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Abstract: This article presents a data-driven methodology for modeling DC–DC power electronic
converters. Using the proposed methodology, the dynamics of a converter can be captured, thereby
eliminating the need for explicit theoretical modeling methods. This approach only requires the
acquisition of fundamental measurements: currents through inductors and voltages across capacitors.
The acquired data are used to construct a linear difference system, which is algebraically manipulated
to form a state–space representation of the converter under analysis. Three DC–DC converter
topologies were analyzed, and their resulting models were tested and compared with simulation data,
yielding an average error deviation of approximately 2% for current signals and 4% for voltage signals,
demonstrating precise tracking of the actual dynamics. The proposed data-driven methodology
could simplify the implementation of adaptive control strategies in larger-scale solutions or in the
interconnection of multiple converters.

Keywords: data-driven modeling; DC–DC power converter; converter modeling

1. Introduction

Power electronics DC–DC converters are electronic circuits implemented with semi-
conductor devices and energy storage elements such as capacitors and inductors to adjust
the magnitude of the input DC voltage depending on the type of load and its require-
ments [1,2]. Some applications require a constant level at the output regardless of the
disturbances that may occur, which can be due to variations in the input voltage, changes
in the nominal output power, or the degradation of its energy storage elements [3].

According to [4], more than 500 prototypes of DC–DC converters have been developed
and reported during the past six decades. These converters have been classified into six
generations according to their characteristics and type of development:

• First generation: Classic converters;
• Second generation: Converters of multiple quadrants;
• Third generation: Switched component converters;
• Fourth generation: Soft switching converters;
• Fifth generation: Synchronous rectification converters;
• Sixth generation: Multi-element power resonant converters.

The development of new prototypes is mainly based on the direct modification of
existing converters, the connection of multiple conversion stages, or combination and
synthesis between circuits of first-generation converters [5,6]. For example, [7] provides
a comprehensive review and evaluation of solid-state transformer (SST) prototypes in
applications such as smart grids, railways, and offshore wind farms. It highlights future
trends and the role of SSTs in transitioning to hybrid AC/DC electrical grids, along with
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a detailed description of the system under study. Ref. [8] addresses the challenge of
maximizing power extraction from photovoltaic (PV) systems while maintaining grid
stability. The paper introduces a hybrid maximum power point tracking (MPPT) algorithm
that combines perturb and observe (P&O) and incremental conductance (IC) methods to
optimize PV performance. It uses two converters, coordinating MPPT for the PV plant and
managing DC voltage control while reducing harmonic distortion on the AC side.

Due to the vast number of DC–DC converters reported in the literature, as well as
the factors associated with their development, theoretical models that closely fit real-
world systems tend to be complex [9–11]. There are two primary approaches to analyzing
and modeling a converter: treating the converter as a sampled-data system [12] or as
a continuous-time system. The continuous-time approach is generally preferred, as it
facilitates the analysis of interactions with continuous passive components within the
system. Among the methods that consider the converter as a continuous-time system are
averaged modeling, small-signal modeling [13], and function-based models [14].

The most straightforward approach utilizes the moving average operator, or the state-
space averaging technique, to smooth out the switching dynamics. However, this model is
only effective for predicting converter behavior at frequencies below half of the switching
frequency [15–17]. Two generalized averaging methods have been developed: the first is
the Krylov–Bogoliubov–Mitropolsky (KBM) method, employed to solve the nonlinear dif-
ferential equations that describe the system, particularly in cases where oscillatory behavior
is present. This is achieved by expanding the solutions around a small perturbation param-
eter to obtain asymptotic solutions [18]. The second is multifrequency averaging modeling
(MFA), which allows us to model both the steady-state behavior and transient responses of
complex systems based on the harmonic evolution of the system’s state variables [19].

The averaged small-signal model is useful for controller design, but its accuracy is
questionable at high frequencies due to the elimination of high-frequency information
by the moving average [20]. To improve modeling accuracy at high frequencies, multi-
frequency small-signal models are introduced, and function-based models are proposed to
address both constant and variable frequency modulation control [21,22].

Although averaged small-signal models and function-based models provide a single-
input, single-output (SISO) linear input–output relationship, they fail to represent high-
frequency interactions between multiple power converters. In certain scenarios, such as
repetitive high-frequency load transients, multi-phase voltage regulators may exhibit beat
frequency oscillations, which are not adequately explained by SISO models [23]. To address
these limitations, cross-frequency models in the form of multiple-input, multiple-output
(MIMO) representations have been proposed.

In addition to analytical methods, heuristic techniques such as neural networks have
also been used to generate models that address the behavior of converters. In [24], the
focus is on impedance identification based on neural networks for stability analysis in
dual-side power supply railway systems. The method introduces a residual feedback
neural network (ResFNN) combined with Shapley additive explanations (SHAP) to model
the impedance of vehicles with a limited amount of data while maintaining high accuracy
in predicting the impedance of traction converters. It also allows for the interpretation of
the model’s features by identifying the input parameters to the vehicle impedance, thus
optimizing the training process. While this technique can be finely tuned, understanding
how it makes decisions or what specific patterns it is learning can be complicated without
additional interpretability techniques. There is also a dependency on training data, as the
model may fail in certain scenarios if the data do not cover a sufficient range of operating
conditions [24].

This work focuses on modeling a DC–DC converter as a black-box system using a data-
driven approach. This approach employs estimation algorithms based on the collection and
analysis of data. The proposed method aims to identify the system’s behavior, which will
be used to define a set of linear difference equations that provide an approximate system
representation. This approach reconstructs the system’s state trajectories from data without
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relying on an explicit theoretical model. The contributions of this work can be summarized
as follows:

1. We propose a state–space model representation based on a data-driven methodology,
eliminating the need for prior knowledge of all converter parameters.

2. We provide a methodology capable of addressing the analysis of power electronics
converters and determining state matrices.

The state–space model obtained allows for the characterization of key system proper-
ties, such as system dynamics, stability, and transient response. For example, this method-
ology can be useful in the design and analysis of magnetic systems, such as air–core bridge
arm reactors used in DC transformers, which require accurate modeling of nonlinear
electromagnetic fields [13,25].

The structure of the paper is as follows: Section 2 presents a study on the analysis and
modeling of converters; Section 3 explains the methodology of the proposed data-driven
method; Section 4 discusses the identification of the proposed systems and the results;
finally, Section 5 presents our conclusions and future work.

2. DC–DC Converter Modeling Methods

Among the most common methods for modeling power electronic converters reported
in the literature, the focus is on representing and analyzing the dynamic behavior of these
devices to better understand their operation, optimize their design, and develop efficient
control strategies. Depending on the method used for analysis, these approaches aim to
capture nonlinearities, transient behavior, oscillations, harmonics generated by switching,
optimization at specific operating points, and stability assessment. Table 1 presents some of
the methods reported in the literature, along with their characteristics. A brief description
of these methods is provided below.

Table 1. Summary of methods for power converters.

Modeling Method Advantages Limitations

State–Space Average
Modeling [17,26,27]

Simplicity and ease of implementation.
Suitable for stability and control analysis of
converters. Requires fewer computational
resources compared to more complex methods.

Does not adequately capture high-frequency
effects. Limited to steady-state operation
conditions or small perturbations around a
fixed operating point.

Extended Harmonic Domain
Modeling [28,29]

Provides a detailed view of harmonic
generation and propagation. Allows for the
study of interactions between different
harmonics and the grid.

Large number of differential equations
involved. Not suitable for modeling systems
with rapid state changes, such as in fault
conditions or severe disturbances.

Dynamic Phasor
Modeling [30–32]

Enables the analysis of multi-frequency
systems and rapid changes in the network.
Offers good accuracy in representing the
dynamics of converters.

Higher mathematical and computational
complexity compared to average models.
Requires a deep understanding of system
behavior in the frequency domain.

Harmonic State–Space (HSS)
Modeling [10,33–36]

Accurate frequency-domain description for
power converters. Predicts frequency coupling
interactions. Flexible for analyzing a selected
range of harmonics.

Increased modeling complexity due to its
higher order. Application may be limited by
the lack of standardization in the development
of HSS models for multi-converter systems.

2.1. State–Space Average Modeling

State–space average modeling (SSAM) is a widely used methodology for analyzing
and designing power electronic converters, such as DC–DC converters. This approach
involves representing the dynamic behavior of power converters in a mathematical model
that describes the average values of currents and voltages over a switching period, thereby
simplifying the analysis and design of control systems by focusing on their averaged
dynamics rather than their high-frequency switching behaviors [16,17,26].
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SSAM is based on the state–space representation of dynamic systems. In this approach,
the state variables (such as inductor currents and capacitor voltages) are expressed as
averaged quantities over one or multiple switching cycles. For power converters, the
state–space model typically consists of differential equations that describe the relationship
between the state variables, inputs (such as control signals or input voltage), and outputs
(such as output voltage or current). These equations are averaged over a switching period
to remove high-frequency switching content, resulting in a simplified model.

2.2. Extended Harmonic Domain Modeling

Extended harmonic domain (EHD) modeling is a framework used for analyzing and
modeling power systems, particularly those involving voltage source converters (VSCs).
This approach is designed to explicitly account for harmonic interactions within power
systems by representing all harmonic components as individual state variables. The state–
space representation of the system is extended to include these harmonic components,
capturing both steady-state and dynamic behavior, which makes it more suitable for
complex analyses than traditional averaged models [37].

In EHD modeling, each time-domain variable is represented by its complex Fourier
coefficients, allowing for a detailed analysis of the harmonic interactions among various
electrical quantities. This modeling approach supports both large-signal and small-signal
analyses, enabling the study of both steady-state and dynamic behaviors of power electronic
systems. This capability is particularly useful for analyzing issues such as harmonic stability,
component design, and system optimization.

2.3. Dynamic Phasor Modeling

Dynamic phasor modeling is a technique used in power systems to represent the
dynamic behavior of voltages and currents in systems that involve periodic or quasi-
periodic signals. This modeling approach leverages time-varying Fourier series coefficients,
known as dynamic phasors, to capture both the low-frequency and dynamic characteristics
of these systems [30].

Dynamic phasors are based on the generalized averaging method. A waveform is
observed over a specified interval, and its dynamic behavior is captured using its Fourier
series coefficients, which vary with time, providing a compact representation of a signal
that may include multiple harmonic components, capturing the essential dynamics while
ignoring higher-frequency switching transients that are not of interest [30,31].

2.4. Harmonic State–Space Modeling

Harmonic state–space (HSS) modeling is a method employed to represent systems in
power electronics applications, where time-domain state–space expressions are transformed
into the frequency domain using Fourier coefficients [10]. This approach enables the
consideration of the interaction of multiple harmonics in the frequency domain, allowing
all harmonic components to be represented by their amplitude and phase angle. This
transformation facilitates the determination of the direct current (DC) operating point of
the converter, which is crucial for its analysis and design [10,34,35].

The mathematical formulation of HSS begins with a generic differential equation
where the state, input, and output coefficient functions are periodic. An exponentially
modulated periodic signal is used to ensure that the space of input and output signals
remains consistent within the model. Additionally, the principle of harmonic balance is
applied to relate the input harmonics to the output harmonics through harmonic transfer
functions (HTFs) [38].

Finally, [39] deals with modeling the impedance characteristics of single-phase con-
verters used in electric multiple units (EMUs) within vehicle-grid systems. The focus is on
three main modeling methods: the direct-quadrature (DQ) model, the mirror-frequency
impedance (MFI) model, and the harmonic state–space (HSS) model.
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3. Metodology

In this section, a detailed analysis of the proposed methodology for a data-driven
modeling approach focused on DC–DC power electronics converters will be conducted.
The resulting model will take the form of a state–space representation, which helps us
to determine the actual behavior of the analyzed converter. Figure 1 provides a general
overview of the process to be followed for evaluating the system and constructing the
state–space representation. This process is divided into two parts: part (a) focuses on
retrieving and processing the necessary data for system evolution, while part (b) is cen-
tered around identifying system trajectories, fitting model equations, and simulating the
resulting representation.

Figure 1. Block diagram of the data-driven parameter identification algorithm.

Data-Based System Modeling

Control systems are capable of autonomously adapting and modifying their behavior
to optimize performance, enhance efficiency, and ensure safe operation by collecting and
processing real-time data. The data-driven approach relies on the systematic collection
of relevant data from the system being analyzed. During the data acquisition phase, it is
essential to ensure that the sampling time ts corresponds appropriately to the system’s
dynamics and that an optimal sampling window is established. The available measure-
ment variable vector is composed of inputs u = (u(1), u(2), u(3), · · · , u(T)) and outputs
y = (y(1), y(2), y(3), · · · , y(T), where T correspond to the sequence of the series. Then, we
can define a finite signal vector space as ω :=

[
u y

]T , which is classified and stored in
a mapping discrete-time vector ω:

ω(1), ω(2), ω(3), . . . , ω(T). (1)

For linear, time-invariant, continuous-time systems, the system’s behavior can be
accurately represented through differential equations. A dynamical system is referred to
as C if it is a linear vector subspace that encapsulates the system’s behavior within R and
remains invariant over time under the following conditions:

(ω(·) ∈ C ) =⇒ (ω(·+ t) ∈ C )∀ ∈ R. (2)



Electronics 2024, 13, 3890 6 of 20

This characteristic guarantees that the system’s behavior stays unchanged over time [40,41].
Numerous systems can be modeled using differential equations and take the general form
as follows:

f1

(
ω(t),

d
dt

ω(t), · · · ,
dn

dtn ω(t)
)
= f2

(
ω(t),

d
dt

ω(t), · · · ,
dn

dtn ω(t)
)

. (3)

In this context, f1 and f2 represent functions that describe the dynamics of the system.
A specific representation of a linear, time-invariant, continuous-time differential system,
R,Rq, C , is defined by the solution set of a system of linear differential equations with
constant coefficients [40]:

R0ω(t) +R1
d
dt

ω(t) +R2
d2

dt2 ω(t) + · · ·+Rn
dn

dtn ω(t) = 0. (4)

Using constant matrices Ri ∈ Rq×q helps to encapsulate the information related to the
system’s state trajectories. Alternatively, if we treat the derivatives in Equation (4) as a finite
difference approximation, the system can be expressed in the discrete domain as follows:

R0ω(i) +R1ω(i + 1) +R2ω(i + 2) + · · ·+Rnω(N) = 0, (5)

where N is the maximum degree of the derivative, and Ri (with i = 0, 1, . . . , n) contains
the information corresponding to the variables of the system and will help to find the state
representation [40,42]. Expression (5) can also be described as a kernel representation in
terms of the shift operator σ; this operator can be applied to a function f : Z+ −→ Rq in
the form (σ f )(t) := f (t + 1). This results in the following:

R0ω +R1ωσ +R2ωσ2 + · · ·+RnωσN = 0. (6)

This allows for the algebraic manipulation of (6) and the factorization of ω. Addi-
tionally, by defining σ and R(σ) : R0 + R1σ + R2σ2 + · · · + RNσN ∈ Rqxq[σ], a kernel
representation of the system can be obtained.[

R0 R1σ R2σ2 · · · RnσN ]
ω = 0

R(σ)ω = 0, (7)

where N is the maximum degree of the shift operator σ. Note that to solve (7), it is necessary
to find the value of the coefficient matrix R. To achieve this, the following Hankel matrices
are constructed:

HLu,ω (u) =


a(1) a(2) · · · a(T − L + 1)
a(2) a(3) · · · a(T − L + 2)

...
...

. . .
...

a(L) a(L + 1) · · · a(T)

, (8)

where L = length(u) + N, with N being the number of states of the system, and ai is
associated with the input u or the signal vectors ω. The matrix HLu ’s purpose is to evaluate
whether the measurement data allow for the complete characterization of the system’s
behavior. In other words, the goal is to determine if the signal is persistently exciting order
L, which implies that the matrix has full row rank HL(u) [43].

If the data are acceptable, a singular value decomposition (SVD) of HL(w) with
dimensions m × n is performed, which generates three simple matrices; thus, its SVD is
expressed as follows:

UΣVT = HL(ω), (9)
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where Σ ∈ Rmxn is a diagonal matrix that contains singular values and has the follow-
ing form:

Σ =

[
Σi 0
0 0

]
, (10)

with U ∈ Rm×m and VT ∈ Rn×n orthogonal. If (9) is left-side multiplied by UT , the
following is true: [

Σi 0
0 0

]
VT = UTHL(ω) =

[
β
0

]
. (11)

This means that U contains some values referred to as annihilators that make the
values in ω zero; thus, it can be partitioned as U =

[
U1 U2

]
, where U2 concentrates

such annihilators. Moreover, from (7), it can be deduced that R(σ) is also an annihilator;
thus, the following is true:

U2 = R, (12)

with R of dimension p × q, p = length(y), and q = length(y) × L. Once R has been
identified, the next step consists of partitioning the matrix R as follows:

R =
[

R0 R1 R2 · · · RL−1
]
. (13)

From (7), and based on partition (13), the resulting equation is given by the following:

R(σ)ω = R0ω +R1σω + · · ·+RL−1σLω, (14)

whose maximum delay degree is now constrained by the length of L.
From (14), space-mapping can be obtained through a technique called shift and cut [40],

which applies a time displacement to obtain the system state variables as follows:

x1 = R1ω +R2σω + · · ·+RL−1σL−1ω

x2 = R2ω + · · ·+RL−1σL−2ω

... =
...

xL−1 = RL−1ω. (15)

The resulting set of equations in (15) is used to approximate the state–space represen-
tation of the system. Applying a delay operator σ, and using (14), the resulting system can
be expressed as follows:

σx1 = −R0ω

σx2 = x1 −R1ω

... =
...

σxL−1 = xL−2 −RL−2ω. (16)

Consider the output equation in (15) y = Rω, where ω = [uy]T . To ensure the
operation is valid, R must be partitioned into R

′
p×r with r = length(u) and R

′′
p×r. Notice

that R
′′

is always square. The output equation is obtained after developing the last equation
of the state vector description (15), which yields the following:
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xL−1 = RL−1ω

xL−1 =
[

R
′
L−1 R

′′
L−1

][
u y

]T

xL−1 = R
′
L−1u +R

′′
L−1y. (17)

The resulting expression for the output equation, in the form analogous to y =
Cx + Dx (in continuous time), can be recovered by multiplying the state vector x by the
output matrix C = R

′′−1
L−1 and adding the contribution of the input u multiplied by the

direct transmission matrix D = R
′
L−1, which yields the following:

y = R
′′−1
L−1xL−1 −R

′′−1
L−1R

′
L−1u. (18)

This expression describes how states and inputs influence the output of the system. In
summary, the state–space representation is given by (16) and (18).

Now, considering the state–space representation of a finite difference system given by

x(k + 1) = Ax(k) + Bu(k)
y(k) = Cx(k) + Du(k), (19)

matrices A and B can be computed as follows:

A =



0 0 0 · · · 0 −A0
I 0 0 · · · 0 −A1
0 I 0 · · · 0 −A2
...

...
...

. . .
...

...
0 0 0 · · · 0 −AL−3
0 0 0 · · · I −AL−2


, B =



B0
B1
B2

...
BL−3
BL−2


, (20)

where Ai = −R
′′
i R

′′−1
L−1 and B = AiR

′
L−1 −R

′
i (with i = 0, 1, 2, . . . , L − 2). Also, identity

matrix I has q × q dimensions. From (20), it is possible to approximate the eigenvalues
and the time constant. Additionally, the system’s controllability can be evaluated. Finally,
matrices C and D are derived by the following:

C = R
′′−1
L−1, D = R

′′−1
L−1R

′
L−1. (21)

4. DC–DC Power Converter Model Identification

Consider the system depicted in Figure 2, which consists of a DC–DC voltage source,
an unknown load, and a DC–DC power electronics converter. The primary objective is to
derive a state–space representation of the converter based on measurable variables, such as
voltages and currents. Depending on the specific DC–DC converter topology, the number
of variables may vary. In the case of voltages, these may include input voltage Vin, output
voltage Vo, and/or the voltage across a capacitor Vcx, while for currents, these could be the
input current Iin, the output current Io, and/or the current through an inductor ILx.

In this work, we aim to obtain a model that approximately matches the real behavior
of boost, SEPIC, and quadratic buck converters. The data for the variables of interest
necessary to identify the coefficient matrix R were obtained from simulations conducted
using the PSIM software for each of the aforementioned converters.

Table 2 presents the values for the passive components of the converters used in the
simulations. A resistive load of RL = 22 Ω was applied to all three converters. Additionally,
due to hardware limitations for computing and sampling, the switching and sampling fre-
quencies were set to 100 kHz. Ref. [44] explores the advantages of designing DC–DC power
converters to operate at very high frequencies (VHF) of hundreds of kilohertz, particularly
those commonly used in converters from watts to several kilowatts in applications such as
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battery chargers and renewable energy conditioning systems. Finally, the input voltage
was fixed at 200 V.

Figure 2. Unknown DC–DC power converter system for model identification.

Table 2. Capacitor and inductor values for the LC input filter of boost, SEPIC, and quadratic
boost converters.

LC Boost Converter LC SEPIC Converter Quadratic Buck Converter

Lin 100 µH 100 µH 1 mH

L1 100 µH 100 µH 1 mH

L2 - 100 µH 350 µH

Cin 10 µF 4.7 µF 10 µF

C1 10 µF 10 µF 10 µF

C2 - 10 µF 10 µF

Additionally, Table 3 presents the constants and eigenvalues for the analyzed con-
verters, which were determined using both the mathematical models and the data-driven
model. It is noteworthy that for the LC boost converter, the system order was reduced
from fourth to second order when employing the data-driven model, and its time constant
was smaller compared to the mathematical model. For the LC SEPIC and LC quadratic
buck converters, the eigenvalues corresponding to the data-driven model were those clos-
est to the imaginary axis. Lastly, the reported time constants represent the smallest and
largest of the system, which are the key factors influencing the transient response and
steady-state stability.

Table 3. Eigenvalues and time constant for the analyzed DC–DC converters.

Boost Converter SEPIC Converter Quadratic Buck Converter

Physical Model Data-Driven Model Physical Model Data-Driven Model Physical Model Data-Driven Model

λ1 0.0015 ± 1.4604j 0.9992 ± 0.0081j 0.001 ± 1.4747j 0.4614 ± 0.6092j 0.0037 ± 1.3806j 0.1925 ± 0.7621j

λ2 0.0212 ± 0.3417j - 0.0159 ± 0.3742j 0.6853 ± 0.3472j 0.0087 ± 0.6818j 0.4198 ± 0.2802j

λ3 - - 0.006 ± 0.7241j 0.4741 ± 0.0971j 0.0104 ± 1.0622j 0.4705 ± 0.6676j

τ1 21.66 µs 6.37 µs 15.04 µs 8.29 µs 51.34 µs 74.89 µs

τ2 92.33 µs - 82.34 µs 13.15 µs 139.25 µs 143.25 µs

It should be emphasized that the identification conducted for these converter models
and their comparison is based on the averaged model. Behaviors resulting from switching
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and small-signal perturbations are excluded from this identification, primarily to enable
a comparison between already identified models and those developed using data-driven
methodology. This does not imply that the methodology for identifying models under
those conditions is invalid.

Additionally, to assess the accuracy of the identified models, the quantitative metric
of root mean square error (RMSE) has been implemented. This metric allows for better
evaluation of the model’s performance in the presence of relatively large deviations from
the actual values. Furthermore, if the model exhibits high variability in its estimation
errors, the RMSE will reflect this instability, enabling the detection of inconsistencies in the
model’s performance.

An important aspect to highlight during both the identification process and the evalua-
tion of the identified model is the idealization of the converter’s operation. This assumption
results in measurements free from internal and external disturbances, thereby avoiding
discrepancies when tracking the actual behavior of the system.

In general, such discrepancies increase estimation bias in the presence of significant
noise, leading to errors and reduced precision. In any real-world application, it is necessary
to condition the measured signals to ensure optimal quality for post-processing in digital
systems [45,46].

4.1. LC Input Boost Converter

For the data-based model identification of the LCL boost converter, as depicted in
Figure 3, the variables utilized are the output voltage Vo = y1 and the current through
the inductor L1, IL1 = y2, which are defined as the outputs of the algorithm. The input is
defined as the duty cycle d.

Figure 3. Electrical circuit for the LCL boost converter.

Moreover, to excite the outputs, the duty cycle was varied between 0.4, 0.55, and 0.4
in an exponential manner with intervals of 62.5 ms. This variation ensures a transition in
the output power between 5 and 9 kW, thereby providing a reasonable change in the input
variables and facilitating the identification of the coefficient matrix R.

x1(k + 1) = −R0ω

y = R
′′−1
1 x1 − R

′′−1
1 R

′
1u. (22)

The difference equations system presented in (22) allow for an approximate identi-
fication of the LCL boost converter model. This can be observed in Figure 4, where the
voltage Vo and current I1 are compared for simulation data and the estimate provided by
the data-based model. For both models, the natural oscillatory behavior of the converter
is observed, highlighting that the data-based model exhibits a greater magnitude of this
behavior. Additionally, the time it takes for the current and voltage signals to stabilize is
much longer compared to what is observed in the electrical model. In the case of the output
voltage, it is also noted that the initial transient has a much smaller magnitude.
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Figure 4. LCL boost identified vs simulated waveforms (a) capacitor voltage Vo and (b) inductor
current IL1.

Additionally, (23) presents a comparison between the state matrix A derived from the
mathematical analysis [47] A1m and that calculated from the state–space representation
A1d. Furthermore, in this case, the system order is reduced from a fourth-order system to a
second-order system.

A1d =
[
−R

′′
0R

′′−1
1

]
A1m =


0 0 −1 0
0 0 1 −u∗

1 −1 0 0
0 u∗ 0 −1/R

. (23)

Figure 5 illustrates the deviation between the simulated and estimated measurements
for the voltage Vo and the current IL1 . In both cases, it can be observed that as more
observations are made, the error decreases. Additionally, regions where the error tends
toward zero can be identified. For example, when comparing Vo RMSE error eVCO with its
magnitude, it is determined that the model begins to diverge in the linear regions of the
measured parameters, while the error tends to zero as the perturbation increases.
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Figure 5. LCL boost. Error between the simulated electrical model and data-driven identified model
for (a) capacitor voltage Vo and (b) inductor current IL1.

4.2. LCL SEPIC Converter

The circuit used during the simulation of the LCL SEPIC converter is depicted in
Figure 6. The parameters of interest in this topology correspond to the capacitor voltage C2
and the current through inductors L1 and L2, which are denoted as Vo = y1, IL1 = y1, and
IL2 = y3, respectively. The input remains defined as the duty cycle u = d.

Figure 6. Electrical circuit for the LCL boost converter.

For the duty cycle, a constant value of d = 0.5 was assumed for the first 100 ms,
followed by an exponential transition of 0.06 every 100 ms. This approach ensures that the
converter operates in boost mode, preventing the model from switching between buck and
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boost behaviors. As a result, the coefficient matrix R captures a more consistent behavior,
leading to a model that closely approximates real-world performance.

The system of equations describing the behavior of this converter is presented in (24).
Note that, unlike the LCL boost converter, the state equations now increase to three.

x1(k + 1) = −R0ω

x2(k + 1) = x1(k)− R1ω

x3(k + 1) = x2(k)− R2ω

y = R
′′−1
3 x3 − R

′′−1
3 R

′
3u. (24)

Figure 7 shows a comparison between the converter’s output signals and those gen-
erated by the identified model. The blue line represents the estimated values, while the
orange dashed line corresponds to the simulation signals. It can be observed that the esti-
mated variables eliminate the initial transient response inherent to the voltage and current
dynamics. Additionally, although the behavior of these variables is closely followed, a
slight error exists between the two signals.
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Figure 7. LCL SEPIC identified vs simulated waveforms (a) inductor current IL2, (b) inductor current
IL3, and (c) capacitor voltage Vo.

Equation (25), a comparison is provided between the state matrix derived from a
mathematical analysis (A2m) and the one obtained from the state–space representation
(A2d). It should be noted that A2d has dimensions of 9 × 9, primarily due to the increase in
linear difference equations proposed to emulate the system’s state behavior.

A2d =

 03×3 03×3 [−R
′′
0R

′′−1
3 ]3×3

I3×3 03×3 [−R
′′
1R

′′−1
3 ]3×3

03×3 I3×3 [−R
′′
2R

′′−1
3 ]3×3

A2m =



0 0 0 −1 0 0
0 0 0 1 u∗ − 1 u∗ − 1
0 0 0 0 u∗ u∗ − 1
1 −1 0 0 0 0
0 1 − u∗ −u∗ 0 0 0
0 1 − u∗ 1 − u∗ 0 0 −1/R

. (25)

Finally, Figure 8 shows the RMSE error for the LCL SEPIC data-driven model. Calcu-
lated error corresponds to the deviation between the estimates and the simulated values.
These relate to the error in the current of inductors L1 and L2 and the voltage across the
output capacitor C2, corresponding to eIL2, eIL3, and eVo. It can be observed that the model
shows better tracking for the currents, which may suggest that the deviation not only
depends on the type of excitation in the input variables but also on the magnitude of the
deviation observed in the output variables.
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Figure 8. LCL SEPIC. Error between the simulated electrical model and data-driven identified model
for (a) inductor current IL2, (b) inductor current IL3, and (c) capacitor voltage Vo.

4.3. LC Input Quadratic Buck Converter

The final model to be identified corresponds to the quadratic buck converter, as
illustrated in Figure 9. Parasitic elements were considered in the inductors with a resistance
value of RLx = 0.4 Ω. The variables to be considered for the model derivation are as
follows: the voltage across capacitor C1, denoted as VC1 = y1; the output voltage Vo = y2;
the currents through inductors L1 and L2, which are represented as IL1 = y3 and IL2 = y4,
respectively. The duty cycle input d is varied exponentially within the range of ∆d = ±0.12
over periods of 100 ms.

Figure 9. Electrical circuit for the LC input filter quadratic buck converter.

The identification of the coefficient matrix R for this converter results in the system of
equations presented in (26), which, for this system, includes four state trajectory equations.

x1(k + 1) = −R0ω

x2(k + 1) = x1(k)− R1ω

x3(k + 1) = x2(k)− R2ω

x4(k + 1) = x3(k)− R3ω

y = R
′′−1
4 x4 − R

′′−1
4 R

′
4u. (26)

In Figure 10, the output variables generated by the proposed model (solid blue line)
are compared with those obtained through simulation (dotted line). It is observed that
the model adequately tracks the converter’s outputs, although it exhibits discrepancies
in approximating the magnitude near the maximum and minimum limits. Additionally,
it is observed that the initial oscillatory behavior is completely mitigated in the data-
based model for both currents and voltages. Finally, the components due to switching are
mitigated, although they are still present.

Finally, (27) provides the state–space matrices for both the data-driven state–space
representation (A3d ) and the theoretical model derived from averaged analysis (A3m).
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A3d =


04×4 04×4 04×4 [−R

′′
0R

′′−1
4 ]4×4

I4×4 04×4 04×4 [−R
′′
1R

′′−1
4 ]4×4

04×4 I4×4 04×4 [−R
′′
2R

′′−1
4 ]4×4

04×4 04×4 I4×4 [−R
′′
3R

′′−1
4 ]4×4



A3m =



0 0 0 −1 0 0 0
0 0 0 u∗ −1 0 0
0 0 0 0 u∗ −1 0
1 −u∗ 0 0 0 0 0
0 1 −u∗ 0 0 0 0
0 0 1 0 0 −1/R 0
0 0 0 0 0 1 0


. (27)
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Figure 10. Quadratic buck converter identified vs. simulated waveforms: (a) inductor current IL2,
(b) inductor current IL3, (c) capacitor voltage VC2, and (d) capacitor voltage Vo.
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Figure 11. LC quadratic buck. Error between the simulated electrical model and data-driven identified
model for (a) inductor current IL2 , (b) inductor current IL3 , (c) capacitor voltage VC2 , and (d) capacitor
voltage Vo.

Figure 11 shows the calculated RMSE error between the estimates and the simulated
values. These relate to the error in the current of inductors L1 and L2, as well as the voltage
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across capacitor C1 and output capacitor C2, corresponding to eIL2, eIL3, eVC2, and eVo. It
can be observed that the model shows better tracking for the currents.

5. Model Validation

To validate the system of equations for the state–space representations obtained for
each converter, a simulation was conducted by varying the input u, i.e., the duty cycle d.
This variation followed a step-like change with ∆d = 0.01 every 50 ms. For this validation,
the sampling frequency was reduced to 10 kHz, which does not affect the process, as the
identification of the coefficient matrix R is no longer performed.

5.1. LC Input Boost Converter

Figure 12 presents the plots for the output voltage Vo and the inductor current IL1 of
the LCL boost converter. Both estimations exhibit oscillatory behavior at the start, with
the estimated signals showing a higher magnitude. Additionally, this oscillatory behavior
is also observed during duty cycle transitions. It can be seen that the data-driven model
is capable of tracking the trajectory of the real system. An error analysis is required to
quantify the deviation between the estimation and the simulation.
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Figure 12. Simulated and estimated waveform for a step-like change d: (a) converter output voltage
Vo and (b) inductor current IL1.
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Figure 13. For the data−driven identified model, error between simulated and estimated signals
(a) Vo and (b) inductor current IL1.

To evaluate the model’s accuracy under conditions different from those used during
its identification, Figure 13 shows the RMSE error for current IL1 in (b) and for output
voltage Vo in (a). During steady-state periods, the magnitude of these errors stays below an
average of 1%. However, during transient phases resulting from changes in the input signal
d, errors of up to 10% are observed. This is attributed to the minimal transient response in
the estimated signal produced by the data-driven model.

5.2. LCL SEPIC Converter

The plots presented for the LCL SEPIC converter in Figure 14 correspond to the
estimated currents in IL1 and IL2 , as well as the output voltage. The signals are compared
between the state–space representation (dotted line) and the simulation results. It can be
observed that, in this case, the estimation of the output variables does not exhibit oscillatory
or transient behavior due to the step transition of the duty cycle. This is attributed to the
augmentation of the system’s state equations, which allows the hidden states of the model
to function as a filter for high frequencies.
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Figure 14. Simulated and estimated waveform for a step−like change d converter: (a) inductor
current IL1, (b) inductor current IL3, and (c) capacitor voltage Vo.

To assess the model’s accuracy under conditions different from those used for its
identification, Figure 15 presents the RMSE error for currents IL2,3 in (a) and (b), as well as
for output voltage Vo in (c). The magnitude of these errors remains below an average of
1% during steady-state periods. However, during transient phases caused by changes in
the input signal d, errors of up to 10% are observed. This is due to the minimal transient
response in the estimated signal generated by the data-driven model.
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Figure 15. For the data−driven identified model, error between simulated and estimated signals:
(a) inductor current IL1, (b) inductor current IL3, and (c) capacitor voltage Vo.

5.3. LC Input Quadratic Buck Converter

In Figure 16, the estimated and simulated graphs for the quadratic buck converter are
shown, corresponding to the currents in IL1 and IL2, as well as the voltages in VC1 and Vo.
It can be observed that the transients in the estimated signals have been almost completely
attenuated. This is due to the increase in the order of the linear difference equations in the
obtained model. This may indicate that, as the number of equations increases for a system,
the transient behavior may not be represented optimally.
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Figure 16. Simulated and estimated waveform for a step−like change d converter: (a) inductor
current IL2, (b) inductor current IL3, (c) capacitor voltage VC2, and (d) capacitor voltage Vo.
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Figure 17. For the data−driven identified model, error between simulated and estimated signals:
(a) inductor current IL2, (b) inductor current IL3, (c) capacitor voltage VC2, and (d) capacitor voltage Vo.

To verify the accuracy of the model under conditions different from those used for
its identification, Figure 17 shows the RMSE error for currents IL2,3 , (a) and (b), and those
related to voltages VC2 and Vo, (c) and (d). The magnitude of these errors does not exceed
an average of 1% during steady-state periods. However, it can be observed that during
transients, due to changes in the input signal d, errors of up to 10% are reached. This
is because the transient response in the estimated signal from the data-based model is
practically negligible.

6. Conclusions

This article proposes a data-driven methodology to determine a model for DC–DC
power electronic converters based on state–space representation without the need for an
equivalent electrical model and requiring only a few measurements. Additionally, it enables
the identification of matrices A, B, C, and D, which define a linear dynamic system. This
methodology allows for the recognition of the system trajectories, which are determined by
the coefficient matrix R through the application of controlled changes to the input signal
d and the observation of output signals, including voltages and currents. This process
establishes a system of linear difference equations that approximates the actual behavior of
the converters.

Furthermore, in cases where access to one of the system variables is restricted or if
there is a need to correct the state trajectories, an observer can be implemented to help
adjust the system inputs, providing a more accurate estimation of the output variables.

The model validation was carried out using a different excitation condition for the
input signal d than the one used for its identification and by comparing the model’s output
with simulation measurements. The error between the estimated and simulated signals
for the converters ranges from 1% to 3% for the currents, while the average deviation
between the model and the simulation is around 4% for the voltages in the comparison
between models. On the other hand, for the verification of the generated models, an average
deviation during steady-state conditions of no more than 1% was observed in all cases. The
results showed that the trajectories of the analyzed converters from the generated model
can closely follow the trajectories of the real system, providing a highly accurate estimation
of the proposed voltages and currents for each converter.
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Nomenclature
The following abbreviations are used in this manuscript:

∆d Duty cycle variation
d Duty cycle
ILx Inductor current
R Coefficient Matrix
RL Resistive Load
RLx Inductor parasitic resistance
RMSE Root Mean Squared Error
VCnx Capacitor voltage
Vin Input voltage
Vo Output voltage
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