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Abstract—The isolated Quadruple Active Bridge (QAB)
topology facilitates the flexible interconnection of multiple sources
and loads in DC grids. However, this topology poses significant
modelling challenges due to strong cross-coupling and multi-
ple operating modes. This paper proposes a model-free, data-
driven approach for open-loop characterization of the QAB as
a Multiple-Input Multiple-Output (MIMO) system. Utilizing the
Dynamic Mode Decomposition with Control (DMDc) as a black-
box identification technique, the system and input matrices are
simultaneously identified from measurement data captured from
the simulation. In order to address the nonlinear behaviours that
occur across operating points, a polytopic model is constructed
from a weighted combination of local linear models. The validity
of the proposed method is demonstrated through circuit-level
simulations and eigenvalue analysis under varying operating
conditions, thereby evidencing both high accuracy and robustness
to measurement noise.

Index Terms—black-box modelling, quadruple active bridge,
small-signal dynamics, polytopic model, eigenvalue analysis.

I. INTRODUCTION

The growth of local generation and storage capacity,
and the resulting ability of loads to act as power sources
in the short term, enhances the attractiveness of bidirec-
tional converter topologies, such as the multi-active-bridge
(MAB). While MAB converters such as the triple-active-
bridge (TAB) [1], or quadruple-active-bridge (QAB) [2] facili-
tate the efficient connection of a large number of bidirectional
sources/loads, the degrees of control freedom afforded by these
converters carry the cost of an increased analytical effort in
steady-state and dynamic modelling.

Since two control parameters are associated with each
active bridge, the QAB topology, with four active bridges,
involves a large number of such parameters. The closed-form
computation of the steady-state condition itself is analyti-
cally demanding. The small-signal model then depends on
the specific mode of operation of the converter. The limited
number, and scope of such investigations in the literature
bears testament to the analytical burden of the task, especially
since a QAB typically operates across multiple modes, each
possessing a distinct small- and large-signal model.

The computation of the large-signal operating condition
can be simplified by considering harmonic power flow, whose
accuracy is demonstrated in [3]. However, the direct con-

struction of a small-signal model without resorting to large-
signal expressions, poses the challenge of reduced accuracy.
Tolerances in converter parameters, as well as unmodeled
dynamics and non-ideal behaviors, lead to further deviations.
The direct modeling of the system, from measurements on the
converter, is an alternative to effect the automated construction
of accurate converter models. Black-box dynamic modeling is
one such approach, which can be used to identify a small-
signal model in a model-free fashion [4].

Several black-box identification techniques have been ex-
plored in the context of power electronic systems. Classical
linear techniques, such as subspace identification [5] and
prediction error methods (PEM) [6], offer systematic frame-
works for MIMO system identification, but typically require
extensive preprocessing and long datasets to ensure robustness,
especially in the presence of noise and system nonlinearities.
ARX and ARMAX models [7], while computationally effi-
cient, often fail to generalize well across varying operating
conditions and are less suited for capturing complex multi-
mode dynamics, such as those present in QAB converters.

More recently, machine learning-based approaches, includ-
ing neural networks and Gaussian process models, have been
proposed for system identification in power electronics [8],
[9]. While these methods can approximate nonlinear behaviors,
they often require large training datasets, are computationally
intensive, and typically lack interpretability, making them less
ideal for control-oriented applications.

In contrast, Dynamic Mode Decomposition with Control
(DMDc) [10] offers a powerful and efficient approach for iden-
tifying linear, discrete-time models directly from input–output
data, without requiring prior knowledge of the system’s inter-
nal dynamics. This is particularly advantageous for complex
converter topologies like the QAB, where analytical model-
ing is challenged by strong cross-coupling, nonlinearity, and
multiple operating modes.

DMDc is well-suited for open-loop modeling of such sys-
tems due to several key features. It extracts dominant dynamic
modes using low-rank approximations, resulting in compact
models that are interpretable and control-friendly. Its ability
to clearly separate system and input matrices is especially
useful for MIMO systems. Compared to conventional black-



box methods—such as subspace identification or ARX-type
models—DMDc requires fewer data points, is more resilient
to noise, and is less prone to overfitting. Moreover, it inte-
grates well with modern simulation workflows and allows for
reduced-order modeling, making it applicable in both offline
analysis and real-time implementations.

These properties make DMDc a compelling choice for
the open-loop modeling of the QAB under varying operating
conditions, providing a flexible and scalable foundation for
further development of control strategies, diagnostics, and real-
time simulation frameworks. Building upon these advantages,
this paper applies DMDc to the QAB for the first time in this
context and proposes a systematic framework tailored to its
unique modeling challenges. The main contributions of this
paper are:

• A model-free, data-driven approach is proposed for small-
signal modeling of the QAB converter using the DMDc
method.

• The proposed method enables accurate identification of
MIMO QAB dynamics using input-output data capture
from simulations, without requiring detailed knowledge
of the converter’s internal structure or operating mode.

• A polytopic model formulation is introduced, allowing
accurate modeling of QAB behavior over a wide operat-
ing range using multiple local LTI models connected via
multidimensional sigmoid weighting functions.

• The approach is validated in simulation and eigenvalue
analysis using a QAB polytopic model, showing a good
agreement between the identified model and model be-
havior for a wide range of phase shift perturbations and
measurement noise levels.

The remainder of this paper is structured as follows:
Section II introduces the QAB topology and its modeling.
Section III presents the proposed identification methodology.
Section IV discusses the simulation results, including com-
parisons under various operating conditions. Finally, Section
V concludes the paper and outlines future work.

II. QAB SYSTEM DESCRIPTION AND ANALYSIS

The schematic of a QAB converter is shown in Fig. 1a.
The QAB comprises four modules, denoted by the subscripts,
k = {1, 2, 3, 4}, each comprising a MOSFET full bridge
(Sk1–Sk4). Each full bridge is connected, through a power
transfer inductance (Lk), to an nk-turn winding of a 4-winding
transformer.

Representative operating waveforms, showing the voltages,
vac,k, at the ac ports of the QAB are presented in Fig. 1b. The
modulation method is considered to produce square-wave ac
voltages with a 50% duty ratio at the ac terminals of the QAB,
resembling the single phase-shift modulation strategy. For this
modulation strategy, the definitions of the phase-shifts, ϕ2, ϕ3,
and ϕ4, is indicated in Fig. 1b with ϕ1 set to zero without loss
of generality.

An asymmetric structure, with one sourcing (port 1) and
three sinking (2, 3, 4) ports is considered for this work.

(a)

(b)

Fig. 1: (a) Circuit schematic of a an isolated QAB converter. (b) Represen-
tative operating ac voltage (vac,k) waveforms of the QAB, with the phase
shifts indicated.

Considering the dc voltage, vdc,1, at port 1, to be constant,
In this formulation, the states (x) and control inputs (u) of
the system, corresponding to the voltages at the load ports
and the phase shifts, respectively, are defined as

x ≜
[
vdc,2 vdc,3 vdc,4

]T
, u ≜

[
ϕ2 ϕ3 ϕ4

]T
. (1)

The derivation of a small-signal model for the QAB, using
the standard approach of analytical linearization about an equi-
librium point, gives rise to a large number of analytical cases,
each applicable to an the operating mode of the converter.
The next section describes an alternative data-driven modeling
approach for the QAB.

III. PROPOSED MODEL IDENTIFICATION APPROACH

Identification of a MIMO system attempts to capture the
system dynamics with only the knowledge of system inputs
and the measurement of outputs. Most of the physical equip-
ment have complex nonlinear dynamics in nature. However,
the behavior of physical systems are commonly described with
a linear time invariant (LTI) models. The LTI models are useful
for tuning purposes, but generally neglect the nonlinearity in
the dynamics and approximate it by linear terms. Therefore,
they are only valid in a small neighborhood of an equilibrium
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Fig. 2: Block diagram illustrating the proposed model identification algorithm.

point. For correct identification, system input must be properly
perturbed. The selection of the system perturbation relies on
whether the measurements are captured in open-loop or closed
loop. Due to uncorrelated inputs and outputs, identification
in open-loop can generally detect the system dynamics more
reliably. In this paper, open-loop black-box identification using
Dynamic Mode Decomposition with control (DMDc) with
polytopic LTI models is proposed to capture the dynamics
of a QAB converter around pre-defined equilibrium points
[10]. This method is shown to provide promising results in
the field of identification of power electronic based converters
[11], [12]. The DMDc is a model-free, data-driven method,
which attempts to identify the modes of the system based
on measurement or simulation. In the next subsection, the
theory of DMDc method used in this paper is introduced. It
follows with the formulation and finally the identification and
validation results.

A. Theory of DMDc Method for Identification

The DMDc method 1 identifies the LTI discrete state space
system, both the system matrix A and the input matrix B
based on the measurement of inputs and outputs. This can be
described as :

x(k + 1) = Ax(k) +Bu(k) (2)

The states x(k) here are the measured output signals and u(k)
are the control inputs in the interval of ∆t, representing n
outputs and m inputs. According to [10], by an off-line snap-
shot collection of outputs of r+1, one can create a total state
matrix, the shifted state matrix and input matrix as:

Xnxr =

 | | ... |
x1 x2 .. xr

| | ... |

 , (3)

X
′

nxr =

 | | ... |
x2 x3 .. xr+1

| | ... |

 , (4)

1The DMDc formulation is adapted directly without changes from [10].

Fig. 3: Simulated waveforms of the perturbed phase shift, ϕ̃2, showing the
noise superposed on the square wave. The resulting voltage perturbations are
also shown.

Unxr =

 | | ... |
u1 u2 .. ur

| | ... |

 (5)

The above three matrices described the system dynamics as:

X
′
= AX +BU (6)

The target of the DMDc is to find a model, described by a
lower dimension matrices. Assuming the input as new states
[10], the equation (6) can be formulated as:

X
′
=

[
A B

] [X
U

]
= GΩ (7)

According to [10], the G matrix can be approximated using
reduced Singular Value Decomposition (SVD) of Ω and ig-
noring the very small singular values with some threshold.

Ωsvd = WSV ∗ = W̃ S̃Ṽ ∗, (8)

G̃ = X
′
Ṽ S̃−1W̃ ∗ (9)

The matrix A and B can be approximated by splitting the G
matrix by W̃ = [W̃ ∗

1 W̃
∗
2 ]

T as :

A = X
′
Ṽ S̃−1W̃ ∗

1 , (10)

B = X
′
Ṽ S̃−1W̃ ∗

2 , (11)



The next step is to build the reduced order system and input
matrices, which contain the most dominant dynamics of the
system. These can be computed by transformation of x = Ŵ x̃,
where Ŵ is derived from X

′

svd = WSV ∗ = Ŵ ŜV̂ ∗.

x̃
′
= Ãx̃+ B̃ũ (12)

with: Ã = Ŵ ∗X
′
Ṽ S̃−1W̃ ∗

1 Ŵ , (13)

B̃ = Ŵ ∗X
′
Ṽ S̃−1W̃ ∗

2 . (14)

The Ã and B̃ matrix are the discrete LTI model of system,
represent the dynamics around the equilibrium points, where
the snapshots are taken. Eigenvalues of Ã provide information
about the decay rate and stability of the system in that small
neighborhood and can be used for the controller design and
tuning purposes.

B. Extension of LTI Dynamic Identification

As mentioned previously, identification of system dynam-
ics near the equilibrium point is generally performed by de-
signing a proper perturbation of inputs. In MIMO systems with
multiple inputs, one can perturb each input individually, while
keeping others constant. The identification process from all
perturbations should result same system matrix A. However,
due to the nonlinear terms, this may result in not identical
system matrices. In this paper, the final system matrix will be
calculated in by averaging the result matrices, identified via
separate perturbation.
The nonlinearities can become significantly dominant, if the
operating point deviate from the equilibrium point, used in
the identification. One common approach is to build several
local LTI models around multiple equilibrium and combine
those as a polytopic model to have a smooth transition between
operating point by using a weighting function.

ẋ(k + 1) = Σwi(u
∗)(Aix(k) +Biu(k)) (15)

The weighting functions wi must provide a equally space
connection between the adjacent models and also not interfere
with the other adjacent weighting function. These functions
can be selected as triangular weighting function, bell-shaped
functions, double sigmoid functions, and trapezoidal functions
are also commonly used. According to [13], [14], the double
sigmoid weighting function is suitable for this application.
Since the QAB has a MIMO model, the total weighting
function in the back-box modeling is multidimensional and
is a multiplication of individual weighting functions of each
inputs as:

wi(u1, ..., uk) = wi(u1) ∗ ... ∗ wi(uk) (16)

with: wi(ui) =
1

1 + e−a1(ui−c1)
− 1

1 + e−a2(ui−c2)
. (17)

where a1 and a2 are the slope and c1 and c2 are the center of
left and right sigmoids accordingly.

C. LTI Dynamic Identification of QAB Converter

The identified LTI dynamics with three phase shifts as
control inputs and dc terminal voltage of port 2,3 and 4 as

TABLE I: (A) PARAMETERS, AND (B) OPERATING CONDITIONS OF THE
SIMULATED QAB.

(a)

Switching frequency, fsw 50 kHz

Inductance, Lk 40 µH
Turns ratio, nk 1

(b)

Terminal voltage, {vdc,1, vdc,2} {400, 340} V

Terminal voltage, {vdc,3, vdc,4} {310, 360} V

Load resistance, {R2, R3, R4} {200, 100, 300} Ω

Phase shift, {ϕ̄2, ϕ̄3, ϕ̄4} {15◦, 18◦, 13.8◦}

0 0.05 0.1 0.15 0.2

-2

-1

0

1

2

10-3

Fig. 4: Noisy perturbation inputs for identification purpose

output has the form as below:vdc,2(k + 1)
vdc,3(k + 1)
vdc,4(k + 1)

 =

ã11 ã12 ã13
ã21 ã22 ã23
ã31 ã32 ã33

vdc,2(k)vdc,3(k)
vdc,4(k)

+ (18)

 | | |
B̃ϕ2 B̃ϕ3 B̃ϕ4

| | |

ϕ2

ϕ3

ϕ4

 (19)

with: ã11 ã12 ã13
ã21 ã22 ã23
ã31 ã32 ã33

 = Ã
ϕ2,3,4

(20)

The Ã
ϕ2,3,4

is the matrix of the system and B̃ϕi are the
input vectors, identified by the DMDc algorithm by perturbing
the ϕi randomly simultaneously. The vdc,i and ϕi notations
present the normalized signals around the equilibrium point.
The same procedure is applied to multiple operating points.
The multiple sets of identified LTI systems are connected
by the sigmoid weighting functions, mentioned previously to
consider the nonlinear dynamics existing by change in the
operation points.

IV. SIMULATION RESULTS

The proposed modelling approach is verified in simulation
on a QAB converter with parameters and operating conditions
presented in Table II and Ib, respectively.

The block diagram employed to implement the proposed
model identification procedure is presented in Fig. 2. The
phase shifts are successively perturbed with a square wave



2010
10

15

3
 (°)

4
 (

°)

15

2
 (°)

15

20

1020

(15°,18°,13.8°)

(18°)

(13.8°)

(15°,15°,10°)

(15°,20°,10°)

(15°,15°,15°)

(15°,20°,15°)

(15°,18°,13.8°)

(a)

10 12 16 18 20
0

0.5

1

Double Sigmoid

No.2

Double Sigmoid
No.1

Double Sigmoid

No.3

15

0.83

0.17

0.98

0.02

13.8

(b)

Fig. 5: (a) Input range mesh for Polytopic linear model for multiple inputs
ϕ2, ϕ3, and ϕ4. (b) Representative sigmoid function for polytopic weighting
coefficients.

signal superposed with white noise, and the corresponding
perturbed measured noisy output voltages fed into the model
identification algorithm with the same data sampling as switch-
ing frequency. The Key simulated waveforms of the model
identification and verification process are presented in Fig. 3,
showing the perturbed phase shifts and terminal voltages. The
model obtained through the proposed approach is evaluated
by applying the inputs illustrated in Fig. 4. The inputs of the
circuit simulation model are perturbed using three time-shifted
intermediate-amplitude (0.1◦) pulse signals superimposed with
small-amplitude (0.01◦) noise. To consider the effect of
nonlinearities in the model around the operation point, the
polytopic model is made using the mesh ranged from (10, 20)
for all three phase shifts ϕ2, ϕ3 and ϕ4. This is illustrated in
Fig.5a. To construct the illustrated polytopic model, totaly 27
(33) models needs to be experimentally identified. Focusing
on the current operating point of ϕ2 = 15, ϕ3 = 18 and
ϕ4 = 13.8, the operating point is on the plane of ϕ2 = 15.
Therefore, only 4 identified model is required to construct the
model in this operation point. According to (15), weighting co-
efficients for models m1-m4 must be calculated for the internal
points. For the calculation of these coefficients, three double
sigmoid functions with the parameters in Table.X are utilized.
The results are illustrated in Fig. 5b. With m1=(15°,15°,10°),
m2=(15°,20°,10°), m3=(15°,15°,15°) and m4=(15°,20°,15°) ,
the weighting coefficients are as follows:

ẋ(k + 1) = Σwmi(Aix(k) +Biu(k)), i ∈ {1...4}, (21)
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Fig. 6: Validation of results comparing exact identification and the polytopic
model during parallel operation with noisy simulation measurements for (a)
vdc1, (b) vdc2, and (c) vdc3.
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Fig. 7: Impact of polytopic model structure on discrete eigenvalues

4∑
i=1

wmi
= 1, wmi

= wi1(ϕ1) · wi2(ϕ2) · wi3(ϕ3), (22)

wm1 = 1 · 0.17 · 0.02 = 0.0034, (23)
wm2 = 1 · 0.83 · 0.02 = 0.0166, (24)
wm3 = 1 · 0.17 · 0.98 = 0.1666, (25)
wm4 = 1 · 0.83 · 0.98 = 0.8134. (26)

To validate the polytopic model construction strategy for
the QAB, the response of the weighted model is compared in
Fig.6a- 6c with that of the exact identified model (obtained
directly at the target operating point) and the noisy measure-
ment from the reference simulation model. The identification
at the exact operating point shows excellent agreement with
the measurement data. The dynamic response of the polytopic
model, however, exhibits noticeable discrepancies, primarily
in one of the output variables.

A comparison of the identified eigenvalues between the
identification on the exact point, polytopic vertices and
weighted polytopic model is illustrated in Fig. 7. If the dy-
namic response is deemed unsatisfactory, the model accuracy
can be improved by refining the operating point mesh used
in the polytopic construction, as illustrated in Fig.5a. One
of the key strengths of the proposed method is its robustness
to measurement noise. To evaluate this, system identification
was performed at the target operating point under varying
noise levels, with additive white noise of 0.2v, 0.5v, and 1v
standard deviation. As shown in Fig.8, higher noise levels
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cause the model to capture spurious faster dynamics, leading
to noticeable overshoot after input perturbations. This effect is
also evident in the eigenvalue distribution in Fig.9, where noise
introduces faster modes. Applying a moving average filter
with a 50-sample window effectively suppresses these artifacts.
After filtering, the identified models closely match those
obtained under noise-free conditions, demonstrating improved
accuracy and confirming the method’s robustness.

V. CONCLUSION

This paper presented a black-box modeling approach for
the Quadruple Active Bridge (QAB) converter using Dynamic
Mode Decomposition with Control (DMDc). The method
enables accurate identification of discrete-time MIMO state
space models without requiring prior knowledge of the sys-
tem’s internal dynamics, addressing the complexity of analyt-
ically modeling QAB converters.

To capture nonlinear behavior across a wide operating
range, a polytopic modeling framework was developed using
locally identified LTI models and multidimensional double
sigmoid weighting functions. Simulation results and eigen-
value analysis have demonstrated strong agreement with the
reference model and showed that the approach remains ro-
bust under measurement noise, with performance recoverable
through simple filtering.

The proposed method provides a scalable and practical so-
lution for modeling complex multi-port converters and serves
as a foundation for future work on experimental validation and
real-time control integration.

TABLE II: POLYTOPIC MODEL: DOUBLE SIGMOID FUNCTION
PARAMETERS

Double sigmoid left/right slopes, a1, a2 2, 2
1st double sigmoid centers (Left/Right), c1, c2 7.5, 12.5
2nd double sigmoid centers (Left/Right), c1, c2 12.5, 17.5
3rd double sigmoid centers (Left/Right), c1, c2 17.5, 22.5
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