the nominal 
system and reaches vertex 16, corresponding to relative 
increases of 1.16% and 2.77%, respectively, as listed in Table 5. 
These results demonstrate that, although the proposed 
controller exhibits vertex-dependent power redistribution 
during transients, the resulting energy variation remains limited, 
confirming robust energy behavior across the entire polytopic 
variations domain. The energy calculation for different 
controllers is also performed by integrating the power profile 
over time. The calculation results are also presented in Table 5. 
The results indicate that all controllers yield very similar energy 
consumption levels. Compared to the PID controller, the total 
energy difference is 0.22% for the LMI-SF (LTI) controller and 
0.11% for the proposed LMI-SF (polytopic) controller. 
Moreover, the difference between the two LMI-based 
controllers is only 0.12%, confirming that the variations are 
negligible. These results demonstrate that the proposed 
controller achieves enhanced robustness and constraint 
handling without introducing a meaningful increase in power 
consumption, which is beneficial for maintaining energy-
efficient and reliable operation of Batt-SC HPS in EV 
applications. 
 
 
5.   Conclusion 

This paper has presented the state-feedback control synthesis 
for a Batt-SC HPS system considering parameter variations and 
saturation constraints. Three LMI formulations have been 
numerically validated and simulated in the closed-loop system 
for the case of internal resistance variations. The results 
demonstrate that stability guarantees are achieved for all three 
schemes at vertex 1, vertex 16, and the selected system 
parameter. Furthermore, the synthesized controller still 
demonstrates satisfactory performance under the parameter 
variation profiles, even though this evaluation may appear 
exploratory, since the controller guarantees stability only at the 
vertices of the polytopic model. In addition to stability and 
dynamic performance, power and energy analysis indicate that, 
although the proposed controller may produce slightly higher 
transient power, the total energy exchanged by the system 
remains comparable to that of other controllers. Future work 
may extend the proposed controller synthesis by integrating the 

polytopic framework into the HLC strategy. In addition, 
hardware experiments can be conducted to further validate the 
effectiveness and practical applicability of the synthesized 
controller. 
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