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Abstract—Due to the intricate array of control parameters,
achieving efficiency optimization for a typical dual active bridge
(DAB) prototype becomes a laborious and time-intensive task. Tra-
ditional methodologies have revolved around an idealized lossless
model of DAB, inevitably leading to a disparity between theoreti-
cal ideals and experimental realities. To surmount this challenge,
we employ a hybrid data-driven model that seamlessly integrates
insights derived from both simulation and experimentation. The
disparity between the experimental and simulated models is rep-
resented as a residual branch, akin a nonlinear, and dissipative
impedance. This residual branch contributes to a fraction of power
losses and subsequent output voltage/power reduction. The strate-
gic minimization of residual branch emerges as a pivotal step in
identifying the optimal control parameters. These optimal control
parameters are then subjected to practical testing on the DAB
prototype, allowing for the evaluation of their effectiveness. By
analyzing the results obtained from experiments conducted on a
3-kW DAB prototype, we leverage a perturbation-based optimal
examination technique to validate the efficacy of the proposed
efficiency optimization methodology.

Index Terms—Data-driven model, dual active bridge converters,
efficiency optimization.

I. INTRODUCTION

THE dual active bridge (DAB) dc/dc converter, introduced
in [1] and [2], consists of two full bridges connected by a

power inductor and a high-frequency transformer (HFT). DAB
continues to gain significant attention due to its numerous ad-
vantages, including galvanic isolation, zero-voltage switching-
ON (ZVS), wide voltage gain range, high power density, and
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Fig. 1. (a) Topology of DAB. (b) Operating waveforms of DAB with positive
and negative power transmission.

bidirectional power flow capability. These features have made
DAB a popular choice for various applications, such as energy
storage systems [3], [4], [5], microgrids [6], [7], [8], automation
applications [9], [10], [11], and solid-state transformers [12],
[13], [14].

Fig. 1 depicts the power stage and the typical waveforms of
fixed frequency symmetric modulated DAB. The DAB consists
of four primary switches, four secondary switches, a power
transmission inductor L and an HFT. The ratio of HFT is 1:n
and the switching frequency is fs. The output port voltage of
AB and CD are vAB and vCD, and the inductor current is iL.
The power transmission, P of a DAB can be positive or negative
by controlling the conducting sequences of the switches. The
primary bridge pulse width angle ϕ1, secondary bridge pulse
width angle ϕ2, and the phase shift angle α between two bridges
are expressed in radian, respectively. The control parameter is
expressed as (α,ϕ1,ϕ2). The range ofα,ϕ1, andϕ2 areα�[–π,
π], ϕ1�[0, π], and ϕ2�[0, π]. The red circle, and blue square
denote the switches are with ZVS, and hard switching.

DAB presents a spectrum of control freedoms, giving rise to
the exploration of diverse modulation schemes aimed at bolster-
ing its efficiency and power density. Within the realm of various
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control approaches, single-phase shift (SPS) is widely adopted
due to its simplicity [1], [2]. Nonetheless, SPS encounters a
limitation in its ZVS range, leading to suboptimal efficiency
when the voltage gain M significantly deviates from unity.
To transcend this constraint and elevate DAB’s performance,
alternative control methodologies have emerged, including dual
phase shift (DPS) [15], [16], [17], extended phase shift (EPS)
[14], [18], [14], and triple phase shift (TPS) [19], [20], [21],
[22]. These strategies are designed to curtail reverse current
flow, peak current demand, and/or the root mean square (rms)
current, thereby amplifying the overall efficiency of DAB. Most
of the analyses centered on an idealized lossless model of DAB,
disregarding its nonlinear characteristics and unconsidered pa-
rameters. Consequently, a disparity emerges between theoretical
optima and experimental outcomes. The pioneering work of
[23] identified disparities between the power flow under SPS
modulation and analytical predictions. Subsequent studies [24],
[25] delved into the influence of deadtime Td on ZVS region and
power transmission characteristics.

Owing to the intricate array of control parameters, achieving
efficiency optimization for a typical DAB prototype becomes a
laborious and time-intensive task. For instance, when contem-
plating a 30-step evenly distributed exploration of α, ϕ1, and ϕ2

to pinpoint the optimal efficiency point in one operating condi-
tion, an exhaustive 303 = 27 000 rounds of experiment efficiency
measurements using a power analyzer become necessary, yet
this magnitude of experimentation verges on impracticality. The
challenge compounds further when the pursuit involves mapping
out the optimal trajectory of control parameters across expansive
operating conditions.

Recently, researchers have explored the application of artifi-
cial intelligence (AI) technologies in DAB optimization. Xiao
et al. [26] employed transfer learning techniques to assess power
loss and efficiency in power converters. Tang et al. [27] and Lin
et al. [28] applied the Q-learning and data trimming methods,
respectively, to augment the performance of DAB converters.
However, it is noteworthy that both [27] and [28] relied exclu-
sively on simulation data. This reliance poses a limitation, as the
potential discrepancies between simulated outcomes and experi-
mental results remain unaddressed. To address this challenge, we
harness insights from both simulation and experimentation. To
intricately capture the operational behavior of a DAB prototype,
we establish an experimental data-driven power flow and voltage
gain model through a high-speed automatic data acquisition plat-
form. Concurrently, we conduct a parallel simulation utilizing a
streamlined physical model.

The process flowchart of the proposed approach is illustrated
in Fig. 2. Through data acquisition from both simulation and
experimentation phases, a hybrid data-driven model is formed,
integrating data-driven models derived from both simulated and
experimental datasets. The disparity between the experimental
and simulation models is represented as a residual branch. This
residual branch can be envisioned as a nonlinear, dissipative
impedance, contributing to a fraction of power losses and out-
put voltage/power reduction. The minimization of this residual
component becomes instrumental in the pursuit of identifying
optimal control parameters. The optimal control parameters are

Fig. 2. (a) Flowchart of the proposed hybrid data-driven optimization method.
(b) Relation between the M and Po experiment data-driven model E(X, M, Po),
the M and Po simulation data-driven model S(X, M’, P’o), and the residual
branch R(X, M’-M, P’o-Po).

then employed in testing on an experimental prototype to gauge
their effectiveness. By analyzing the experimental outcomes, a
perturbation-based optimal examination technique is employed
to validate the proposed efficiency optimization methodology.

The rest of this article is organized as follows. In Section II, the
intricate procedure of the proposed method is expounded upon,
encompassing the acquisition of both simulation and experiment
data-driven models, alongside the optimization process for the
residual branch. Section III presents the experimental results.
Section IV presents the discussion. Finally, Section V concludes
this article.

II. HYBRID DATA-DRIVEN OPTIMIZATION METHOD

As depicted in Fig. 2, the proposed optimization method
integrates both simulation and experimental parts. The method
involves iterative collection of raw data through physical
model simulations and hardware experiments. These combined
datasets contribute to the construction of a hybrid data-driven
model, encompassing information from both simulations and
experiments. To address disparities between the simulation and
experiment models, a residual branch is introduced.

The residual branch can be conceived as a nonlinear, dissi-
pative impedance connected to a multitude of factors: the input
voltage Vin, the load RL, the phase shift angles (α, ϕ1, ϕ2),
the deadtime Td, the voltage gain M’, and output power P’o
in the simulation part. The origin of this residual branch can
be traced to disparities between the simulation model and the
physical experimental prototype. Minimization of this residual
branch facilitates the search for optimal control parameters [cf.,
Section II-C]. These optimized parameters are subsequently
applied to an experimental prototype to assess their efficacy.
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Fig. 3. Circuit diagram of DAB in the simulation process.

TABLE I
KEY VARIABLES IN THE SIMULATION PROCESS

A. Simulation Data-Driven Model

During the simulation phase, the circuit diagram for the DAB
is presented in Fig. 3. The impedance analyzer is employed
to measure the inductance L, and winding resistance rL of the
power inductor. Determination of the excitation inductance Lm,
leakage inductance, and transformer resistances (Llk1, Llk2, rlk1,
rlk2) involves measuring open/short circuit impedances using the
impedance analyzer. Extracting information from their respec-
tive datasheets, the drain-source on-state resistance rds-on of the
power MOSFETS rs1–rs8, and the equivalent series resistance of
the two film capacitors (rc1, rc2) is achieved.

The circuit is subjected to iterative simulations involving four
loops, namely the three phase shift angles (α, ϕ1, ϕ2), and the
deadtime Td. Maintaining a time step of 100 ns and a simulation
duration of 20 ms ensures the circuit reaches a steady state. To
ensure precision in results, the output voltage V’o is computed
by averaging across 10 switching cycles (2000 data points for
fs = 50 kHz). The values for V’o and the voltage gain M’ are
expressed as follows:

Vo =
1

2000

2000∑
i=0

Vo−sim (i) (1)

M ′ =
Vo

nVin
=

1

2000nVin

2000∑
i=0

Vo−sim (i) (2)

P ′
o =

V 2
o

RL
=

n2V 2
inM

′2

RL
. (3)

Table I provides a comprehensive summary of the initial
values, final values, and iteration steps for all variables during
the simulation phase. In total, an extensive set of simulations
amounting to 5 × 5 × 21 × 21 × 26 × 3 = 859 950 samples was
conducted. This vast collection results from the permutations of

Fig. 4. Training process of the ANN (the input is the raw data, and the output
is the data-driven model after the training process).

input variables (Vin, RL,α,ϕ1,ϕ2, Td) and output variables (V’o,
M’). A simple feedforward artificial neuron network (ANN)
is utilized to determine the optimal nonlinear fitting for the
following pair of equations:

M ′ = f1 (α,ϕ1, ϕ2, Td, Vin, RL) → f1 (x1; θ1) (4)

P ′
o = f2 (α,ϕ1, ϕ2, Td, Vin, RL) → f2 (x1; θ2) (5)

where x1 denotes the input variables, θ1 and θ2 correspond to
the ANN hyperparameters learned from the data.

The design process of the feedforward ANN hinges on two
pivotal factors: network size and accuracy. Enhanced accuracy
can be attained by augmenting the count of neurons and layers
within the network. As depicted in Fig. 4, the ANN acquires
knowledge from data through the training algorithm. To address
the regression problem at hand, quadratic loss functions have
been employed for solution, as outlined in the following equa-
tions:

L1 (M
′, f1 (x1; θ1)) = (M ′ − f1 (x1; θ1))

2 (6)

L2 (P
′
o, f2 (x1; θ2)) = (P ′

o − f2 (x1; θ2))
2
. (7)

Throughout the training process, the weights and parameters
of the ANN undergo adjustments of θ1 and θ2. These values are
attained through optimization techniques aimed at minimizing
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TABLE II
SPECIFICATIONS OF THE EXPERIMENTAL PROTOTYPE

the loss functions

θ1 = argmin
θ1

L1 (M
′, f1 (x1; θ1)) (8)

θ2 = argmin
θ2

L2 (P
′
o, f2 (x1; θ2)) . (9)

The training process operates in an iterative manner. Initially,
the connections between neurons across the input, hidden, and
output layers of the ANN are initialized with random weights.
Normalization is applied to both input and output data to ensure
uniform processing. Subsequently, the input data is introduced
into the ANN, triggering a forward propagation of signals that
culminates in generating an output. Discrepancies between the
predicted output and the actual output are computed as errors.
For enhancing the ANN’s performance, the backpropagation
algorithm employs the gradient descent technique to iteratively
adjust the weights. This sequence is reiterated until the error
diminishes to an acceptable level, signifying the successful
completion of the training process.

B. Experimental Data-Driven Model

There are two steps to obtain the experiment data-driven
model. 1) Hardware-based high speed automatic data acquisi-
tion. 2) Software-based ANN design and training.

1) High Speed Automatic Data Acquisition Method: A solid
foundation for data-driven modeling methods is established
by a large-scale and high-quality database, which significantly
affects the accuracy of the models. Therefore, there is a need for
a high-speed automated data acquisition method. Increasing the
level of automation also mitigates errors arising from human
factors during the measurement process. Fig. 5 depicts the
testbed for automatic data acquisition, while Table II provides an
overview of the electrical parameters associated with the DAB.
Before conducting the test, several factors need to be determined.
1) The range and iteration step for all the control parameters. 2)
The sampling rate and data acquisition speed. 3) Data qualities
and error.

The maximum transition time in the worst case was less than
5 ms. To provide some margin and ensure accurate measure-
ments, we opted for a 10 ms interval between two consecutive
measurements. The input and output voltages are sampled using

Fig. 5. Experimental testbed and the implemented algorithm for the automatic
data acquisition platform.

a resistor divider circuit, while the input and output currents
are sampled using a high precision low temperature drift shunt
resistor. The sampled voltages and currents are denoted as vis, iis,
vos, and ios, respectively. To effectively filter out switching-level
noise without introducing substantial phase lag, the cutoff fre-
quencies of the sampled voltage and current signals are set at 10
and 20 kHz, respectively. The signals are transmitted to the inner
analog-to-digital converter (ADC) of the DSP through a signal
conditioning circuit. The DAB comprises four phase legs, with
the power MOSFETS being controlled by four enhanced PWM
(ePWM) controllers labeled as EPWM5 to EPWM2. EPWM5
is designated as the base controller, while the phase differences
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of EPWM4, EPWM3, and EPWM2 represent the normalized
values of ϕ1, α, and (α + ϕ2). This configuration aligns with
the operational waveform depicted in Fig. 1, corresponding to
the experimental setup.

The sweeping control algorithm is illustrated at the bottom of
Fig. 5. Regarding the ADC interrupt, the values of vis, vos, and
ios, are converted to their corresponding actual values of Vin,
Vo, and Io through three affine functions. The gains and offsets
are determined via the calibration test. The gains and offsets for
these conversions are determined through the calibration test.
Additionally, a four-bit moving averaging function is applied to
ensure smoothness in the sampled signals. The ADC sampling
interrupt is triggered by the pulse width modulation (PWM)
switching signal, resulting in the sampling frequency being equal
to the switching frequency.

A CPU timer is employed to capture the electrical information
during the steady state. The interrupt frequency for this timer
is set to 10 ms to ensure the availability of every steady state
data. Once the output voltage ripple falls below a predefined
error (3% fluctuation in this iterative data acquisition method),
the voltage gain M and output power P under this condition
are calculated. All the electrical information is then transmitted
from the DSP to a PC host using a control area network analyzer.
To transmit the measurement results, two frames are utilized for
each measurement.

For all the three phase shift angles, we selected an iteration
step of 0.02-p.u. As a result, there are a total of 51 × 51 × 101 =
262 701 iterations required to traverse all the control parameters.
Using this system, the entire process of traversing all the control
parameters takes approximately 50 min, without the need for
any human intervention. Please note that these measurements
were taken under a fixed selection of Vin, R, fs, and Td. Multiple
sweeping tests would be required to gather the necessary data in
different operating conditions.

The quality of the data plays a crucial role in the performance
of the data-driven method. The error in the measurements can
stem from various factors, such as the resolution limitations of
the inner ADC of the DSP, quantization noise, electrical noise
during testing, and others. To ensure accurate measurements,
calibration experiments were conducted by comparing the ADC
readings against a digital multimeter. The relative error for both
input and output voltages were 0.96%. The input and output dc
currents were also calibrated, yielding an error of 0.56%. Con-
sequently, the maximum error in voltage gain is –1.8% to 1.9%,
and the maximum error in output power is –1.5% to 1.5%. The
application of a 4-bit moving average during the sampling pro-
cess helps minimize and keep the error within acceptable limits.

Data postprocessing is necessary before feeding it into the
ANN. During the analysis of the original data, it was observed
that in certain operating conditions, the output voltage is negative
(around –3 V), which could be attributed to voltage drops across
the secondary power MOSFETS. Additionally, abnormal behavior
was noticed in the sampled output voltage and current when ϕ1,
α, and (α + ϕ2) are close to the 0 or π. Moreover, when α, ϕ1,
and ϕ2 fall within the predefined iterative range, the changes
in M and P are not consistently smooth when the three control
parameters are altered in one iteration. To address these issues,

TABLE III
ERROR PROBABILITY DISTRIBUTION SUMMARY

Fig. 6. Curves of the measured ground truth, the analytical calculation, and
the ANN perdition in. (a) SPS scenario. (b) DPS scenario.

any data generated during the abnormal conditions are manually
discarded. The data size for one case amounts to approximately
180 000 after this process.

During this process, we choose Vin = 240 V, fs = 50 kHz, R
is changed from 50 to 100 Ω with 10 Ω iteration step, and the
default value of Td is 300 ns (0.03 p.u.).

2) ANN Design and Training: To prepare the data for train-
ing, the original dataset is shuffled, and then split into three
sets: 70% for training, 10% for validation, and 20% for testing.
We executed the training process on a personal computer with
an Intel Core i7-3770 CPU and 8 GB RAM, and the training
process for the ANN with 256 neurons took approximately 2 h
to complete.

Table III summarized the errors for the voltage gain M pre-
diction in analytical method as well as the ANN methods. The
error of voltage gain M is calculated as

MError =
MPrediction −MMeasure

MMeasure
. (10)

Fig. 6 illustrates the curve of the measured ground truth, along
with the curves obtained using various prediction methods. In
SPS where α is close to 0.5π, the analytical method is close
to the ground truth. When α is away from 0.5π, the error of
the analytical method increases. There are some interesting
phenomena in this case. 1) Theoretically, there should be no
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Fig. 7. Deadtime impact on the power flow and voltage gain of a DAB in SPS
scenario.

Fig. 8. Fundamental concept and practical implementation of the proposed
method. In the fundamental concept part, the residual branch R(X, η’-η) is
modeled as the discrepancy between the efficiency experiment model E(X, η),
and the efficiency simulation model S(X,η’= 1). In the practical implementation
part, the residual branch R(X, M’-M, P’o-Po) is modeled as the discrepancy
between the M and Po experiment model E(X, M, Po) and the M and Po

simulation model S(X, M’, P’o).

power transmission when α < 0 in the analytical method, but
the effective power transmission range can be extended toα< 0.
2) In some regions when 0 < α < 0.1π, the power transmission
and voltage gain is almost unchanged with the change of α.
Fig. 6(b) illustrates the curves corresponding to DPS. It can be
observed that the actual values of P and M tend to be smaller
compared to those obtained from the analytical method.

We also investigated the impact of deadtime Td on the voltage
gain M, and the results in SPS is depicted in Fig. 7. When Dt

increases, M decrease under identical control parameters when
α < 0.5π. Additionally, a larger Td also extends the range of
power transmission to negative α values.

C. Optimization of the Residual Branch

The fundamental concept and practical implementation of our
proposed method are illustrated in Fig. 8. To begin, let’s assume
we have acquired efficiency models for both the simulation
model, denoted as S(X, η’), and the experimental model, denoted
as E(X, η), where X = (Vin, RL, α, ϕ1, ϕ2, Td) represents
the operating conditions and control parameters. For simplicity,

we have employed an ideal simulation model, which sets the
efficiency in the simulation model to η’= 1. The residual branch,
R(X, η’-η), can be interpreted as the efficiency drop or power
loss, as it is connected in series at the output side of S(X, η’).
From a data-driven modeling perspective, R(X, η’-η) signifies
the deviation between S(X, η’) and E(X, η). Minimizing η’-η
within R(X, η’-η) leads to the lowest power loss and maximum
efficiency. However, acquiring sufficient experimental data for
the experiment data-driven model process, by measuring the
prototype’s efficiency with a power analyzer, proves tedious,
and time-consuming. Consequently, the efficiency model in the
initial concept is modified to the M and Po experiment model in
the implementation phase.

The input parameters for both the simulation model, S(X, M’,
P’o), and the experimental model, E(X, M, Po), are represented
by X = (Vin, RL, α, ϕ1, ϕ2, Td). The output parameters for
S(X, M’, P’o) and E(X, M, Po) are Y’ = (M’, P’o) and Y =
(M, Po), respectively. The residual branch, R(X, M’-M, P’o-Po),
is recognized as the output voltage/power reduction. At each
operating point where M and Po are predefined, the difference
between M and Po in the simulation and experiment is referred
to as

M ′ −M = ΔM (Vin, RL, α, ϕ1, ϕ2, Td,M
′) (11)

P ′
o − Po = ΔP (Vin, RL, α, ϕ1, ϕ2, Td, P

′
o) . (12)

Given that (X, Y) and (X, Y’) encompass both the control
parameters x = (α, ϕ1, ϕ2, Td) and the operating condition z
= (Vin, RL, M, Po), the objective of optimization is to identify
the optimal control parameters, denoted as xopt = (αopt, ϕ1opt,
ϕ2opt, Tdopt) when the operating condition z is given. In simpler
terms, the pursuit of minimizing power loss can be equated
to optimizing the residual branch to minimize discrepancies,
denoted as ΔM and ΔP, in relation to given reference values of
M and Po (Mref, Pref).

Mathematically, this problem can be written as

Minimize L (x, z; θ) = c1(ΔP )2 + c2(ΔM)2

subject to

{
Mref = M (Vin, RL, α, ϕ1, ϕ2, Td)
Pref = Po (Vin, RL, α, ϕ1, ϕ2, Td)

(13)

where θ= (θ1, θ2) denotes the already learnt ANN hyperparam-
eters of the hybrid data-driven model. c1 = 1/3, c2 = 2/3 are the
normalized coefficients to ensure ΔM and ΔP share a similar
contribution factor. This choice is made because during one of
the control parameter sweeps in the experimental data-driven
approach, a constant resistor load was employed, resulting in a
relationship where Po � M2. Consequently, we opt to utilize c2
= 2c1 in this specific scenario.

The optimal control parameters obtained from the optimiza-
tion process is given as

xopt = (αopt, ϕ1opt, ϕ2opt, Tdopt) = argmin
x

L (x, z; θ) . (14)

Fig. 9 illustrates the three-dimensional density plots of L(x, z;
θ) under different conditions. Within these scenarios, the nadir
of L(x, z; θ) is represented as Lmin(x, z; θ), sought through the
application of the gradient descent method. It is discernible from
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Fig. 9. Three-dimensional density plots of L(x, z; θ) under different conditions.
(a) M = 0.6, P = 0.35, Td = 300 ns. (b) M = 0.6, P = 0.35, Td = 200 ns. (c)
M = 0.8, P = 0.5, Td = 300 ns. (d) M = 0.8, P = 0.5, Td = 200 ns.

Fig. 9 that a reduced Td leads to a decrease in the value of L(x, z;
θ), signifying heightened efficiency. It should be noted that L(x,
z; θ) in different conditions correlate not only with the efficiency
of the DAB converter under different operating conditions, but
also with the model discrepancies between the simulation-driven
and experimental data-driven models. An increased discrepancy
in electrical parameters between the simulation model and the
experimental prototype correlates with an elevation in L(x, z; θ)
across different operational conditions. However, this variation
does not significantly impede the process of identifying Lmin(x,
z; θ).

The procedure for identifying xopt is detailed in Fig. 10.
Employing a four-variable iterative loop, we implement a “Beat
the Top” algorithm to ascertain xopt. In this algorithm, z =
(Vin, RL, M, Po) functions as the input variable, while xopt
= (αopt, ϕ1opt, ϕ2opt, Tdopt) serves as the output variable.
After obtaining xopt in different operating conditions, we used
a single layer 32-neuron ANN to fit αopt, ϕ1opt, ϕ2opt, and
Tdopt. The calculated (optimal searching) results as well as
the ANN fitted results are depicted in Fig. 11. It is imperative
to emphasize that the scope of data collected during the data
acquisition phase ought to be more extensive than the range
applied in the implementation phase. This strategy ensures that
the operational point invariably resides within the ambit of the
fitted range across all conceivable scenarios. This fitted ANN
for prediction the optimal control parameters is loaded into the
controller for real-time calculation and implementation.

Fig. 10. "Beat the Top" algorithm of search for xopt.

Fig. 11. Calculated and ANN fitted trajectory of xopt in different operating
conditions. (a) Trajectory of αopt. (b) Trajectory of ϕ1opt. (c) Trajectory of
ϕ2opt. (d) Trajectory of Tdopt.

III. EXPERIMENTAL RESULT

The experimental waveforms for sweeping the three phase
shift angles are presented in Fig. 12. Each ϕ1 loop takes approx-
imately 610 ms, and once the ϕ2 loop concludes, α increases by
αstep while ϕ2 begins from zero.

The control diagram of this method is depicted in Fig. 13.
After determining the optimal control reference values (αopt,
ϕ1opt, ϕ2opt, Tdopt), a low-pass filter with a 200-Hz cutoff
frequency is implemented to attenuate abrupt fluctuations in
the control parameters. Because αopt is more sensitive to the
output voltage and power transmission, αopt is utilized as the
control variable in closed-loop control systems. In contrast,
ϕ1opt, ϕ2opt, and Tdopt are calculated from the sampled electri-
cal signals. Afterward, the values in the EPWM registers from
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Fig. 12. Experimental waveforms for sweeping the three phase shift angles.
(a) Inner ϕ1 and ϕ2 loop process. (b) Outer α loop process.

Fig. 13. Diagram of the deployed control algorithm.

EPWM2 to EPWM5 are updated to reflect these parameters.
The proposed methodology requires an execution time of 54μs
to ascertain the optimal control parameters. Therefore, a control
cycle duration of 60μs has been selected, with updates to the
EPWM registers occurring every three control cycles.

To evaluate the effectiveness of various methods, we con-
ducted three distinct experimental comparisons. The waveforms
of these three cases are depicted from Figs. 14–16. During these
experimental trials, a consistent input voltage of Vin = 240 V
was applied. The load resistance was adjusted to accommodate
diverse output power conditions. The resulting M and output
power po for these three scenarios are as follows: Case 1: M =
0.6, po = 1.2 kW (Po = 0.7), Case 2: M= 1.4, po = 0.79 kW (Po

= 0.2), and Case 3: M = 1.4, po = 2.4 kW (Po = 0.6). xopt in
these three cases are xopt = (0.113, 0.632, 1.000)π, Td = 225 ns,
xopt = (0.234, 0.884, 0.586)π, Td = 204 ns, and xopt = (0.310,
1.000, 0.785) π, Td = 188 ns, respectively.

In Case 1 when the control parameter is away from xopt, both
the peak and rms current increases, leading to a reduction in
efficiency. This effect is mitigated due to a relatively high output
power with Po = 0.7 in this scenario, which minimizes the
noticeable differences in efficiency among varying control pa-
rameters. Moving on to Case 2, the proposed control parameters
successfully achieve ZVS for all power MOSFETS. Conversely,
the minimum rms current method, as well as the SPS method,
exhibit evident switching spikes. Comparable observations can
also be made in Case 3. Furthermore, when a longer Td is
implemented in Fig. 16(c), even though the waveforms maintain
a semblance of similarity, there is still a discernible drop in
efficiency when compared in the context of Fig. 16(b).

Fig. 14. Experimental waveforms in case1. (a) Case1.1: xopt = (0.113, 0.632,
1.000)π, Td = 225 ns. (b) Case1.2: x = (0.118, 0.554, 1.000)π, Td = 225 ns.
(c) Case1.3: x = (0.146, 0.551, 0.950)π, Td = 225 ns. (d) Case1.4: x = (0.226,
1.000, 1.000)π, Td = 225 ns.

Fig. 15. Experimental waveforms in case2. (a) Case2.1: xopt = (0.234, 0.884,
0.586)π, Td=204 ns. (b) Case2.2: the minimum rms current method, x= (0.200,
0.700, 0.500)π, Td = 204 ns. (c) Case2.3: the SPS control method, x = (0.053,
1.000, 1.000)π, Td = 204 ns.

We introduced a slight perturbation (Δxopt) to the optimal
control parameter xopt to assess the attainment of the efficiency-
optimal point. The perturbation is given as

Δxopt |Δα = (Δα/αopt, ϕ1opt, ϕ2opt, Tdopt) (15)

Δxopt |Δϕ1 = (αopt,Δϕ1/ϕ1opt, ϕ2opt, Tdopt) (16)

Δxopt |Δϕ2 = (αopt, ϕ1opt,Δϕ2/ϕ2opt, Tdopt) (17)
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Fig. 16. Experimental waveforms in case3. (a) Case3.1: xopt = (0.310, 1.000,
0.785)π, Td = 188 ns. (b) Case3.2: x = (0.310, 0.950, 0.751)π, Td = 188 ns.
(c) Case3.3: x = (0.310, 0.950, 0.751)π, Td = 300 ns.

Δxopt |ΔTd = (αopt, ϕ1opt, ϕ2opt,ΔTd/Tdopt) . (18)

The efficiency drop after perturbation is given as

Δη (Δxopt) = η (xopt)− η (xopt +Δxopt) . (19)

Consider a maximum perturbation of 30%, the maximum
efficiency drop, Δη(0.3) is given as

Δη (0.3) = max (Δη (Δxopt))
subject to
|Δα| ≤ 0.3 ∧ |Δϕ1| ≤ 0.3 ∧ |Δϕ2| ≤ 0.3 ∧ |ΔTd| ≤ 0.3.

(20)
The outcomes of this investigation are presented in Fig. 17.

Notably, it can be observed that as the magnitude of |Δxopt|
increases in either direction, the efficiency η experiences a
reduction. This trend confirms the successful achievement of
the efficiency-optimal point through the proposed method.

Drawing conclusions from the insights provided by Fig. 16,
the following observations are made.

1) In the context of positive Δxopt conditions, the influence
of Td is relatively subdued when compared to the impact
of the three phase shift angles. This implies that by main-
taining an adequate margin in Td, the decline in efficiency
is not substantial, particularly in scenarios involving high
power conditions.

2) In contrast to the effects of ϕ1 and ϕ2, the impact of α is
more pronounced.

3) The discrepancy in efficiency (Δη) in high power condi-
tions is smaller than that observed in low power condi-
tions. This suggests that, regardless of the control method
employed, the efficiencies of the DAB exhibit greater
similarity in high power conditions.

4) Upon introducing a negative Δxopt adjustment to Td, a
clear drop in efficiency is evident when ΔTdopt surpasses

Fig. 17. Efficiency of the DAB prototype when applied a slight perturbation
Δxopt to the optimal parameter values xopt. (a) Case1. (b) Case2. (c) Case3.

–15%. This points to the loss of ZVS capability in the DAB
due to inadequate Td, leading to a substantial efficiency
reduction, particularly in low power conditions.

The efficiency curves for the DAB prototype under two dif-
ferent output voltage conditions are shown in Fig. 18. These
conditions correspond to input voltage Vin = 240 V, with output
voltages of Vo = 504 V (M = 1.4), and Vo = 216 V (M
= 0.6), respectively. The output power and the corresponding
control parameters can be adjusted through changes in the load
resistance. Distinct control methods are illustrated by the red,
blue, orange, and purple lines. These lines correspond to the
SPS modulation scheme [1], [2], the DPS modulation scheme
[15], [16], [17], the minimum Irms modulation scheme [20], [21],
[22], and the proposed optimal control parameter, respectively.

In Fig. 18(a), the highest efficiency, at 98.62%, is achieved
when po = 1.8 kW (Po = 0.45). However, when the power is
increased to 3.0 kW, the efficiency experiences a slight reduction
to 98.33%. Under lighter load conditions, specifically when po
= 0.12 kW (Po = 0.03), the SPS modulation scheme demon-
strates an efficiency of 94.21%, whereas the proposed optimal
control parameter method maintains a notably high efficiency of
98.05%. Similar trends in efficiency can be observed when the
output voltage is reduced to 216 V (M = 0.6). In Fig. 17(b), the
peak efficiency is 98.43% at po = 1.02 kW (Po = 0.6). As the
power is increased to 1.7 kW, the efficiency decreases to 97.89%.
At the lowest load conditions, with po = 85 W (Po = 0.05), the
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Fig. 18. Efficiency curves of the DAB prototype in different voltage gain and
power flow conditions under different modulation scheme methods. (a) Vin =
240 V, Vo = 504 V (M = 1.4). (b) Vin = 240 V, Vo = 216 V (M = 0.6).

SPS modulation scheme yields an efficiency of 93.79%, while
the proposed method maintains a high efficiency of 97.54%.

Comparatively, the efficiency curve for Vo = 216 V is slightly
lower than that for Vo=504 V. This discrepancy can be attributed
to the fact that Vo = 216 V deviates significantly from the rated
output voltage and operates at a lower power base value. Analy-
sis of Fig. 18 reveals that as the load decreases, the efficiency gap
between the proposed method and other approaches becomes
more pronounced. The SPS modulation scheme demonstrates
reduced efficiency, primarily due to the absence of ZVS and
an increase in PCond. In contrast, the DPS modulation scheme
achieves higher efficiency through a simplified control method.
The minimum Irms modulation scheme, however, falls short in
attaining full ZVS during light load conditions, mainly due to
its neglect of dead time and power MOSFET parasitic capacitors.

Fig. 19 illustrates the closed-loop experimental waveforms
observed during load step changes. The load resistor RL is
ascertained by measuring the output voltage Vo and current
Io. Consequently, the output power po is computed from Vo

and Io. The corresponding Po is calculated based on the base
voltage value in this condition. In these experiments, one ITECH
IT6012B-800-50 regenerative power source is employed as the
input voltage source while another one is served as the electrical
dc load. During the load step change test, the input voltage is
maintained constantly at 240 V. The output voltage reference is
set at Vref = 300 V, while the load resistance is adjusted using
the electrical dc load.

In the load step-down scenario, RL is shifted from 60 Ω
(po = 1.5 kW) to 100 Ω (po = 0.9 kW), with a transition
duration of 2.8 ms and an accompanying voltage swell of 11 V.

Fig. 19. (a) Overview of the operation waveforms in RL = 60Ω (Po= 1.5 kW)
to RL = 100 Ω (Po = 0.9 kW) load step-down condition. (b) Overview of the
operation waveforms in RL = 100 Ω (Po = 0.9 kW) to RL = 50 Ω (Po =
1.8 kW) load step-up condition. (c) Zoomed waveform in case1 when RL =
60 Ω with x = (0.089, 0.875, 1.000)π, Td = 225 ns. (d) Zoomed waveform in
case2 when RL = 100 Ω with x = (0.053, 0.854, 1.000)π, Td = 236 ns. (e)
Zoomed waveform in case3 when RL = 50 Ω with x = (0.116, 0.895, 1.000)π,
Td = 227 ns.

Conversely, for the step-up condition, RL shifts from 100 Ω (po
= 0.9 kW) to 50 Ω (po = 1.8 kW), with a 2.1 ms transition and a
13 V voltage sag. The zoomed stable state operation waveforms
are shown from Fig. 19(c)–(e). In these instances, the optimal
control parameters are identified as x = (0.089,0.875,1.000)π,
Td = 225 ns, x = (0.053,0.854,1.000)π, Td = 236 ns, and x
= (0.116,0.895,1.000)π, Td = 227 ns, respectively. The peak
inductor currents recorded are 12, 8, and 14 A, respectively.
These experimental findings corroborate the efficacy of the
proposed method in achieving stable and seamless output during
step load changes, without any dc bias in the inductor current
throughout the transitions.

Among the various modulation schemes, the proposed
method consistently achieves the highest efficiency, whether
in voltage gain step-up or step-down conditions. This trend
holds true for scenarios involving power backflow conditions
as well, owing to the symmetric characteristics of the DAB
converters. A comparison between the proposed method and
existing approaches is succinctly presented in Table IV. In the
case of traditional SPS, DPS, and TPS modulation schemes
[1], [2], [14], [15], [16], [17], [18], [14], [19], [20], [21], [22],
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TABLE IV
COMPARISON OF DIFFERENT METHODS

their analyses frequently rely on an idealized, lossless DAB
model. Consequently, inaccuracies may arise in voltage gain,
power flow, and steady-state waveforms. While some studies
have considered deadtime and parasitic components [23], [24],
[25], their focus remains primarily on typical operating sce-
narios. Expanding these analyses to encompass broader TPS
modulation schemes introduces a complex array of potential
combinations and equivalent configurations. Given that most of
the existing literature is based on simplified equivalent models,
it becomes challenging to ascertain optimal control parameters
suitable for all operational conditions, spanning both step-up and
step-down scenarios, as well as forward and backward power
flow conditions.

Regarding the proposed method, we employed a hybrid data-
driven model that combines insights derived from both simu-
lation and practical experimentation. Notably, the experimen-
tal data utilized in this approach is gathered from the exper-
imental prototype, thus inherently factoring in considerations
for deadtime and parasitic components. One drawback of the
proposed method, however, is its relatively time-consuming data
acquisition process during experimentation when compared to
conventional methods.

IV. DISCUSSION

Beyond power loss minimization, various AI methodologies
have found application in power electronics. For scenarios where
rapid dynamic response is a critical factor, methods based on
conventional PI controllers exhibit superior efficacy. On the
other hand, in contexts where the emphasis is on augmenting
steady-state performance, or where the need for dynamic re-
sponsiveness is not as pronounced, the approach proposed in
this study offers greater suitability.

In future research efforts, we aim to accelerate the methodolo-
gies underpinning simulation and experimental data acquisition.
This strategy inherently involves a balance between data quality
and quantity, and the accuracy of the data-driven model. Resolv-
ing this balance is a key focus for subsequent studies. At present,
the deployment of our proposed methodology is notably time-
consuming. Another important area for forthcoming research
is the strategic utilization of this data-driven model to achieve
real-time control optimization in power converters.

V. CONCLUSION

This article presents an innovative hybrid data-driven model
for minimizing power losses in DAB converter, effectively
merging insights from both simulation and experimentation.
The divergence between experimental and simulated models is
encapsulated within a residual branch, which plays a key role
in the optimization process for obtaining optimal control pa-
rameters. By meticulously scrutinizing outcomes derived from
experiments carried out on a 3-kW DAB prototype, we deploy
a perturbation-based optimal examination approach to validate
the credibility and effectiveness of the proposed efficiency op-
timization methodology.
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