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ABSTRACT. Dual Active Bridge (DAB) converters are essential in various applications,
including DC' microgrids, where the nonlinear characteristics of high-frequency trans-
formers interact intricately with other components of the converter. To enhance model-
ing and simulation accuracy, these nonlinear traits are integrated into the simulations.
This paper introduces a novel method that, through Optical Character Recognition (OCR),
directly extracts key parameters for the Preisach model from hysteresis loop images, mak-
ing it widely applicable to different core materials. The accuracy and effectiveness of the
model are validated through experimental results from a DAB prototype. Ultimately, this
model eliminates the reliance on traditional core test data and can be seamlessly integrat-
ed into circuit models to accurately forecast operational waveforms in critical saturation
areas.
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1. Introduction. Dual Active Bridge (DAB) DC-DC converters play a critical role in
DC microgrids due to their low power consumption and soft switching capabilities with-
out the need for additional circuitry [1,2]. Therefore, developing an accurate model of the
DAB converter is essential for analyzing its performance. However, a significant challenge
in simulation is incorporating the nonlinear characteristics of the actual high-frequency
transformer core into the circuit model. This requires electromagnetic modeling of ferro-
magnetic materials using the permeance-capacitance analogy to replicate the core’s static
hysteresis behavior. Current research on the Preisach model primarily focuses on the
identification of the Preisach function [3-5], with various distribution functions developed
for different materials to enhance model accuracy. For example, the Lorentz function is
commonly used to approximate the Preisach distribution for silicon steel, while the lo-
gistic function is preferred for ferrite materials [6-8]. However, this process can often be
cumbersome.

This paper proposes a more versatile method applicable to a wide range of materials.
It involves directly fitting the measured limiting hysteresis loop and predicting the hys-
teresis loop using a transformation formula, thereby simplifying the model development
process. If the original data is unavailable and only the image remains, traditional meth-
ods typically require re-experimentation to retrieve the data or manual extraction from
the image, leading to increased workload and reduced experimental efficiency.

In recent years, Optical Character Recognition (OCR) technology has made significant
advancements driven by deep learning and artificial intelligence [9,10]. The primary goal
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of OCR is to convert text from images into an editable and searchable format. This
paper demonstrates the capability to automatically extract feature data from hysteresis
loop images using OCR technology and fit the data with a specific integral function,
thereby providing the essential parameters for the development of the Preisach model.
The practicality of this approach is confirmed through experimental validation on a DAB
platform. Notably, this is the first application of OCR technology in this field, enhancing
the innovation and rationale of the research.

The text theme content is divided into four main parts: first, it introduces the specif-
ic principles for extracting hysteresis loop parameters based on OCR image recognition
technology; second, it describes the construction process of the universal Preisach model
and the magnetic equivalent circuit; the third part is experimental validation, comparing
the new converter model with the coupled inductance model; finally, it concludes. The
entire process is illustrated in Figure 1, from measuring the hysteresis loop in the experi-
mental core to extracting parameters, simulating the magnetic core structure, and finally
integrating it into the DAB circuit topology.
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FiGURrRE 1. Magnetic equivalent simulation circuit structure of DAB converter

2. Hysteresis Loop Parameter Extraction. The basic approach involves algorithmi-
cally locating the positions of coordinate scales in the image, followed by content recog-
nition. Subsequently, the targeted image undergoes binarization to index pixel content
based on the recognized scales, extracting the necessary data. Finally, fitting with appro-
priate functions yields the corresponding analytical expressions, enabling the arbitrary
extraction of desired key parameters.

2.1. Image feature recognition. In this study, no existing system was found capable
of directly extracting and interpreting axis data from images [11]. To address this, we
propose a new method that utilizes Convolutional Recurrent Neural Network (CRNN)
and Differentiable Binarization (DB) algorithms to automatically and precisely identify
and parse axis scales within images. CRNN combines the feature extraction capability
of convolutional neural networks with the sequence modeling ability of recurrent neural
networks, making it suitable for handling text sequences within images. Meanwhile, the
DB algorithm, through its differentiable binarization approach, can adaptively adjust
thresholds and retain more detailed information, thereby enhancing recognition accuracy
[12-14].

This method utilizes an advanced Optical Character Recognition (OCR) tool in two
main stages: text detection and text recognition. First, the DB algorithm from deep
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FIGURE 2. Schematic diagram of the result after algorithm processing

learning is used for text detection, identifying text areas and generating bounding boxes,
as shown in Figure 2(a). Next, the CRNN algorithm [15] recognizes the text within these
boxes. To address the interference caused by irrelevant data detected along the axis, a
“whitening” operation is proposed. The main principle involves pixelating the acquired
image and summing and comparing the pixels in each row and column. The maximum
value within a specified range is identified as the image’s boundary. All pixels within this
boundary are then set to 255 (white), ensuring that subsequent text localization is not
affected by the data within the frame. This approach effectively isolates the relevant areas
of the image, allowing for more accurate text detection and recognition. By removing
or neutralizing unwanted information, the algorithm can focus on the critical features
necessary for processing the text, thereby improving the overall performance of the image
recognition system.

end
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After performing the “whitening” operation, the resulting image, as shown in Figure
2(b), is primarily focused on identifying the coordinate axis. To demonstrate the data
extraction process, we use the hysteresis loop image depicted in Figure 2(c). Once the
image is loaded, grayscale processing [16] is applied to transforming it into pixel blocks
with grayscale values ranging from 0 to 255. Each pixel value is represented by X,;, where
1 denotes the horizontal coordinate and j denotes the vertical coordinate. The variables
Xmin and X define the bottom and top boundaries, while Y, and Y.« specify the
left and right boundaries. The height and width of the image are denoted as H and L,
respectively. By observing that the sum of pixel values along the rows and columns at
the image’s edges is the highest, the image is then split into two sections, each with a
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height of %H and a width of %L. The positions of the four boundary coordinates are then
determined using Equations (1) and (2).

After extracting the data from the text boxes in Figure 2(b), non-character elements
are filtered out using regular expressions. Based on the differences between horizontal and
vertical coordinates, the scale sets for the horizontal and vertical axes are determined.
Here, max, and min, correspond to the maximum and minimum values of the horizontal
axis scale, while max, and min, denote the maximum and minimum values of the vertical
axis scale. To prevent interference from the grid recognized in Figure 2(d) during further
data extraction, pixels with grayscale values near the gray scale are removed. The next
step involves traversing the region defined by [ X + @, Ximax — a] and [Yiin + @, Yinax — a]
from left to right and from right to left. Here, a is a small value ranging from 3 to 10, used
to avoid pixel points that may appear due to the thickness of the border during the data
extraction process. The first value encountered that is greater than 0 during this traversal
is recorded in the datasets upper_surface and lower_surface. Hjower iS defined as the
numerical value of the horizontal coordinate for each point in the lower_surface dataset,
where ¢ represents the index of the horizontal coordinate position, as shown below:

Hiyower = (1 — Ximax) X (%) + min, (3)

Define Bjjower as the vertical coordinate value corresponding to each point in the

lower_surface dataset, where ¢ denotes the index of the horizontal coordinate and j
indicates the index of the vertical coordinate, as expressed below:
max, — Imin,

B(i)lower = - (] - Ymin) X ( Ymax — Ymin ) + max, (4)

H yupper and Biyupper are extracted using a similar process as described above, with the
primary distinction being the direction of traversal.

2.2. Magnetization hysteresis curve fitting. The data representing the upper and
lower surfaces of a hysteresis loop have been extracted, characterizing the hysteresis be-
havior. Traditional fitting approaches, such as empirical formulas and polynomial fitting,
can sometimes result in overfitting due to data noise. To more accurately capture the
magnetic hysteresis characteristics, the integral of the arctan function is used for fitting:

) = /0 (F - arctan(H, — 2)a + D) da (5)
RSS(B) = 3, (i = flwii B))” (6)

The parameters F', Hy, a, and D are optimized by minimizing the Residual Sum of
Squares (RSS) using the least squares method. In this context, y; denotes the observed
values, while f(x;; ) represents the output of the function f(z) based on the coefficient
set 3, which corresponds to the four unknown parameters.

2.3. Fitting the experimental data using the proposed equation. In this study,
a ferrite ring core made of N87 material was selected, with a magnetic flux path length of
60.179 mm and a cross-sectional area of 48.9264 mm?. The turns ratio of the transformer
is 5 : 5. The experimental setup is shown in Figure 3(a), which includes a 300 uF capacitor
for frequency matching. The temperature of the experimental core is controlled using a
temperature chamber. In a controlled temperature environment, a sine voltage is applied
to the primary winding of the transformer using a signal generator and power amplifier.
An oscilloscope captures the primary current and secondary voltage for the magnetization
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F1GURE 3. The process of fitting experimental measurements

curve (BH curve) analysis. At 10 kHz, the hysteresis loop was recorded at magnetic field
strengths of 61.35 A/m and 26.39 A/m, yielding the data shown in Figure 3(b). To
address experimental uncertainties, particularly regarding the measurement accuracy of
the oscilloscope and signal generator, regular calibration was performed, and baseline
measurements were conducted before each experiment to ensure data accuracy. Using
Equation (5), the data were fitted by the least squares method, resulting in Figure 3(c),
which extracted the unknowns from Equation (5), thereby fully analyzing the upper and
lower branches of the hysteresis loop, making it extremely simple to extract key parameters
such as permeability.

3. Magnetic Equivalent Circuit Model. From the fitted function, we can readily ex-
tract the parameters as illustrated in Figure 3(b). The parameters B,; and B, represent
the remanences of the two hysteresis loops, while B,; and B,y denote the magnetic in-
duction intensities at their respective saturation points. Additionally, ps; and g are the
magnetic permeabilities at these saturation points. The magnetic equivalent circuit mod-
el utilizes the permeance-capacitance analogy, which itself is derived from the Preisach
model. This model constructs variable magnetic conductance to simulate the static hys-
teresis characteristics of the iron core. Therefore, the extracted parameters are crucial for
analyzing the Preisach model.

3.1. Preisach model based on logical functions. The output of the classical Preisach
model can be determined using the distribution function P(U, V). To better align with
the experimental material requirements, logical functions are employed here as the distri-
bution function:

6—(H—Ho)a
L+ o 0T Ty @)

P, =K

Based on this function, the article presents a comprehensive analytical expression for
the Preisach model, which facilitates the development of subsequent models:

g 2K 1 1 1
T g2 \1 4 e (HomHo)o | \ 1 4 e~(H=Ho)o | 4 ¢—(Hs—Ho)o

K? 1 2 1 ?
+? ((1 + e—(H—Ho)U) B (1 + e—(Hs—Ho)U) ) - B (8)

Bi,, represents the irreversibility component of the increasing branch representation.

To offer more flexibility, the arctan integral is utilized to model the reversible component:
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H
Brew = / (F - arctan(H; — x)a + D) dx 9)
0

The unknown parameters such as o, K, and F', in Equations (8) and (9) are replaced
with B,q, B,s, etc., which were determined through graphical methods in the text, to
obtain solutions via analytical approaches.

3.2. Directly fitted Preisach model. Different distribution functions apply to various
materials with varying effectiveness, typically requiring at least two sets of hysteresis loop
data. This adds complexity to the experimental process, as extracting parameters from
two sets of data leads to a greater number of parameters needed for subsequent magnet-
ic equivalent model establishment. To simplify the experimental procedure, a targeted
method is proposed here that allows for direct modeling using only a single set of limiting
hysteresis loop data in the Preisach model.

By (H) = 2 x Intg(Ss) — Intg(S1) (10)
Intg(S1) = 0.5 x (F(—Hs> — F(H,))” (11)
Intg(Sq) = 0.5 x (f(Hs) + f(—H)) + F(H,) x F(—H) (12)

:_X\/f () + 2 (~fCH) v 2 fHp (13)

B (H) represents the expression for the rising branch at a specific H; (where Hy signifies
the maximum magnetic field strength). The function f(H) refers to the fitting equation
derived from the material’s limiting hysteresis loop. Intg(S*) designates the integration
region for the Preisach model’s variation process, as illustrated in Figure 4.
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FIGURE 4. Everett integrals: (a) Limit loop ascending branch; (b) limit
loop descending branch; (c¢) small loop descending branch

3.3. Construction of magnetic equivalent model in simulation software. Using
image recognition, all parameters necessary for the Preisach model have been successfully
fitted. A magnetic core segment module is created in PLECS and integrated into an
external circuit. A comparative circuit is also designed to evaluate the differences between
the constructed magnetic equivalent model and the actual hysteresis curve.

As shown in Figure 5, the variable permeability is controlled by the differential per-
meability of the reversible and irreversible components [17,18], using the permeance-
capacitance analogy [19] in the magnetic circuit for voltage-current conversion between
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external circuits. In this context, MMF represents magnetomotive force, ® represents
magnetic flux, " denotes the differential permeability of the irreversible component,
and p"’ denotes the differential permeability of the reversible component. In the right
part, A and L represent the circumference and cross-sectional area of the measured ring
magnetic core, respectively.

Then, the module is applied in software to a simple circuit, like the one in Figure 6, to
compare the model’s predicted hysteresis return lines with actual data.

The oscilloscope recorded both the primary current and secondary voltage for the BH
curve measurements. To validate the methodology, data at H values of 50.07 A/m and
38.31 A/m were compared with the simulated core results, as depicted in Figure 7.

As indicated by the fitted images, the fitting results are largely accurate. To verify the
accuracy of the parameters, the directly fitted Preisach model is applied in the subsequent
DAB circuit.

4. Construction of DAB Experiment Platform and Simulation Platform. As
shown in Figure 9 is the constructed DAB experimental platform. In the experiment, a
core made of T38 material with a cross-sectional area of 82.6 mm?, a flux path length of
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FIGURE 7. Comparison of simulation results with experimental data

171.2 mm, and a primary-to-secondary turns ratio of 5 : 5 was utilized. The excitation
signal was a sinusoidal waveform with a peak voltage of V,, = 18.5 V at a frequency of 20
kHz. A hysteresis loop with a peak field strength of Hy = 35.2 A/m was established as
the limiting loop, and the corresponding hysteresis loop was fitted using the previously
mentioned method.

4.1. DAB simulation comparison model setup. To demonstrate the advantages of
this transformer modeling method, it is compared with the traditional coupled inductor
model and its three variations of the pure ideal model. Figure 8 shows the traditional
coupled inductor model. Given that the transformer used in the experiments has a relati-
vely simple toroidal shape, a high-precision impedance analyzer was employed to perform
open-circuit and short-circuit tests on the transformer, allowing the calculation of pa-
rameters within the equivalent model [20]. The measured data are presented in Table
1.

Lo2

R2

Ideal Transformer

D

F1GURE 8. Equivalent transformer model of coupled inductance method

TABLE 1. Short-circuit open-circuit test data

Name of experiment | Resistance | Inductance
Secondary open 44.68 2 | 353.01 uH
Secondary short | 484.23 mQ) | 3.35 uH

Primary open 44.52 Q1 | 351.88 uH
Primary short 41747 mQ) | 3.27 uH

In the short-circuit experiment, the measured impedances Z; and Z,, and in the open-
circuit experiment, the measured impedances Z3 and Z, were obtained for the primary
and secondary sides of a completely symmetrical winding transformer. Considering the
potential relative error of the instrument, it can be approximated that Z; = Z, and
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Z3 = Zy4, indicating that the leakage resistance and leakage impedance of the primary and
secondary sides are equal. The calculation process is shown in Equation (14).

( 1
R;1 = Roo = 5 : Re(Zshort—circuit) = 255 m()
1
Lal - LG’2 - 5 : IIn(Zshort—circuit) =1.65 HH (14)

Rm = Re(Zopen—circuit) - Ra’l =22310Q
\ Lm = Im(Zopen-circuit) - La—l - 176 HH

4.2. Simulation and experimantal comparative verification of DAB circuits.
The specific parameters of the experimental circuit are listed in Table 2. It is important
to note that the series inductor on the experimental platform is an air-core inductor, so
its saturation issue does not need to be considered.

TABLE 2. Simulation and experimental rated parameters

Parameter Value Parameter Value
Input voltage 15V | Support capacitance 1 | 100 uF
Output voltage 15V | Support capacitance 2 | 100 uF

Switching frequency 20 kHz | Parasitic capacitance | 100 pF
Primary series inductance | 60 uH | Isolation capacitance | 100 uF
Secondary series inductance | 50 uH | Transformer turns N 5

In Figure 10, we provide a detailed comparison between the experimental waveforms and
the simulated waveforms, with a frequency of 20 kHz and both input and output voltages
set at 15 V. Figure 10(a) clearly illustrates the comparison between the experimental
and simulated waveforms, where the red line represents the simulated waveform, while
the blue line indicates the experimental waveform. It is evident that there is a certain
level of consistency in both the shape and amplitude, suggesting that the simulation
model accurately reflects the actual scenario. Furthermore, Figures 10(b), 10(c), and 10(d)
introduce a comparative analysis of various simulation methods. In these figures, the blue
line continues to represent the experimental waveform, the purple line corresponds to the
simulation based on the magnetic equivalent circuit, the green line represents the coupled
inductor circuit simulation, and the yellow line denotes the results from the pure ideal
simulation. Through these comparisons, we can visually observe the differences between
the various models, particularly in terms of waveform amplitude and phase characteristics.
These comparisons not only help validate the effectiveness of the experimental results but
also provide important references for further model optimization.

Figure 10(a) illustrates the secondary bridge arm midpoint voltages Vs, which remain
consistent across all three simulation models. The parasitic capacitance in the transformer
introduces spike oscillations in the midpoint voltage of the bridge arm during mode tran-
sitions, yet the steady-state remains unaffected. Figure 10(b) presents the transformer
primary port voltage, Figure 10(c) displays the voltage across the primary series induc-
tor, and Figure 10(d) depicts the current through the secondary series inductor. The
partial magnification reveals that the magnetic equivalent circuit offers greater accuracy
compared to other models. As the core approaches saturation, the transformer’s port volt-
age and the series inductor voltage exhibit a ‘yurt’ shaped waveform, while the currents
in both the primary and secondary inductors display a ‘sharp’ waveform. These spike
currents, particularly under higher voltage conditions, may pose a risk to the equipment,
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FIGURE 10. (color online) Comparison of experimental and simulated waveforms

a situation that can be precisely anticipated by accounting for the nonlinear permeability
in the magnetic equivalent circuit.

5. Conclusions. This paper presents a new approach for identifying hysteresis loops and
extracting critical parameters through the use of Optical Character Recognition (OCR)
technology, combined with the Preisach model to enhance the efficiency of electromag-
netic circuit simulations. In the case study involving DAB circuit validation, this method
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shows improved accuracy over both the conventional coupling inductance model and the
idealized model. However, this study also has certain limitations; for example, the pro-
posed method is primarily based on specific experimental conditions and may not be fully
applicable to other types of circuit configurations. Additionally, the impact of temper-
ature variations on hysteresis characteristics requires further investigation, which would
help better understand the model’s applicability under different environmental conditions.
Therefore, future research should focus on expanding the application of this method to a
broader range of circuit simulations while also exploring its performance under different
materials and operating conditions to improve its generalizability and accuracy.
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