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 a b s t r a c t

Supercapacitors are a promising technology to handle power fluctuations in power systems. Fully leveraging 
their benefits, however, requires highly dynamic voltage control of their interfacing power converter. This paper 
presents a dynamic output voltage controller for a boost converter, a topology commonly used to interface 
supercapacitors with dc grids. The method is based on controlling the total energy of the converter as a means 
to shape its output voltage. Defining energy as the control variable allows the use of feedback linearization to 
transform the boost converter into an equivalent linear system. By mapping physical constraints of the converter 
to the resulting linear system, it is possible to use a predictive controller to control the total energy of the 
converter while meeting its physical constraints. The main advantage of the controller is that it is a single loop 
controller valid over the entire meaningful operating range of the converter. Moreover, by treating the converter 
in an energy-power domain, the controller is able to naturally handle constant power loads. The controller is 
verified in an experimental platform, where a boost converter is used to interface a supercapacitor bank with a 
constant power load.

1.  Introduction

Microgrids are localized power systems that integrate local loads, 
generation, and storage, aiming for higher efficiency, resilience and sus-
tainability in electricity supply (Lidula & Rajapakse, 2011; Liu et al., 
2023). This local integration is one of the key features of microgrids, 
since it provides a way for the large-scale integration of distributed re-
newable energy sources, one of the main goals of the next-generation 
power system.

At a fundamental level, a microgrid or any power system in general 
is stabilized by balancing electricity generation and demand within the 
grid (Denholm et al., 2020; Lei et al., 2023). Mismatches in generation 
and demand are initially buffered by the elements of the grid that inter-
face the sources and the loads and thus, the ability of the grid to handle 
sudden power imbalances depends on how much energy is available for 
buffering and how fast power can be transferred from the sources to 
the loads. The less energy available for buffering, the more stringent 
the dynamic power and control requirements on the sources become, 
and vice versa. The process of balancing generation and demand in a 
power system is denoted grid forming, and grid-forming units require 
two types of energy storage: buffering energy to initially compensate 
power imbalances, and bulk energy to supply loads in steady state.
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In large scale systems based on synchronous generation, the buffer-
ing energy is primarily provided by the kinetic energy stored in the ro-
tating masses of the generators, which is large enough to buffer power 
imbalances for seconds before the primary energy sources adjust their 
power output. In microgrids with high penetration of renewables, the 
buffering energy is primarily stored in the output capacitors of the 
power converters interfacing the sources and the grid, and it is consid-
erably limited. With limited buffering energy, microgrids require grid-
forming units with highly dynamic input sources, as well as converters 
with highly dynamic control loops to allow them to quickly transfer 
power from the sources to the loads. This becomes more critical in mi-
crogrids with high prevalence of constant power loads, which lead to 
more dynamic load changes in the system (Chang et al., 2020; Srini-
vasan & Kwasinski, 2020). In microgrids dominated by renewable en-
ergy sources, grid-forming units are usually powered by an energy stor-
age system, with batteries being the most common type of technol-
ogy (Mitali et al., 2022). However, grid-forming operation can have 
detrimental effects on the lifespan of batteries, because it requires re-
peated power cycles in short periods of time to handle power transients 
in the grid, and such continuous operation can negatively affect the 
health of batteries (Rocabert et al., 2019; Sharma et al., 2025; Zhang 
et al., 2024).
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To ease the stress on battery systems, supercapacitors have been 
gaining increasing attention as an alternative to compensate power tran-
sients in the grid, while bulk energy storage systems handle steady-
state loads (Engelbrecht et al., 2023; Iovine et al., 2019; Muralee Gopi 
et al., 2025). Supercapacitors are able to provide large current peaks in 
short periods of time, while charge and discharge cycles have no sub-
stantial effects on their lifespan. This makes them well suited for pro-
viding the short-term energy buffering required to reduce the dynamic 
power demands placed on bulk energy storage systems. To handle power 
transients while not supplying loads in steady state, supercapacitor-
based grid-forming units have two controllers operating at different 
time scales. One controller slowly regulates the state-of-charge of the 
supercapacitor bank to ensure zero power transfer in steady state, while 
another controller provides grid-forming behavior in order to handle 
power transients. Thus, the ability of the supercapacitor-based unit to 
handle power transients is mostly determined by the dynamics of the 
grid-forming controller.

Grid-forming control of power converters is traditionally formulated 
as a voltage control problem, because the objective of the grid-forming 
converters is to stabilize the grid voltage while supplying the power de-
mand of the loads (Hasan et al., 2025; Rosso et al., 2021). However, 
voltage control of some common step-up topologies is complicated by 
their constrained nonlinear and nonminimum phase dynamics. An al-
ternative is to formulate grid forming as an energy regulation problem, 
since regulating the energy of the converter directly enforces the power 
balance between its input and output, and hence the grid-forming behav-
ior. The main advantage of this formulation is that regulating the energy 
of some nonlinear nonminimum phase power converters is considerably 
simpler than directly controlling their output voltage (Guerreiro et al., 
2024).

This article proposes an energy-based grid-forming controller for the 
boost converter. Feedback linearization is used to map the nonlinear 
nonminimum phase dynamics of the boost to an equivalent linear mini-
mum phase system consisting of the converter’s energy and power. The 
conditions under which the mapping is a diffeomorphism are evaluated 
to show that it is valid over the entire meaningful operating range of the 
converter. An optimal control problem is then formulated to stabilize 
the energy. To handle the physical duty cycle and current constraints 
of the converter, the constraints are mapped to the energy domain and 
included in the optimization. Since the resulting constrained optimal 
control problem is based on linear dynamics, its realization is consider-
ably simplified.

Energy shaping of the boost converter has been explored before in 
different contexts, e.g. energy shaping in interconnection and damping 
assignment passivity-based control (IDA-PBC) (He & Ortega, 2020; Or-
tega et al., 2002; Pang et al., 2019), feedback linearization (Aouni & 
Dessaint, 2020; Xu et al., 2023; Zhang et al., 2023), and flatness-based 
control (Gensior et al., 2006; Gil-Antonio et al., 2019; Shahrouei et al., 
2023). Compared to these methods, the method proposed in this pa-
per mainly differs in two aspects. First, the energy representation of 
the boost converter is used in a meaningful way for grid-forming con-
trol. Energy is the system output, and it is actively shaped according to 
design requirements, which in turn directly shapes the output voltage 
response. This is in contrast with previous methods that use the energy 
only as a means to linearize the converter (Aouni & Dessaint, 2020; Xu 
et al., 2023; Zhang et al., 2023), or to ensure the closed-loop stability of 
a passive system output (He & Ortega, 2020; Ortega et al., 2002; Pang 
et al., 2019). Second, the method proposed in this paper explicitly han-
dles the duty cycle and inductor current constraints of the converter. 
This is important for the safe operation of the converter and for the 
feedback linearization law that transforms the boost into its energy do-
main. The constraints are handled by a predictive controller that has 
a long prediction horizon but a straightforward implementation that is 
feasible for real-time operation, in contrast with previous approaches 
that used predictive control but did not consider constraints (Aouni & 
Dessaint, 2020; Gil-Antonio et al., 2019; Shahrouei et al., 2023; Zhang 

Fig. 1. Synchronous boost converter.

et al., 2023), used a short prediction horizon (Xu et al., 2023), or had 
more complicated implementation strategies (Gensior et al., 2006). The 
main advantages of the proposed controller are summarized as follows.

1. A single-loop grid-forming controller for the nonlinear nonminimum 
phase boost converter

2. The controller is valid over the entire meaningful operating range of 
the converter

3. Duty cycle and inductor current constraints are explicitly considered 
in the control design

4. Clear design procedure to obtain the parameters of the controller
5. The controller has a simplified real-time implementation consisting 
of forward computations only

The rest of this paper is organized as follows. Section 2 shows the 
energy formulation of the boost, and discusses the use of feedback lin-
earization. Then, an optimal control problem is formulated for energy 
control, and the physical constraints of the converter are modeled in 
terms of the transformed boost system. Section 3 presents simulation 
and experimental results to show the feasibility of the proposed con-
troller, comparing it to a conventional nonlinear cascaded approach and 
an advanced flatness-based control. Section 4 concludes this paper.

2.  Constrained energy control of the boost converter

This section discusses the proposed controller. First, the model of the 
converter is presented, followed by a discussion on how the converter 
is transformed into a linear system in its energy domain through feed-
back linearization. Then, the predictive energy controller is presented, 
discussing the formulation of the problem and the transformation of the 
constraints. The last part of this section discusses voltage control and its 
design and implementation aspects.

2.1.  Boost converter model

Fig. 1 shows the synchronous boost converter. The synchronous 
topology is considered here because its bidirectional power flow capa-
bility allows more dynamic energy changes in the converter. The input 
of the converter is represented by a voltage source 𝑉in and the output 
is a constant power load, represented by a current source with current 
𝑖o = 𝑃o∕𝑥2, where 𝑃o is the power of the load, and 𝑥2 is the output volt-
age of the converter. The energy storage elements of the converter are 
the inductor 𝐿, with current 𝑥1, and the output capacitor 𝐶o. The con-
verter is controlled through the active switches 𝑆1 and 𝑆2, operated in 
a complementary fashion.

For analysis and control, the average model of the converter is used, 
described by 
𝐿𝑥̇1 = −𝑥2 + 𝑉in + 𝑥2𝑢 (1a)

𝐶o𝑥̇2 = 𝑥1 − 𝑖o − 𝑥1𝑢 (1b)

where 𝑢 is the input signal of the average model, and is defined as the 
duty cycle of switch 𝑆1.

2.2.  Boost converter as an energy system

This section describes how the boost converter is represented as a lin-
ear system in terms of its energy and power. The main idea is to use the 
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method of feedback linearization to find a suitable transformation that 
maps the current and voltage states of the boost to energy and power. 
The method of feedback linearization is not formally presented in this 
paper; see Isidori (1995) for a complete discussion.

The transformation starts by defining the system output 𝑦 as the total 
energy of the converter, given by

𝑦 = 1
2
𝐿𝑥21 +

1
2
𝐶o𝑥

2
2 (2)

The goal is to find an expression that relates the derivative of the 
output 𝑦 to the control input 𝑢. The first derivative of 𝑦 can be found by 
inspection. If 𝑦 is the total energy of the converter, the first derivative 
of 𝑦 is the converter’s power, which can be written as the difference 
between input and output power:
𝑦̇ = 𝑉in𝑥1 − 𝑃o (3)

where 𝑃o is the power of the load. Since (3) does not contain the input 
signal 𝑢, its time derivative is taken. If 𝑉in is assumed constant and if the 
load is a constant power load, then 𝑦̈ is

𝑦̈ =
𝑉in
𝐿

(

− (1 − 𝑢)𝑥2 + 𝑉in
)

(4)

If 𝑢 is chosen as

𝑢 = 1 − 1
𝑥2

(

𝑉in −
𝐿
𝑉in

𝑣
)

(5)

with 𝑥2 ≠ 0, expression (4) becomes
𝑦̈ = 𝑣 (6)

creating a linear relationship between the auxiliary input signal 𝑣 and 
the total energy of the converter in the form of a double integrator sys-
tem. For conciseness, the double integrator model (6) is written in terms 
of the state vector 𝑧 =

[

𝑧1 𝑧2
]⊺ =

[

𝑦 𝑦̇
]⊺, resulting in

[

𝑧̇1
𝑧̇2

]

=
[

0 1
0 0

][

𝑧1
𝑧2

]

+
[

0
1

]

𝑣 (7)

Now, the problem becomes that of controlling system (7), and stabiliz-
ing this system also stabilizes the original nonlinear system (1) (Isidori, 
1995). This will be accomplished with a predictive controller, and will 
be discussed in Section 2.3.

Expressions (2) and (3) define the transform 𝑇 (𝑥) that maps the volt-
age and current states (𝑥) of the boost to energy terms (𝑧), that is

𝑧 = 𝑇 (𝑥) =

[

1
2𝐿𝑥

2
1 +

1
2𝐶o𝑥

2
2

𝑉in𝑥1 − 𝑃o

]

(8)

For feedback linearization, the transform 𝑇 (𝑥) is only valid if it is a dif-
feomorphism on some domain 𝐷 ⊂ ℝ2, i.e. if the transform is bijective, 
continuously differentiable, and its inverse is continuously differentiable 
as well. The inverse transform of 𝑇 (𝑥), 𝑥 = 𝑇 −1(𝑧), can be found by writ-
ing the state vector 𝑥 as a function of 𝑧, obtained by solving

𝑥1 =
1
𝑉in

𝑧2 +
𝑃o
𝑉in

(9a)

𝑥22 =
2
𝐶o

𝑧1 −
𝐿

𝐶o𝑉 2
in

(𝑧2 + 𝑃o)2 (9b)

for 𝑥. To completely solve for the inverse transform, it is necessary to 
take the square root of (9b). The square root is guaranteed to be real, 
since the right-hand side of (9b) is always greater than or equal to zero 
by definition. This ensures the existence of the inverse transform. More-
over, the transform 𝑇 (𝑥) is bijective if 𝑥2 is restricted to 𝑥2 > 0. In prac-
tice, this is the case, since the steady-state output voltage of the boost 
is positive, and a startup strategy can be used to ensure that the output 
voltage is positive before the energy controller is enabled. Since trans-
form (8) and its inverse (9) are continuously differentiable, transforming 
the nonlinear boost model (1) into the energy-power linear model (7) is 
valid for the entire meaningful operating range of the converter.

The main advantage of using energy as the output for feedback lin-
earization is that the transformation induced by the feedback linearizing 

law (5) completely describes the dynamics of the boost. For grid-forming 
control, another option would be to directly choose the output voltage as 
the output for feedback linearization. However, in this case, the transfor-
mation resulting from the required linearizing law does not completely 
describe the dynamics of the boost, and there will be one internal state 
that is unobservable from the voltage state. In the case of the boost, the 
dynamics of this internal state is unstable (the nonminimum phase char-
acteristic of the output voltage), and thus feedback linearization of the 
boost with voltage as the output is not feasible in practice.
Remark 1. In the boost converter, the duty cycle is strictly constrained 
to the interval [0, 1]. Consequently, the linearization induced by (5) re-
mains valid only if the virtual signal 𝑣 is selected such that the resulting 
duty cycle 𝑢 stays within its physical limits. This condition is ensured by 
using a predictive controller that constrains the virtual signal 𝑣 so as to 
satisfy the duty cycle constraints. This is discussed in Section 2.3. 
Remark 2. Although the transformation (8) is nonlinear, it casts the 
original nonlinear nonminimum phase system (1) in the double integra-
tor system (7), the major advantage of using the energy-based approach. 
The realization of the controller requires converting the physical voltage 
and current states of the converter to energy and power states using (8). 
This conversion only marginally increases the computational cost of the 
controller. 

2.3.  Constrained energy control

The transformation 𝑇 (𝑥) given by (8) allows transforming the boost 
converter into the linear system (7), and now the control problem is 
that of controlling energy. By dynamically controlling energy, the grid-
forming behavior is achieved and the output voltage will be shaped ac-
cordingly. However, the physical input of the converter, which is the 
duty cycle, is physically bounded to the [0, 1] range. This means that 
the auxiliary signal 𝑣 must be properly chosen so that the duty cycle 
remains within its bounds; otherwise, the linearization would no longer 
be valid. It is also important to limit the inductor current, in order to 
avoid damaging the inductor, the power semiconductors and the input 
source.

In order to have a dynamic control of energy while handling physical 
constraints imposed by duty cycle and inductor current, a model predic-
tive controller is used. The formulation of the optimization problem is 
discussed next, followed by the formulation of the constraints.

2.3.1.  Formulation of the optimization problem
The optimal control problem is formulated in a discrete-time setting, 

since the controller will be implemented in a digital platform. First, the 
linear system (7) is discretized and augmented with an integrator, lead-
ing to the model 
𝑧a(𝑘 + 1) = 𝐴a𝑧a(𝑘) + 𝐵aΔ𝑣(𝑘) (10a)

𝑦(𝑘) = 𝐶a𝑧a(𝑘) (10b)

where Δ𝑣(𝑘) = 𝑣(𝑘) − 𝑣(𝑘 − 1), 𝑧a(𝑘) =
[

Δ𝑧1(𝑘) Δ𝑧2(𝑘) 𝑧1(𝑘)
]⊺, 

Δ𝑧𝑖(𝑘) = 𝑧𝑖(𝑘) − 𝑧𝑖(𝑘 − 1), 𝑖 = 1, 2, and matrices 𝐴a, 𝐵a and 𝐶a are 
defined as 

𝐴a =
[

𝐴d 02×1
𝐶d𝐴d 1

]

(11a)

𝐵a =
[

𝐵d
𝐶d𝐵d

]

(11b)

𝐶a =
[

01×2 1
]

(11c)

where 𝐴d, 𝐵d, and 𝐶d represent the discretized model of (7). The ad-
ditional integrator is used to compensate for nonidealities of the real 
converter that are not accounted for in model (1), which causes the 
transformation induced by feedback linearization to be non-exact.

To formulate the optimization problem, a standard cost function con-
sisting of the error between a reference signal 𝑦∗ and the output 𝑦 is used. 
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The cost term 𝐽 is given by Wang (2009)

𝐽 =
𝑘𝑖+𝑁−1
∑

𝑖=𝑘𝑖

(

𝑦∗(𝑖 + 1) − 𝑦(𝑖 + 1)
)2 + 𝑟𝑤

(

Δ𝑣(𝑖)
)2 (12)

where 𝑁 is the prediction horizon, 𝑘𝑖 is the sampling instant and 𝑟𝑤
is a weighting factor. The weighting factor 𝑟𝑤 is used to select the ag-
gressiveness of the controller, where larger values of 𝑟𝑤 penalize fast 
changes in the control signal. Assuming the reference is constant over 
the entire prediction horizon, and using a condensed formulation, the 
cost function (12) can be written as a standard quadratic programming 
problem

min
Δ𝑉

𝐽 = 1
2
Δ𝑉 ⊺𝐻Δ𝑉 + Δ𝑉 ⊺𝐸

s.t. 𝑀Δ𝑉 ≤ 𝑄
(13)

with Δ𝑉 =
[

Δ𝑣(𝑘𝑖) ⋯ Δ𝑣(𝑘𝑖 +𝑁 − 1)
]⊺, 𝐻 = Φ⊺Φ + 𝑅𝑤, 

𝐸 = −Φ⊺
(

1𝑁𝑦∗ − 𝐹𝑧a(𝑘𝑖)
)

, and the matrix 𝑀 and the vector 𝑄
represent the inequality constraints. The matrix 𝑅𝑤 is given by 
𝑅𝑤 = 𝑟𝑤𝐼𝑁 . The matrices Φ and 𝐹  result from the model and are 
defined as in Wang (2009).

2.3.2.  Formulation of the constraints
Solving the optimization problem (13) results in the auxiliary signal 

𝑣, which is then used to produce the corresponding duty cycle through 
the input transformation (5). Bounds on the auxiliary signal can be 
found by writing it as a function of the duty cycle:

𝑣 =
𝑉in
𝐿

(

𝑉in − (1 − 𝑢)𝑥2
)

(14)

Thus, the bounds [𝑣min, 𝑣max] for 𝑣 can be found from the bounds 
[𝑢min, 𝑢max] on 𝑢. In a conventional formulation, the constraints on the 
input signal are enforced at every step of the prediction horizon. How-
ever, due to the nonlinear relationship between 𝑣 and 𝑥2, the bounds 
for [𝑣min, 𝑣max] in the prediction horizon become nonlinear, consider-
ably complicating the solution of the optimization problem (13).

One way to handle this issue is to impose the constraints only on the 
first step of the prediction horizon. In this case, the constraints on 𝑣 can 
be obtained based on the current measurement of 𝑥2. Thus, assuming 𝑢 ∈
[0, 1], the bounds on the auxiliary signal 𝑣 at instant 𝑘𝑖 can be formulated 
as 

𝑣min =
𝑉in
𝐿

(

𝑉in − 𝑥2(𝑘𝑖)
)

(15a)

𝑣max =
𝑉 2
in
𝐿

(15b)

𝑣min ≤ 𝑣(𝑘𝑖) ≤ 𝑣max (15c)

In practice, tighter bounds on the duty cycle may be chosen to avoid 
narrow gate pulses and other nonlinearities of the real converter, but 
this is not considered in this paper.

Another important set of constraints is that on the inductor current. 
These constraints can be written in terms of the converter’s power, de-
scribed by (3). Assuming that the power of the load can be measured, 
and that the inductor current is bounded by [𝐼min, 𝐼max], the bounds on 
the power of the converter are given by
𝑉in𝐼min − 𝑃o ≤ 𝑧2 ≤ 𝑉in𝐼max − 𝑃o (16)

Although in this case the constraints are linear and could be imposed 
on the entire prediction horizon, they are only enforced on the first step 
as well, which helps reduce the size of the optimization problem that 
needs to be solved online. Thus, the constraints on 𝑧2 at instant 𝑘𝑖 + 1
are written as 
𝑧2,min = 𝑉in𝐼min − 𝑃o(𝑘𝑖 + 1) (17a)

𝑧2,max = 𝑉in𝐼max − 𝑃o(𝑘𝑖 + 1) (17b)

𝑧2,min ≤ 𝑧2(𝑘𝑖 + 1) ≤ 𝑧2,max (17c)

assuming 𝑃o(𝑘𝑖 + 1) = 𝑃o(𝑘𝑖) due to the constant power load.

The set of constraints (15) and (17) are written in terms of 𝑣 and 
𝑧2; however, the optimization problem (13) is written in terms of 
Δ𝑉 , the sequence of optimal inputs to be determined. Thus, the con-
straints (15) and (17) need to be written in terms of Δ𝑉 . One possible 
formulation is
⎡

⎢

⎢

⎢

⎢

⎣

1 01×(𝑁−1)
−1 01×(𝑁−1)
𝑞𝐵a 01×(𝑁−1)

−𝑞𝐵a 01×(𝑁−1)

⎤

⎥

⎥

⎥

⎥

⎦

Δ𝑉 ≤

⎡

⎢

⎢

⎢

⎢

⎣

𝑣max − 𝑣(𝑘𝑖 − 1)
−𝑣min + 𝑣(𝑘𝑖 − 1)

𝑧2,max − 𝑧2(𝑘𝑖) − 𝑞𝐴a𝑧a(𝑘𝑖)
−𝑧2,min + 𝑧2(𝑘𝑖) + 𝑞𝐴a𝑧a(𝑘𝑖)

⎤

⎥

⎥

⎥

⎥

⎦

(18)

where 𝑞 =
[

0 1 0
]

. Physically, the set of constraints (18) imposes 
two upper bounds and two lower bounds of the first element of Δ𝑉 , 
making one of each redundant (the less restrictive one). Let Δ𝑣max(𝑘𝑖)
and Δ𝑣min(𝑘𝑖) denote the minimum of the two upper bounds and the 
maximum of the two lower bounds, respectively. Then, the set of con-
straints (18) can be simplified to
[

1 01×(𝑁−1)
−1 01×(𝑁−1)

]

Δ𝑉 ≤
[

Δ𝑣max(𝑘𝑖)
−Δ𝑣min(𝑘𝑖)

]

(19)

This defines the inequality constraints of problem (13), where the 
left-hand side of (19) defines matrix 𝑀 , and the right-hand side defines 
vector 𝑄. Solving (13) then gives the control sequence Δ𝑉  for the entire 
prediction horizon 𝑁 , while ensuring that the constraints (19) are met 
for the first step of the horizon, namely duty cycle and inductor current 
constraints. Following the receding horizon strategy, only the first ele-
ment of the obtained sequence is used as an input to the actual system. 
Then, in the next sampling instant, the process is repeated.

In principle, it is possible that the set of constraints (19) becomes 
infeasible, i.e. the lower bound becomes greater than the upper bound. 
This infeasibility comes from the inductor current constraints, because 
the duty cycle constraints are always feasible (see (15)). Physically, this 
infeasibility means that a larger duty cycle than possible is required in 
order to satisfy the inductor current constraints. If infeasibility is de-
tected, it can be handled by relaxing the inductor current constraints 
in order to make the set of constraints feasible. In practice, this infea-
sibility only happens if the duty cycle bounds are chosen to be a tight 
set around the nominal operating point, and there are large changes in 
the output load. In this article, the duty cycle is constrained in its full 
range, and no infeasibility issues have been detected in the simulation 
or experimental studies. Thus, the set of constraints (19) is assumed to 
always be feasible.

2.4.  Output voltage control

A major objective in grid-supporting and grid-forming control is set-
ting the output voltage of the converter. Since the proposed controller 
operates on the energy model of the converter, the desired voltage set-
point must be written in terms of energy. This is achieved by defining 
an energy reference

𝑦∗ = 1
2
𝐿(𝑥∗1)

2 + 1
2
𝐶o(𝑥∗2)

2 (20)

where 𝑥∗2 is the output voltage reference, and 𝑥∗1 = 𝑃o∕𝑉in is the reference 
for the inductor current.

Fig. 2 shows the block diagram of the proposed closed-loop system. 
Based on a voltage setpoint and measurements of the input voltage and 
load current, the energy setpoint 𝑦∗ is obtained. The new setpoint and 
the converter’s measurements are used to update the optimization prob-
lem (13), and solving it yields the auxiliary signal 𝑣 that is then con-
verted to a duty cycle and applied to the converter. The design of the 
controller and the details about the implementation of the online opti-
mization required to realize the energy controller are discussed next.

2.4.1.  Controller design
The proposed controller has two parameters that need to be se-

lected, namely the prediction horizon 𝑁 and the weighting factor 𝑟𝑤. 
These parameters are designed based on the procedure presented in
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Fig. 2. Block diagram of the proposed control system.

Guerreiro et al. (2023), which obtains 𝑁 and 𝑟𝑤 based on a desired 
controller bandwidth. In summary, the method follows a two-step pro-
cedure. In a first step, a very long horizon is assumed and an 𝑟𝑤 that 
meets the specified bandwidth is chosen. In a second step, the prediction 
horizon is adjusted to a sufficiently large value, such that the behavior 
of the system does not appreciably deviate from the case where the hori-
zon is very long. For cases where most of the energy of the converter 
is stored in its output capacitor, designing the closed-loop response of 
the converter’s energy will lead to a similar voltage response in terms 
of settling time and overshoot. The design method presented in Guer-
reiro et al. (2023) is based on the unconstrained system, so the designed 
bandwidth might not be met in practice when the controller enforces the 
constraints.

2.4.2.  Controller implementation
Implementing the proposed controller requires solving the optimiza-

tion problem (13) online, which can be challenging given the usual small 
sampling periods required to control the boost converter. However, be-
cause of how the constraints are formulated, and because of the receding 
horizon policy, the optimization problem has a very specific structure 
that can be leveraged to find the optimal control signal with forward 
computations only (Wang, 2009).

As discussed in Section 2.3.2, the physical constraints of the con-
verter are enforced only on the first step of the prediction horizon, re-
sulting in the constraints (19). These are constraints only on the first ele-
ment of Δ𝑉 , that is, Δ𝑣(𝑘𝑖), which is the input to be applied following the 
receding horizon policy. Given this structure, the optimal Δ𝑣∗(𝑘𝑖) can be 
determined by finding the unconstrained solution to problem (13), re-
trieving Δ𝑣∗unc(𝑘𝑖), and saturating it according to its bounds. Since prob-
lem (13) has an analytical solution for the unconstrained case, there is an 
analytical solution for Δ𝑣∗unc(𝑘𝑖), and no online optimization is required 
to find the optimal Δ𝑣∗(𝑘𝑖).

The optimal Δ𝑣∗unc at instant 𝑘𝑖 can be written in the form of the state 
feedback law (Wang, 2009)
Δ𝑣∗unc(𝑘𝑖) = −𝐾𝑒

(

𝑦(𝑘𝑖) − 𝑦∗(𝑘𝑖)
)

−𝐾𝑧Δ𝑧(𝑘𝑖) (21)

where Δ𝑧(𝑘𝑖) =
[

Δ𝑧1(𝑘𝑖) Δ𝑧2(𝑘𝑖)
]⊺, and 𝐾𝑒 ∈ ℝ and 𝐾𝑧 ∈ ℝ1×2 are 

given by
[

𝐾𝑒 𝐾𝑧
]

=
[

1 01×(𝑁−1)
](

Φ⊺Φ + 𝑅𝑤
)−1Φ⊺𝐹 (22)

The implementation of the energy controller depicted in the block 
diagram of Fig. 2 is represented in the block diagram of Fig. 3. At in-
stant 𝑘, the states of the boost converter are transformed to energy and 
power, and are used to obtain the optimal unconstrained Δ𝑣 with the 
state feedback law (21). The result is then saturated according to the 
bounds Δ𝑣min and Δ𝑣max, which are given by (19).

As Fig. 3 shows, the implementation of the energy controller consists 
only of forward computations and is mostly static. The only parameters 
that need to be updated at every sampling instant are the bounds Δ𝑣min
and Δ𝑣max, but these are also forward computations. This results in a 
simple and yet effective controller that allows controlling the boost con-
verter – a nonlinear system – in its entire operating range, while taking 
into account duty cycle and inductor current constraints.
Remark 3. The conventional way to study the closed-loop stability of 
predictive controllers is to choose the cost as a Lyapunov function, and 
then show that under recursive feasibility of the optimization the cost 

Fig. 3. Implementation of the online optimization.

always decreases (Mayne et al., 2000). Since the cost function of the 
proposed predictive controller is formulated in terms of the total energy 
of the converter, it could be used as a Lyapunov function. However, 
the main complication is that recursive feasibility of the optimization 
cannot be ensured because the input and state constraints are enforced 
only on the first step of the prediction horizon. A stability analysis for 
such systems is a more general and theoretical problem that is outside 
of the scope of this paper. 

3.  Results

This section presents the results obtained with the proposed control 
strategy, denoted as Predictive Energy (PE) control. In the first part of 
this section, simulation results show a comparison between the PE con-
troller and a conventional nonlinear cascaded controller. In the second 
part of this section, the proposed controller is validated in an experi-
mental setup.

3.1.  Simulation results

This section discusses simulation results obtained with the proposed 
controller, focusing on a comparison with a conventional nonlinear cas-
caded controller and an advanced flatness-based controller. For simu-
lation, the ideal model (1) of the converter was used, with 𝐿 = 15 µH, 
𝐶o = 430 µF, 𝑉in = 8 V, nominal load of 80 W, and output voltage set-
point of 30 V. These are the same parameters used for the experimental 
validation.

For demonstration purposes, the proposed controller was designed to 
have a bandwidth of 2 kHz, using the procedure presented in Section 2.4. 
Based on this bandwidth, the sampling frequency of the controller was 
set to 25 kHz. Fig. 4 shows the results of the design procedure used to ob-
tain the weighting factor 𝑟𝑤 and prediction horizon 𝑁 of the controller. 
First, the bandwidth of closed-loop system as a function of the weighting 
factor 𝑟𝑤 is computed assuming a long horizon, as shown in Fig. 4a. This 
is based on the unconstrained system, which yields a static state feed-
back controller. For a bandwidth of 2 kHz, 𝑟𝑤 = 1.6 ⋅ 10−4 is selected. 
With the selected 𝑟𝑤, the poles of the closed-loop system are plotted 
in the complex plane for different prediction horizons 𝑁 , as shown in 
Fig. 4b. Decreasing the prediction horizon from 50 to 10 does not ap-
preciably change the location of the poles, whereas decreasing it further 
starts moving the poles towards the outside of the unit circle, and a hori-
zon of 3 or less results in an unstable controller. Thus, 𝑁 = 10 is chosen 
as a sufficiently long horizon.

For comparison, two other controllers were also simulated. The con-
trollers were designed to present the same 2 kHz bandwidth as the pro-
posed controller. The first controller is a commonly used nonlinear cas-
caded controller where the inner loop uses feedback linearization to reg-
ulate the inductor current, and the outer loop is a proportional-integral 
controller that regulates the output voltage (Kim & Lee, 2015). The sec-
ond controller is an advanced flatness-based controller, which uses en-
ergy as the flat output of the boost to precisely control the energy with 
an exponential trajectory, see e.g. Gensior et al. (2006), Shahrouei et al. 
(2023). Since these two controllers as implemented here do not account 
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Fig. 4. Bandwidth of the unconstrained controller as a function of 𝑟𝑤 for 𝑁 = 50, 
and closed-loop poles as a function of 𝑁 for 𝑟𝑤 = 1.6 ⋅ 10−4.

Fig. 5. Comparison of the output voltage transient for a 10% step of the nominal 
voltage at full load, for the proposed and cascaded controllers.

for constraints, a version of the proposed PE controller without con-
straints was additionally simulated for comparison purposes.

3.1.1.  Voltage setpoint step
Fig. 5 shows the response of the closed-loop system with the PE, 

cascaded, and flatness-based controllers, when the voltage setpoint in-
creases 10% from 30 V to 33 V at a constant power load of 80 W. As the 
figure shows, the response of the output voltage for the unconstrained 
PE, cascaded, and flatness-based controllers is similar. This result is ex-
pected since the controllers were designed to present a similar band-
width. The main difference between these controllers is in the current 
and duty cycle waveforms. Compared to the cascaded controller, the 
responses of the unconstrained PE and flatness-based controllers are 
smoother and show a slightly lower current peak. However, the flatness-
based controller violates the duty cycle constraints. Compared to the 
other controllers, the response of the constrained PE controller cannot 
meet the designed bandwidth and appears constrained to a limited op-
erating region. This is because the controller is respecting the operating 
limits of the converter, which fundamentally limit the achievable band-
width. It is worth mentioning here that the PE controllers are discrete 
in nature, while the cascaded and flatness-based controllers can be sim-
ulated entirely in continuous time.

3.1.2.  Load step
Fig. 6 shows the response of the closed-loop system for a step change 

in the output load, from 30 W to 80 W at the nominal output voltage 

Fig. 6. Comparison of the output voltage transient for a 60% step of load at 
nominal voltage, for the proposed and cascaded controllers.

of 30 V. In this case, the response of the flatness-based controller is not 
simulated, as it requires an additional loop to handle disturbances. As 
the figure shows, the response of the constrained and unconstrained PE 
controllers is the same. This is because neither the duty cycle nor the 
inductor current reaches its respective limit, so the constrained PE con-
troller operates as an unconstrained one. Moreover, compared to the 
cascaded controller, the PE controller shows smaller output voltage de-
viation and shorter settling time.

3.1.3.  Robustness to parameter variation
Fig. 7 shows the closed loop response for parameter mismatches in 

the output capacitor 𝐶o and inductor 𝐿. In each simulation, the values of 
the output capacitor 𝐶o and the inductor 𝐿 change with respect to their 
nominal values, 𝐶n and 𝐿n, but the controller is implemented assuming 
the nominal values only. Only two cases for parameter variation are 
shown, since they were verified in simulation to be the worst cases.

As Fig. 7 shows, the trajectory of the output voltage is only slightly 
affected by the variation in the assumed capacitance and inductance, 
and there is no steady-state error. This is due to the integral action em-
bedded in the controller. Together, the incremental model (10) and the 
cost term (12) ensure zero steady-state error by providing a bias-free 
prediction model (by eliminating constant disturbances), and by accu-
mulating on the input while the error is nonzero. A more noticeable 
effect of the parameter mismatch in the controller is the violation of the 
inductor current constraint. However, the violation is not that severe, 
and the controller is able to adjust the duty cycle such that the current 
is driven back within the constraints.

Remark 4. Variations in the input voltage are not studied because it 
is assumed that the input voltage can be measured. Measuring the in-
put voltage is commonplace in larger converters for safe operation of 
the converter and its source. For example, when using a supercapaci-
tor bank, it would be important to measure the input voltage in order 
to avoid overcharging the supercapacitor, or avoid operation with very 
low charge. 
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Fig. 7. Comparison of the output voltage transient for a 5% step of the nominal 
voltage at full load, for varying converter parameters 𝐿 and 𝐶o.

3.1.4.  Discussion
Fig. 5 shows that the flatness-based controller is able to ensure a 

smooth response of the output voltage. Although there is a violation 
of the duty cycle constraint, this could be handled in different ways. 
One way would be to reduce the bandwidth of the controller, at the 
expense of performance. A better way would be to more carefully design 
the reference trajectory for the energy while accounting for duty cycle 
and inductor current constraints. However, designing this trajectory is 
not as straightforward as their inclusion in the PE controller. Moreover, 
the flatness-based controller is a feedforward linearizing strategy and 
cannot handle disturbances without an additional feedback loop, which 
requires additional design effort.

Fig. 6 shows that compared to a conventional nonlinear cascaded 
controller, the PE controller shows a better response to load changes. 
The reason is that the states of the proposed controller are the con-
verter’s energy and power (see (2) and (3)), which include information 
about the output load. This combined with the predictive behavior of 
the controller leads to a better response to changes in the load. And al-
though the computational cost of the PE controller is higher than that 
of the cascaded controller, the overall computational load is still small 
and can be handled by modern digital signal processors.

While the cascaded controller implemented for comparison does not 
have feedback of the output load, this could be included in the design, 
which would improve its response. However, this further complicates 
the design and stability analysis of the closed-loop system, which is al-
ready approximated because the outer and inner loops are assumed to be 
decoupled. For the PE controller, the output load is naturally included in 
the model, and the stability of the closed-loop system is ensured for the 
unconstrained PE controller based on its design procedure (Guerreiro 
et al., 2023; Wang, 2009).

The results shown in Figs. 5 and 6 also highlight an important advan-
tage of the PE controller. The voltage response of the closed-loop system 
is smooth despite the highly nonlinear region where the controller is op-
erating. For large excursions around an already large duty cycle the be-
havior of the boost converter becomes highly nonlinear, yet the output 
voltage is smooth. The reason is that the PE controller operates in the 
energy domain, where it controls a linear system. By ensuring a smooth 
trajectory for the converter’s energy, a smooth trajectory is ensured for 
the output voltage. Additionally, since the power of the converter is as-
sociated with the inductor current, a smooth power trajectory leads to 
a smooth current behavior.

Fig. 8. Experimental setup.

Table 1 
Parts used in the experimental setup.
 Parameter  Value
𝑉in  6–9 V
𝐿  15 µH (PULSE PA2248.153NLT)
𝐶o  430 µF (1x Nichicon UCS2C331MHD,

 1x WIMA MKS 4 100V)
 MOSFETs  IRFB4127
 Switching frequency  100 kHz
 Inductor current sensor  ACS730KLCTR-20AB-T
 Output current sensor  ACS712ELCTR-20A-T
 Supercapacitor bank  12.5 F (3x WE 850617022002,

 2x WE 850617022001)
 ADCs  ADC121S021
 Digital isolators  SI8641

An important advantage of using energy as a control objective is 
that it is physically meaningful and leads to a meaningful controller 
design. Because of the nonminimum phase characteristic of the output 
voltage, approaches such as feedback linearization and sliding mode 
control attempt to control the output voltage either indirectly through 
current, or by creating a virtual output that is a combination of current 
and voltage (AlZawaideh & Boiko, 2019; Arora et al., 2019). However, 
if this virtual output is not physically meaningful, it leads to a controller 
that is more difficult to interpret physically, design, and formulate the 
constraints.

3.2.  Experimental validation

This section presents the experimental results obtained with the PE 
controller. The experimental setup and the details regarding the param-
eters of the controller are discussed next, followed by the experimental 
results of the closed-loop system for step changes in the voltage setpoint 
and in the output power.

3.2.1.  Experimental setup
The experimental setup used to validate the controller is shown in 

Fig. 8, and consists of a supercapacitor bank, a boost converter, and a 
constant power load. The main parameters of the setup are shown in 
Table 1.

The supercapacitor bank has an equivalent capacitance of 12.5 F and 
rated voltage of 10.8 V. The bank is composed of a series connection 
of four 50 F capacitors, where one of them is a parallel connection of 
two 25 F capacitors. Before the experiment, the bank was charged to a 
voltage of around 9 V, and then used as input to the boost converter. 
Controlling the charge of the supercapacitor bank is not discussed in this 
paper. This would be achieved with an outer state-of-charge controller, 
which is out of the scope of this paper.

The synchronous boost converter is an experimental platform con-
sisting of a printed-circuit board containing the power stage of the boost 
and additional circuitry for measurements and signaling. The input volt-
age of the boost converter comes from the supercapacitor bank, and its 
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output is connected to the load. The load is a constant power load com-
prising a synchronous buck converter feeding a resistive load. Power 
steps are obtained by changing the voltage setpoint of the buck con-
verter.

Both converters are controlled with Zynq-7000 System-on-a-Chip 
(SoC) platforms, consisting of a dual-core processor and a field-
programmable gate array (FPGA) embedded on the same chip (Guer-
reiro et al., 2022). The control algorithms are executed in one of the 
cores of the processor, while the other core runs a command-line inter-
face. The FPGA is used to interface with the converters by generating 
the gate signals for the MOSFETs and controlling the analog-to-digital 
converters (ADCs). The gate signals are generated based on a triangular 
carrier, and the ADCs are triggered when the carrier reaches its maxi-
mum value, so that the average value of the inductor current is sampled.

For the experimental validation, the proposed controller was de-
signed to present a bandwidth of 1 kHz, chosen as a compromise be-
tween the controller’s response and its susceptibility to measurement 
noise. Based on this bandwidth, a sampling frequency of 25 kHz was 
chosen, and the design procedure discussed in Section 2.4 resulted in 
𝑟𝑤 = 0.01 and 𝑁 = 30. The bounds for the duty cycle were computed 
taking into account the delay introduced by the PWM of one switching 
cycle. Moreover, an exponential moving average filter was used in order 
to filter the output current measurement used in the control algorithm. 
The cut-off frequency of the filter was set to 8 kHz. Since this frequency 
is much higher than the bandwidth of the controller, the filter can be 
ignored during control design.

Remark 5. All waveforms shown in the results presented in this section 
were obtained with the SoC-based controllers. The waveforms show the 
raw measurements seen by the controller, without any filtering, digital 
or analog. The only processing that is applied to the raw measurements 
is the conversion from raw values to corresponding calibrated voltage 
and current values. 

3.2.2.  Voltage setpoint changes
Fig. 9 shows the response of the proposed controller to a 10% change 

in its voltage setpoint, from 30 V to 33 V, at full load. The PE controller 
is able to drive the output voltage to the new reference in about 4.5 ms, 
while keeping the inductor current at its predefined upper limit of 15 
A. There is a small violation in the current constraint, but this is quickly 
compensated by the controller. In this case, the controller is not able 
to keep the designed bandwidth of 1 kHz, since this is not physically 
possible due to the constraints of the converter.

Fig. 10 shows the response of the PE controller for a 10% decrease in 
the output voltage, from 30 V to 27 V. Contrary to the step-up case, now 
the controller has much more headroom to drive the inductor current. 
For this reason, the output voltage is regulated to the new reference 
value much faster, with a settling time of around 2.4 ms. Combined 
with the undershoot of about 20.5%, the bandwidth of the controller is 
estimated at around 0.77 kHz.

As Figs. 9 and 10 show, the converter input voltage can vary con-
siderably during transients. This is due to the relatively large parasitic 
resistance in the connection between the supercapacitor bank and the 
boost prototype. However, because the controller uses the input voltage 
measurement as feedback, it is able to adapt to these variations.

3.2.3.  Load step
Fig. 11 shows the response of the controller to a step in the power 

of the load. Initially, the setpoint for the output voltage is set to 30 V, 
and the converter supplies approximately 40% of its full load. Then, the 
load steps up by about 60% of the full load with a rise time of around 
0.5 ms. The voltage drop of the proposed controller is about 0.7 V, but 
is regulated back to within 99% of the setpoint within 0.8 ms, while 
satisfying the constraints on the inductor current.

Fig. 9. Output voltage transient for a 10% step of the nominal voltage at full 
load.

Fig. 10. Output voltage transient for a -10% step of the nominal voltage at full 
load.
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Fig. 11. Output voltage transient for a 60% step in output power at nominal 
voltage.

3.2.4.  Discussion
The experimental results validate the operation of the proposed con-

troller, which is able to stabilize the output voltage of the boost con-
verter driving an active load, despite operating in a highly nonlinear 
region, with variations on the input voltage, and large excursions in the 
duty cycle. However, there are some differences between the experi-
mental and simulation results.

In the simulation results shown in Figs. 5 and 7, the duty cycle is 
smooth during the constrained operation of the controller. However, in 
the experimental results shown in Fig. 9, the duty cycle appears much 
more noisy, which in turn affects the inductor current. The main rea-
son for this behavior is noise in the estimation of the output power. As 
shown in Fig. 9, there can be fluctuations of several watts in the mea-
surement of the output power. When the controller is constraining the 
inductor current, these fluctuations cause sudden changes in the satura-
tion bounds of the duty cycle (see (17)), which in turn lead to sudden 
changes in the value of the duty cycle. This behavior can be reproduced 
in the ideal simulation study presented in Section 3.1 by introducing 
noise in the estimation of the output power. One way to improve this 
behavior is to filter the output current. In this case, either the bandwidth 
of the controller needs to be reduced, or the filter needs to be included 
in the model of the system, which would increase complexity.

Another main difference from the simulated model is the load. Al-
though an ideal constant power load is used in the simulation, it is phys-
ically realized with another voltage-controlled converter, which has its 
own dynamics. This can be seen in the results shown in Fig. 10. Chang-
ing the output voltage of the boost causes a disturbance in the load, 
which rejects this disturbance according to the dynamics of its voltage 
controller.

4.  Conclusion

Fully leveraging the advantages of supercapacitors in grid-
supporting units requires converters with highly dynamic voltage con-

trol loops. This paper presented a dynamical constrained grid-forming 
controller for a boost converter. The proposed controller overcomes 
the challenging nonlinear and nonminimum phase characteristics of the 
boost converter by transforming it into an energy-power system. In the 
energy domain, the converter presents a linear behavior, and a model 
predictive controller based on a linear model can be used to achieve 
a dynamic response. The main advantages of the proposed controller 
include its inherent ability to handle constant power loads, and its oper-
ation in the entire meaningful range of the converter while accounting 
for physical constraints of the converter. Future development will be 
focused on improving feedback linearization to be robust to parameter 
variations, possibly as a way to replace the integrator in the predictive 
controller by accounting for model mismatches directly in the lineariza-
tion law, and a formal stability proof of the proposed controller.
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