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Abstract

The frequency characteristics of the switching-mode power supply (SMPS) control loop
under all operating conditions are crucial for performance evaluation and defect detection.
Traditional methods, relyingon experiments under preset conditions, struggle to achieve
comprehensive evaluation. This study proposes a frequency characteristic fitting method
for all operating conditions based on FT-WOA-MLP. A discrete-point dataset covering
all conditions of an LLC SMPS was obtained using the small-signal perturbation method,
including input voltage, output current, injection frequency, and corresponding amplitude-
and phase-frequency characteristics. The multilayer perceptron (MLP) model was trained
on the training set covering all operating conditions, with the whale optimization algo-
rithm (WOA) used to optimize the learning rate, and fine tuning (FT) applied to further
enhance accuracy. Independent test set validation showed that, for amplitude-frequency
characteristics, the mean absolute error (MAE) was 2.0995, the mean absolute percentage
error (MAPE) was 0.0974, the root mean square error (RMSE) was 4.0474, and the coef-
ficient of determination (R2) reached 0.92; for phase-frequency characteristics, the MAE
was 3.502, the MAPE was 0.0956, the RMSE was 10.5192, and the R2 reached 0.94. The
method accurately fits frequency characteristics under all conditions, supporting defect
identification and performance optimization.

Keywords: LLC switching-mode power supply; frequency characteristics; characteristic
fitting; multilayer perceptron; whale optimization algorithm; model fine-tuning

1. Introduction
The application of new materials such as silicon carbide (SiC) and gallium nitride

(GaN) has significantly improved the power density and conversion efficiency of switching-
mode power supply (SMPS). The coordinated application of its high-frequency technology
and digital control technology has achieved volume and weight reduction, efficiency opti-
mization, and intelligent, networked, and modular functional integration while ensuring
system stability and reliability [1–4]. The SMPS has been widely used in important fields
such as industrial equipment, transportation, and medical devices [5–7].

At present, the SMPS control loop is mainly tested by injecting interference signal
sweep frequency for frequency characteristic analysis [8]. The dynamic performance and
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reliability verification of its control loop relies heavily on the accumulation of experimental
data, and the debugging effect of the control loop parameters is greatly affected by the
subjective engineering experience of technicians. This leads to inconsistent debugging
outcomes, negatively impacting the uniformity of product performance and hindering the
pace of product iteration. In view of the above problems, it is urgent to study the frequency
characteristic fitting method of the SMPS control loop under all operating conditions to
provide technical support for identifying potential defects and optimizing performance
under all operating conditions.

Currently, commonly used fitting methods include interpolation, function fitting,
regression analysis, and artificial intelligence (AI) methods [9–12]. The AI (machine learn-
ing) fitting method can overcome limitations inherent in interpolation, function fitting,
and regression analysis, such as complex independent modeling for each operating con-
dition, inadequate representation of nonlinear relationships, and burdensome repetitive
experiments. Consequently, it has emerged as a research focus for characteristic fitting
applications [13].

In the field of characteristic fitting, AI algorithms such as long short-term memory
networks (LSTM), convolutional neural networks (CNNs), and multilayer perceptron
(MLP) have been widely used in model construction and prediction [14–17]. In recent
years, MLP has attracted widespread attention from scholars worldwide for its advantages
such as nonlinear fitting capability and multi-level structure. For example, Reference [18]
utilized the deep hierarchical structure of MLP to explicitly characterize nonlinear char-
acteristics of hardware, exposing bottlenecks of line resistance, thereby promoting the
optimization design of MCA structure. This work aims to develop a fast and comprehen-
sive surrogate T̂(jω; U, I) covering the full operating domain of the LLC converter, which
provides closed-loop frequency responses for stability evaluation, parameter trade-off
studies, and component what-if analyses. The choice of MLP is motivated by its ability to
provide the following:

• Deployability: small parameter count and low inference latency (embedded/edge friendly).
• Data fit: stable, reproducible training on modest FRA datasets (144 × 81).
• Continuity: a smooth frequency-response “surface” over the operating domain, unlike

per-point models.
• Complementarity: analytical baselines (FHA/refined average) give physical intuition;

the MLP supplies high-fidelity, cross-condition fitting and instant querying.

In addition, model parameters are often affected by human subjective factors such as
engineering experience in the modeling process. This can result in reduced model gener-
alization, as well as issues like overfitting or underfitting caused by the use of empirical
parameters. Swarm-based optimization methods, such as particle swarm optimization
(PSO), the genetic algorithm (GA), and the whale optimization algorithm (WOA), have
been successfully applied in the optimization of control parameters of nonlinear sys-
tems. Notably, the WOA exhibits more powerful search capability for global optimal
solution [19–22]. Reference [23] proposed an EWOA-TPID controller with the WOA as the
core to automatically optimize PID parameters, which significantly improved the dynamic
performance of the model and demonstrated the convergence speed, global search, and
local optimization advantages of the WOA. Reference [24] proposed to use the WOA to
accurately tune the initial solution of the nonlinear equation in the harmonic elimination
process, which significantly reduced the total harmonic distortion (THD), and the THD
optimized by the WOA was 3.96% lower than that of other algorithms.

For established models, poor fitting accuracy often arises from varying operating
conditions and data perturbations, necessitating systematic model refinement. As the core
technology of transfer learning (TL), model fine-tuning (FT) has the advantage of realizing
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transfer learning of models with low data requirements by reusing pre-trained knowledge.
It has been used for optimization and adjustment of models in terms of improving model
accuracy and fault diagnosis [25–27]. In Reference [28], the DL model was fine-tuned using
a small amount of real labeled data from the target domain through FT, enabling the DL
model to adapt to the characteristic distribution of the target domain and completing the
cross-domain work of the model under the premise of ensuring performance. Based on
the above analysis of the advantages and applications of FT, it can be used for fine-tuning
optimization of the MLP SMPS frequency characteristic fitting model.

In summary, this paper proposes a frequency characteristic fitting method of SMPS
under all operating conditions based on an FT-WOA-MLP model to achieve good expected
results in monitoring the trend of SMPS frequency characteristics with voltage and current
changes under complete and continuous conditions. The structure of this paper is as
follows: Section 2 summarizes the SMPS, the research object of this paper; Section 3
shows the modeling process of the proposed FT-WOA-MLP model; Section 4 describes
the collection of frequency characteristic data through experiments, fits the data with the
model, and analyzes the fitting results and accuracy; and Section 5 presents the conclusions
of the study.

2. LLC SMPS and Its Frequency Characteristics
2.1. LLC SMPS

LLC stands for Inductor–Inductor–Capacitor resonant converter. Power switches Q1

and Q2 form a half-bridge inverter circuit. The resonant capacitor Cr, resonant inductor
Lr and excitation inductor Lm constitute the resonant network. The center tap transformer
(with a transformation ratio of n:1:1) and diodes D1 and D2 form a full-wave rectifier circuit.
C0 is an output filter capacitor, and R0 is an output resistor. The circuit structure of the LLC
SMPS is shown in Figure 1.

Figure 1. LLC SMPS.

In Figure 1, Vin denotes the DC input voltage. When the excitation inductor Lm is
clamped by the output voltage through a transformer, Lm ceases to participate in resonance.
The resonant frequency generated by the resonant inductor Lr and the resonant capacitor
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Cr is called the series resonant frequency (commonly abbreviated as resonant frequency).
The resonant frequency fr is expressed as Formula (1):

fr =
1

2π
√

LrCr
(1)

When the primary and secondary sides of the transformer are disconnected, the
excitation inductor Lm is no longer clamped by the output voltage, and the excitation
inductor Lm, the resonant inductor Lr, and the resonant capacitor Cr resonate together. The
generated resonant frequency is called the series–parallel resonant frequency (fm), which is
expressed as Formula (2):

fm =
1

2π
√
(Lr + Lm)Cr

(2)

According to the relationship between the switching frequency f and the resonant
frequencies fr and fm, there are three working modes of the LLC resonant converter:

• Working mode 1: f > fr, under-resonance mode.
• Working mode 2: f = fr, complete resonance.
• Working mode 3: fm < f < fr, quasi-resonant mode.

2.2. Frequency Characteristics of Control Loop

The training dataset is obtained entirely from experimental measurements using
frequency response analysis (FRA) on the physical LLC prototype.

In this study, the system frequency characteristics are defined as how the output
signal changes relative to the input signal as a function of the input signal frequency under
steady-state conditions. These characteristics consist of the amplitude-frequency and phase-
frequency responses, which can be obtained using the small-signal perturbation method
and a loop tester. The test block diagram for frequency characteristics of the control loop is
shown in Figure 2.

Figure 2. Test block diagram for frequency characteristics of the control loop.

As shown in Figure 2 (test block diagram for frequency characteristics of the control
loop), the LLC input is a DC voltage Vin. A frequency-swept sinusoidal AC excitation signal
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T1 is injected into the voltage feedback path, superimposed on the feedback voltage. The
perturbed signal passes through the error amplifier and compensation circuit, and is then
fed into the PWM controller, which modulates the switching frequency of the half-bridge
inverter. Thus, the injected perturbation propagates through the power stage, and the
output voltage exhibits an additional AC response component v0 of T1 superimposed on
the original DC output Vout. Measuring v0 allows the loop gain and phase characteristics
of the LLC SMPS to be derived.

The error amplifier and compensation circuit compare the sensed output voltage with
the reference and provide frequency-domain shaping (pole–zero placement) to ensure
sufficient phase margin and gain characteristics. In other words, the compensation circuit
guarantees loop stability and dynamic performance. The PWM controller is still required
because it converts the compensated error signal into a control action for the power stage,
typically by adjusting the switching frequency in the LLC resonant converter. The com-
pensation alone cannot directly drive the MOSFETs; the PWM controller interprets the
compensated control signal and generates the gate pulses for the power switches. Therefore,
both blocks are essential: compensation for shaping the loop dynamics, and the PWM
controller for producing the switching action.

The amplitude-frequency characteristics and phase-frequency characteristics together
constitute the frequency characteristics of the LLC SMPS.

• Amplitude-frequency characteristics: The amplitude ratio between the output AC
response component v0 and the input excitation signal T1 varies with frequency,
usually expressed in decibels (dB). It reflects the system’s ability to amplify or attenuate
signals of different frequencies. The magnitude is calculated using Formula (3):

MagdB(ω) = 20 log10

∣∣v(1)0 (jω)

T1(jω)

∣∣ (3)

• Phase-frequency characteristics: The phase difference between the output AC response
component v0 and the input excitation signal T1 varies with frequency, usually ex-
pressed in degrees (◦) or radians (rad). It reflects the system’s ability to delay signals
of different frequencies. The phase is calculated using Formula (4):

Phase(ω) = arg

{
v(1)0 (jω)

T1(jω)

}
180
π

(4)

3. Establishment of Fitting Model
3.1. MLP Fitting Model

The multilayer perceptron (MLP) is a type of feedforward artificial neural network
composed of an input layer, an output layer, and at least one hidden layer. Neurons between
layers are fully connected through weight coefficients, and information is transmitted from
the input layer to the output layer through the hidden layer.

The input layer receives external data. The number of nodes is determined by the
characteristic dimension of the input data, and each node corresponds to an independent
characteristic dimension. The hidden layer is located between the input layer and the output
layer, which can include a single-layer or multi-layer structure. Its neurons realize nonlinear
transformation and feature extraction of data by weighted summation of upper-layer inputs
and applying activation functions. The output layer is responsible for generating the final
results, and the number of nodes is determined according to the specific task type: the
number of nodes in classification tasks is usually equal to the number of categories, while
regression tasks generally set a single node to output continuous values.
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As a typical feedforward artificial neural network, the MLP optimizes the network
parameters through the back propagation algorithm to minimize the error between the
predicted output and the true value. It can effectively handle complex nonlinear relation-
ships and is widely used in tasks such as classification and regression to minimize the error
between the fitted output and the true output. The structure of MLP is shown in Figure 3.

 

Figure 3. Structure of the multilayer perceptron (MLP). The concept follows [29].

Forward propagation is a core step in MLP, in which neurons at each layer receive
output from the previous layer and calculate the output of this layer through weighted
summation and nonlinear activation functions. The input formula for the jth neuron in the
lth layer is given in Formula (5):

zl
j = ∑

i
wl

jih
l−1
i + bl

j (5)

where wl
ji is the weight connecting the ith neuron in l − 1th layer to the jth neuron in the

lth layer; hl−1
i is the output of the ith neuron in l − 1th layer; and bl

j is the bias of the jth

neuron in the lth layer. A nonlinear activation function ϕ is applied to the input zl
j of the

neuron, which is the output hl
i of the neuron. The output is given by Formula (6):

hl
i = ϕ

(
zl

j

)
(6)
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where the output hl
i will be used as the input of neurons in the next layer (l + 1th layer). In

terms of activation function selection, the ReLU function is widely used in hidden layers
because of its simple calculation process and high convergence speed. The MLP fitting
model is constructed as follows:

1. Input layer: The number of neurons (Nin) in the input layer is set according to the
number of input characteristics.

2. Hidden layer: The hidden layer uses an adaptive structural optimization mechanism,
and the initial number of neurons (h0) and the number of structural optimizations (k)
in the hidden layer are set to achieve evolutionary iteration of the hidden layer. Each
round of iteration includes dynamic adjustment of neuron quantity, depth expansion
of the hidden layer, and topological reconstruction of connections between hidden
layers. The nonlinear activation function ReLU is uniformly used for each hidden
layer.

3. Output layer: The output layer structure is determined according to the task require-
ments. The number of neurons (Nout) in the output layer is set according to the
number of output characteristics, and the maximum number of iterations (epochs)
and learning rate (η) are set.

The MLP optimizes the weight and bias parameters in the network with the help of
the back propagation algorithm [30]. When training the MLP network model, the training
is carried out based on the back propagation algorithm. The input characteristic vector is
used as training data, and the error between the calculated fitting result and the real label
is back-propagated from the output layer to the input layer, thereby adjusting the network
weights and bias parameters. Specifically, by solving the partial derivative of the error with
respect to each weight and bias, the parameters are updated along the gradient descent
direction to gradually reduce the error.

3.2. WOA-MLP Fitting Model

As the learning probability of the MLP fitting model is affected by engineering empiri-
cal factors, the WOA is introduced to optimize the learning probability of the MLP with the
mean absolute error as the adaptive value to further improve the frequency characteristic
fitting accuracy of the LLC under all operating conditions.

The WOA simulates the predatory behavior of whales, especially their distinctive
spiral position-updating mechanism, enabling accelerated convergence toward the opti-
mal solution. When the algorithm is close to the optimal solution, the exact location of
the optimal solution can be found more accurately. In the WOA, the individual whales
exhibit large-scale mobility within the search space through a hybrid approach combining
stochastic search and directed search. The WOA features relatively few parameters, and
the main parameters such as the population size and shrinkage factor have clear physical
meanings and are relatively simple to adjust. Moreover, these parameters have a more
intuitive impact on algorithm performance and are easy to set reasonably according to the
characteristics of the problem.

The samples in the training set are fitted based on the MLP fitting model, and the
current value of mean absolute error is updated after the current fitting. The learning
probability of the MLP is iteratively optimized using the WOA and the current value
of mean absolute error. The fitting model is updated based on the optimized learning
probability before proceeding to the next fitting. This step is repeated until all training
samples in the training set are fitted. Formula (7) is the formula for WOA optimized
position update:

x(t + 1) =

{
x(t)− A|Cx(t)− x(t)|, p < 0.5

x(t) + Dpelcos(2πl), p ≥ 0.5

}
(7)
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where x(t) is the solution vector of the whale position in the tth iteration, i.e., the learning
probability of the fitting model; l is a random value in a linear spiral; p is a computa-
tional vector per dimension; A, C are parameter vectors calculated per dimension; Dp

is the distance between a whale and its prey. The WOA is employed to search for the
hyperparameter vector θ of the MLP.

• Fitness (objective): validation loss, given by Formula (8):

J(θ) = αMAEmag + βRMSEφ (8)

with magnitude MAE and unwrapped phase RMSE.
• Position encoding: each whale X ∈ Rd encodes θ (continuous dims normalized;

discrete dims via index mapping).
• WOA updates given by Formula (9):

D = |C ⊙ X∗ − X|, X(t + 1) = X∗ − A ⊙ D
A = 2ar − a, C = 2r, r ∼ U(0, 1)

(9)

with spiral search (probability p) given by Formula (10):

X(t + 1) = |X∗ − X|eb↕ cos(2π↕) + X∗, ↕ ∼ U(−1, 1) (10)

If |A| < 1, exploitation is performed around the best position X∗ otherwise, explo-
ration is conducted around a randomly selected position Xrand.

• Decode/Train/Eval: decode X → θ , train the MLP with a fixed budget, and compute
J on the validation set as the fitness.

The steps for the random generation of whale positions are as follows:

1. Normalize each hyperparameter to [0, 1] (discrete dims via index lists).

2. Sample N initial whales X(0)
i ∼ U(0, 1) d

3. Decode and repair: map X(0)
i → θi , round discrete dims, and clip to feasible bounds

if needed.
4. Evaluate fitness J(θi) to set the initial best X∗.

Stopping criteria: The algorithm terminates once the iteration counter t reaches the
maximum number of iterations (MaxIter). This condition indicates that the WOA has
reached the maximum number of iterations.

The hyperparameters optimized by the WOA include both network architecture and
training settings:

• Architecture: depth L ∈ {2, 3, 4}, width nh ∈ [16, 256], activation ∈ {ReLU, tanh};
• Training: initial LR η ∈

[
10−4, 5 × 10−3], weight decay λ ∈

[
10−6, 10−2], dropout

p ∈ [0, 0.3], batch B ∈ {64, 128, 256}, early-stopping patience P ∈ [10, 40].

The rationale is as follows: Deployment constraints limit depth and width; risk of
overfitting determines λ, p, P; convergence and robustness inform η, B. Unless phase
noise dominates, the weighting coefficients are set as α = β.

Figure 4 below is the optimization flow chart:
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Figure 4. Flow chart of the whale optimization algorithm.

3.3. FT-WOA-MLP Fitting Model

To overcome the problem of poor fitting accuracy of the WOA-MLP fitting model
caused by changes in operating conditions and curve fluctuations, FT was introduced to
fine-tune and optimize the WOA-MLP fitting model.

In order for the pre-trained model to be competent in identifying new datasets, the fea-
ture information extracted by the pre-trained model needs to be universal and fundamental.
As WOA-MLP is a highly nonlinearly coupled fitting model, the information extracted by
conventional neural networks is limited. The structure of the MLP can be divided into an
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underlying network and a top-level network. The features extracted from the underlying
network are universal, so it is a network suitable for transfer learning.

Since the new fitting task in this paper is highly correlated with the pre-training
task, the full model fine-tuning mode is adopted. The specific steps for fine-tuning the
WOA-MLP model based on FT are as follows:

1. Construction of pre-trained model: Similar to the construction of the WOA-MLP
model, normalize the input feature quantity and then input it into the MLP training
model. With MAE as the target value, use the WOA to perform spiral optimiza-
tion iteration on the learning probability of MLP. Set the training cycle (epochs_pt)
according to the amount of data and conduct training under all operating conditions.

2. Construction of FT model: Remove the original fitting output layer in WOA-MLP,
add a new specific task layer, introduce regularization constraints to enhance the
generalization capabilities of the new layer, and freeze all pre-trained layer parameters
to retain feature extraction capabilities.

3. Hierarchical optimization training: Adjust the model structure, replace the top layer,
and configure the learning rate (lr). Set the training cycle (epochs_ft) according to
the amount of data and conduct training under all operating conditions. Select an
appropriate optimizer and set the momentum coefficient (mom).

4. FT training: Progressively fine-tune the model, freeze the feature extraction layer,
train only the newly added task layer until convergence, and unfreeze the terminal
pre-trained layer.

In the fine-tuning (FT) stage, the MLP is decomposed into a shared backbone ϕ(·; θb)

and a task-specific head g(·; θt). During FT, the backbone parameters θb are frozen to
preserve the general representation learned from the source dataset, while the task-specific
head θt is re-initialized and trained with a small calibration set. In practice, the task-
specific head is implemented as a lightweight linear (or dual linear) layer that separately
outputs the magnitude and phase responses. The optimization objective remains the same
as in the initial training but is now restricted to the small task layer, which substantially
reduces the computational cost. Conceptually, the task-specific head captures domain or
measurement shifts, such as scale differences, offsets, or mild shape variations, thereby
enabling the model to adapt efficiently to a new converter or sub-domain without the need
for re-running a full hyperparameter search.

4. Experimental Analysis
4.1. Experimental Conditions

Take an LLC SMPS module as an example, which has a rated input voltage of 530 V,
a rated output voltage of 24 V, a rated output current of 54 A, an input voltage range of
380–710 V, and an output current of 6–72 A. Connect a 5 Ω excitation resistor in series
in its voltage feedback circuit, and connect the two ends of the excitation resistor to the
excitation signal generator and the oscilloscope, respectively; switch the oscilloscope probe
to the AC position, and connect the signals at the injection end and the output end to the
oscilloscope through the X1 probe to collect both the excitation signal and the response
signal. The experimental setup for measuring the loop frequency response of the LLC
prototype, including the injection point, oscilloscope, and signal generator, is shown in
Figure 5.

The experimental platform is shown in Figure 6 below.
The equivalent parameters of the tested prototype are summarized in Table 1.
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Figure 5. Experimental connection diagram of the half-bridge LLC resonant converter with AC
injection for frequency response measurement.

 

Figure 6. Experimental platform.

Table 1. Equivalent parameters of the tested LLC converter.

Parameter Value

Topology Half-bridge LLC resonant converter 1

Rated Power 1500 W
Input Voltage 380–710 V (nominal 530 V)

Output Voltage 24 V
Output Current 6–72 A (nominal 54 A)

Switching Frequency 40–200 kHz
Resonant Capacitor Cr 1.33 × 10−7 F (133 nF)
Resonant Inductor Lr 2.975 × 10−5 H (29.75 µH)

Magnetizing Inductor Lm 1.339 × 10−4 H (133.9 µH)
Ratio k = Lm/Lr ≈4.5

Transformer Turns Ratio 10.93:1
Output Capacitor Co 3300 µF, ESR ≈ 8 mΩ

Power Switches MOSFET, 900 V/40 A 1

Rectifier Diode, 100 V/60 A 1

1 The equipment and components were sourced from Shijiazhuang Tonhe Electronics Technologies Co., Ltd.,
located in Shijiazhuang, China.
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4.2. Frequency Characteristic Data Acquisition
4.2.1. Data Acquisition

The selected SMPS module has an input voltage range of 380–710 V and an output cur-
rent range of 6–72 A. Within these ranges, a test matrix was designed using an equal-interval
sampling method: for the input voltage, 12 discrete operating points uniformly selected in
the range of 380–710 V at 30 V intervals; for the output current, 12 discrete operating points
uniformly selected in the range of 6–72 A at 6 A intervals. The 12 input voltage values and
the 12 output current values are orthogonally combined to form 144 (12 × 12) independent
operating conditions covering the entire working area of the SMPS module.

For each preset operating condition, 81 frequency points were set in the frequency
range of 10 Hz to 10 kHz for sweep frequency testing. Small signal disturbances were
injected. The amplitude-frequency characteristics and phase-frequency characteristics of
the module were recorded, and a frequency response curve was drawn. The result example
is shown in Figure 7.

Figure 7. Frequency characteristic curves.

In Figure 7, the red curve is the amplitude-frequency characteristic curve, and the
blue curve is the phase-frequency characteristic curve. An orthogonal matrix of operating
conditions and frequency points was utilized, collecting a total of 11,664 sets of frequency re-
sponse characteristics data derived from 144 operating conditions and 81 frequency points.

The chosen sweep range of 10 Hz–10 kHz fully covers the control loop dynamics. The
loop crossover frequency fc of the tested LLC converter is in the order of several hundred
hertz. According to control design practice, scanning up to about one decade above the
crossover frequency is sufficient to capture the loop gain and phase characteristics. Beyond
this range, especially at frequencies close to the switching frequency (40–200 kHz), the loop
gain has already dropped well below unity, and the response is dominated by switching
harmonics and parasitic effects rather than by the feedback loop. Therefore, extending
the sweep to higher frequencies would not provide additional information relevant to
loop stability or performance, while it may introduce measurement noise. The selected
frequency range thus adequately reflects the module’s performance.

4.2.2. Outlier Processing

Affected by the test environment, the collected amplitude-frequency and phase-
frequency data contained some outliers. These outliers were processed using the mean
shift method, replacing the outlier with the mean calculated from its 10 preceding and
10 subsequent groups.
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4.2.3. Dataset Division

A grouped cross-distribution strategy was employed for dataset division: A total
of 144 operating conditions were sequentially divided into 48 groups (three per group).
Within each group, the first two operating conditions were assigned to the training set,
while the third operating condition was assigned to the test set. Finally, the training set
contained 96 operating conditions, and the test set contained 48.

For clarity and reproducibility, the training process is accompanied by a detailed
summary of the dataset employed in this work together with the information provided to
the MLP. Table 2 presents the dataset summary, including the number of operating points,
sweep frequencies, ranges, and total samples. Table 3 further details the inputs, targets,
and preprocessing steps employed for MLP training. All simulations and analyses in this
work were carried out using MATLAB R2023a (including its toolboxes for data processing,
curve fitting, and model training).

Table 2. Dataset summary used to train the MLP.

Item Value

Operating points (Uin × Iout) 144
Frequency samples per operating point 81

Frequency span 10 Hz–10 kHz
Total samples 11,664

Uin range 380–710 V
Iout range 6–72 A

Measurement method FRA via injection transformer across Rinj (loop)

Table 3. Information used for MLP training.

Category Variable Symbol Definition Normalization

Input Input voltage Uin
Operating-point DC

bus voltage Min–max [0, 1]

Input Output current Iout
Operating-point

load current Min–max [0, 1]

Input Frequency f
FRA injection

frequency
(sweep grid)

log10 f

Target Loop
magnitude Mag(dB) 20\log_{10} —

Target Loop phase Phase(deg) ∠T(jω) (unwrap then
wrap)

Zero-mean/
unit-variance

Preproc. Phase
handling — Unwrap → wrap to

[−180◦, 180◦] —

Preproc. Outlier
handling — Mean-shift/threshold

removal —

4.3. Model Parameter Setting
4.3.1. MLP Parameter Setting

The parameters of the MLP fitting model were set as follows:

• Input layer: The number of neurons is determined by the number of input features.
The input feature quantities include input voltage U, output current I, and injection
frequency F. Let the number of neurons in the input layer Nin = 3.

• Hidden layer: Dynamically optimize the neurons in the hidden layer according to
training errors and computing resources, and adaptively adjust the number of neurons
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or number of hidden layers. Assume that the initial number of neurons in the hidden
layer h0 = 10 and the number of structural optimizations k = 5.

• Output layer: Determine the number of neurons and activation function according to
the fitting target. The number of neurons is equal to the number of output features. The
output feature quantity includes amplitude-frequency and phase-frequency. Let the
number of neurons in the output layer Nout = 2; let the maximum number of training
epochs = 500, and the learning rate η = 0.01; use ReLU as the activation function.

The parameters are shown in Table 4:

Table 4. Parameter settings of the MLP model.

Parameter Name Parameter Value Description

Nin 3 Number of neurons in the
input layer (U, I, F)

Nout 2
Number of neurons in the output

layer (amplitude-
frequency, phase-frequency)

h0 10 Initial number of neurons in the
hidden layer

k 5 Number of structural
optimizations

η 0.01 Learning rate

epochs 500 Maximum number of
training

4.3.2. Horizontal Comparison Between MLP and WNN

In order to verify the advantages of the MLP compared with other mainstream fitting
algorithms, a wavelet neural network (WNN) model was selected for comparative analy-
sis [31]. The WNN is a type of neural network that combines wavelet analysis theory with
an artificial neural network, uses wavelet function as the transfer function of hidden layer
nodes, and propagates signals forward while errors propagate backward.

The MLP and WNN were employed to perform amplitude-frequency and phase-
frequency fitting across input voltages of 380–710 V, output currents of 6–72 A, and switch-
ing frequencies in the range of 10 Hz–10 kHz, with subsequent comparison of fitting errors.
Table 5 shows the comparison of amplitude-frequency fitting errors, where each error value
was calculated across all operating conditions in the test set.

Table 5. Comparison of amplitude-frequency fitting errors between MLP and WNN.

Model MAE MAPE RMSE R2

MLP 4.5010 0.5819 6.0986 0.78
WNN 4.9308 1.0121 7.7817 0.69

The amplitude-frequency fitting accuracy of the MLP model was higher than that of
the WNN model, with MAE reduced by 8.71%, MAPE reduced by 42.5%, RMSE reduced
by 21.63%, and R2 increased by 13.04%. Table 6 shows the comparison of phase-frequency
fitting errors, where each error value was calculated across all operating conditions in the
test set.

The phase-frequency fitting accuracy of the MLP model was also higher than that of
the WNN model, with MAE reduced by 35.38%, MAPE reduced by 41.02%, RMSE reduced
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by 30.07%, and R2 increased by 13.64%. Based on the horizontal comparison above, the
MLP demonstrated a pronounced advantage over the WNN across four error metrics.

Table 6. Comparison of phase-frequency fitting errors between MLP and WNN.

Model MAE MAPE RMSE R2

MLP 11.6546 0.3773 25.8022 0.75
WNN 18.0336 0.6398 36.8963 0.66

4.3.3. WOA Parameter Setting

WOA parameters were set as follows:

• Optimization objectives: Given that the amplitude-frequency and phase-frequency
characteristics were fitted separately to establish a dual-objective optimization frame-
work, set the output variable dimension dim = 1; select the MAE as the fitness function
to ensure the fitting accuracy.

• Population and iteration configuration: To balance exploration and development
capabilities, set population size = 20; to ensure full convergence of large datasets
(>10 k samples), set the maximum number of iterations epochs = 400.

• Setting of dual iteration mechanism: The outer layer iteration completes the WOA
global optimization process; the inner layer iteration fine-tunes the learning probability
in MLP, with the number of FT iterations set as opt = 30.

The parameters are shown in Table 7:

Table 7. WOA parameter setting.

Parameter Name Parameter Value Description

dim 1 Output variable dimension
size 20 Population size

epochs 400 Maximum number of iterations
opt 30 Number of FT iterations

4.3.4. Model FT Parameter Setting

The FT parameters were set as follows:

• Learning rate configuration: Use the hierarchical learning rate mechanism, with the
learning rate of top task layer set as lr_top ∈ [10−2, 10−4] and the learning rate of bot-
tom feature extraction layer set as lr_bottom ∈ [10−2, 10−6]. Learning rate optimization
was achieved through the Bayesian hyperparameter optimization framework [32].

• Optimizer configuration: Use the stochastic gradient descent (SGD) algorithm and
introduce momentum coefficient, with the momentum coefficient at the initial stage
set as mom_init = 0.8 and the momentum coefficient at the convergence stage set as
mom_final = 0.95.

• Training cycle setting: To ensure full convergence of large datasets (>10 k samples), set
the number of pre-trained model iterations epochs_pt = 400; to prevent overfitting, set
the number of FT iterations epochs_ft = 200.

• Structural configuration: Unfreeze the last two pre-trained layers in the fine-tuning
stage for end-to-end optimization.

The parameters are shown in Table 8:
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Table 8. FT parameter setting.

Parameter Name Parameter Value Description

epochs_pt 400 Number of pre-trained model iterations
epochs_ft 200 Number of FT iterations

lr_top [10−2, 10−4] Learning rate of top task layer
lr_bottom [10−2, 10−6] Learning rate of bottom feature extraction layer
mom_init 0.8 Momentum coefficient at the initial stage
mom_final 0.95 Momentum coefficient at the convergence stage

4.4. Comparison of Amplitude-Frequency Characteristics

The MLP, WOA-MLP, and FT-WOA-MLP were used to fit the amplitude-frequency
characteristics within the full operating range of input voltage 380–710 V, output current
6–72 A, and injection frequency 10 Hz–10 kHz. After the fitting model was trained, the
test set covering all operating conditions was input into the model to calculate the fitting
error, followed by a comparative analysis. Table 9 shows the comparison results, where
each error value was calculated across all operating conditions in the test set.

Table 9. Comparison of amplitude-frequency fitting errors in the MLP family.

Model MAE MAPE RMSE R2

MLP 4.5010 0.5819 6.0986 0.78
WOA-MLP 3.2065 0.2506 8.2219 0.85

FT-WOA-MLP 2.0995 0.0974 4.0474 0.92

Figure 8 systematically compares the performance of three models (MLP, WOA-MLP,
and FT-WOA-MLP) during amplitude-frequency fitting training in terms of four error
metrics. The four subplots, respectively, show the dynamic change trends of MAE, MAPE,
RMSE, and R2 metrics with respect to the training epochs:

  
(a) (b) 

Figure 8. Cont.
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(c) (d) 

Figure 8. Iterative comparison of different errors for multiple models during amplitude-frequency
fitting. (a) MAE; (b) MAPE; (c) RMSE; (d) R2.

By analyzing the data in Table 9 and Figure 8, it can be seen that compared with the
WOA-MLP fitting model, the FT-WOA-MLP fitting model demonstrated a higher fitting
accuracy: a 35% reduction in MAE, a 61% reduction in MAPE, a 51% reduction in RMSE,
and a 7% increase in R2. Compared with the MLP model, it also showed a higher fitting
accuracy: a 53% reduction in MAE, an 83% reduction in MAPE, a 37% reduction in RMSE,
and an 18% increase in R2. The total number of iterations were 160, 148, and 125 for the MLP,
WOA-MLP, and FT-WOA-MLP models, respectively. The FT-WOA-MLP model entered
the convergence stage earlier than WOA-MLP and MLP models in the iteration process
and could complete the amplitude-frequency fitting task faster.

An input voltage of 530 V was selected to observe the amplitude-frequency changes
with current and frequency, as shown in Figure 9. An output current of 54 A was selected
to observe the amplitude-frequency changes with voltage and frequency, as shown in
Figure 10.

Figure 9. Three-dimensional diagram of amplitude-frequency changes with current and frequency.
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Figure 10. Three-dimensional diagram of amplitude-frequency changes with voltage and frequency.

In Figures 9 and 10, the colors represent the gain (in dB), with the color gradient
transitioning from blue to yellow. Blue indicates lower gain values (more negative dB),
while yellow represents higher gain values (more positive dB). The intensity of the color
corresponds to the magnitude of the gain, with blue representing lower gain and yellow
indicating higher gain. This color gradient visually represents the variation in gain across
different current/voltage and frequency conditions.

Figure 11 presents fitted-versus-measured amplitude-frequency curves under three
representative operating conditions: 380 V/18 A (minimum), 530 V/54 A (rated), and
710 V/72 A (maximum). Each subplot contains four curves: Measured, MLP, WOA-
MLP, and FT-WOA-MLP. To avoid redundancy, the complete set of amplitude-frequency
comparisons—covering input voltages 380/530/710 V and output currents 18/36/54/72 A,
including the cases of different currents at fixed voltages—is provided in the Supplementary
Materials with identical axes, legends, and metrics.

   
(a) (b) (c) 

Figure 11. Amplitude-frequency comparisons at three operating points. (a) 380 V/18 A; (b) 530 V/54 A;
(c) 710 V/72 A.

According to the above figure, it is evident that the FT-WOA-MLP model exhib-
ited a better fitting performance, with its amplitude-frequency curve aligning more
closely with the actual curve compared with the WOA-MLP model. The model achieved
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precise fitting for both low-voltage operating conditions and the end of amplitude-
frequency curves, enabling accurate fitting of amplitude-frequency characteristics under all
operating conditions.

4.5. Comparison of Phase-Frequency Characteristics

The MLP, WOA-MLP and FT-WOA-MLP models were used to fit the phase-frequency
characteristics within the full operating range of input voltage 380–710 V, output current
6–72 A, and injection frequency 10 Hz–10 kHz. After the fitting model was trained, the test
set covering all operating conditions was input into the model to calculate the fitting error,
followed by a comparative analysis. Table 10 shows the comparison results, where each
error value was calculated across all operating conditions in the test set.

Table 10. Comparison of phase-frequency fitting errors in the MLP family.

Model MAE MAPE RMSE R2

MLP 11.6546 0.3773 25.8022 0.75
WOA-MLP 7.0901 0.1904 16.9005 0.86

FT-WOA-MLP 3.5020 0.0956 10.5192 0.94

Figure 12 systematically compares the performance of three models (MLP, WOA-MLP,
and FT-WOA-MLP) during phase-frequency fitting training in terms of four error metrics.
The four subplots respectively show the dynamic change trends of MAE, MAPE, RMSE,
and R2 metrics with respect to the training epochs:

 
(a) (b) 

  
(c) (d) 

Figure 12. Iterative comparison of different errors for multiple models during phase-frequency fitting.
(a) MAE; (b) MAPE; (c) RMSE; (d) R2.
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By analyzing the data in Table 10 and Figure 12, it can be seen that compared with the
WOA-MLP fitting model, the FT-WOA-MLP fitting model demonstrated a higher fitting
accuracy: a 52% reduction in MAE, a 49% reduction in MAPE, a 38% reduction in RMSE,
and a 9% increase in R2. Compared with the MLP model, it also showed a higher fitting
accuracy: a 70% reduction in MAE, a 75% reduction in MAPE, a 60% reduction in RMSE,
and a 25% increase in R2. The total number of iterations were 160, 148, and 125 for MLP,
WOA-MLP, and FT-WOA-MLP models, respectively. The FT-WOA-MLP model entered
the convergence stage earlier than the WOA-MLP and MLP models in the iteration process
and could complete the phase-frequency fitting task faster.

An input voltage of 530 V was selected to observe the phase-frequency changes with
current and frequency, as shown in Figure 13. An output current of 54 A was selected to
observe the phase-frequency changes with voltage and frequency, as shown in Figure 14.

Figure 13. Three-dimensional diagram of phase-frequency changes with current and frequency.

Figure 14. Three-dimensional diagram of phase-frequency changes with voltage and frequency.
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In Figures 13 and 14, the colors represent the phase angle (in degrees), with the color
gradient ranging from blue to yellow. Blue indicates negative phase values, while yellow
represents positive phase values. The intensity of the color corresponds to the magnitude
of the phase shift, with blue indicating lower phase values and yellow indicating higher
phase values. The color gradient effectively visualizes the phase changes across varying
current/voltage and frequency values.

Figure 15 presents fitted-versus-measured phase-frequency curves under three rep-
resentative operating conditions, namely 380 V/18 A (minimum), 530 V/54 A (rated),
and 710 V/72 A (maximum). Each subplot contains four curves: measured, MLP, WOA-
MLP, and FT-WOA-MLP. To avoid redundancy, the complete set of phase-frequency
comparisons—covering input voltages 380/530/710 V and output currents 18/36/54/72 A,
including the cases of different currents at fixed voltages—is provided in the Supplementary
Materials with identical axes, legends, and metrics.

   
(a) (b) (c) 

Figure 15. Phase-frequency comparisons at three operating points. (a) 380 V/18 A; (b) 530 V/54 A;
(c) 710 V/72 A.

The graphical comparisons above reveal distinct phase-frequency fitting performance
across varying operating conditions, and the phase-frequency characteristic curve under
continuous operating conditions was obtained. Compared with the WOA-MLP model,
the FT-WOA-MLP model exhibited higher fitting accuracy and closer alignment with the
actual phase-frequency characteristics. It can effectively respond to changes in different
operating conditions and address the problem of excessive fitting error at low-input-voltage
operating points.

4.6. Comparison with Analytical Models

Figure 16 shows the comparison at the 530 V/54 A operating condition. As can be
observed, the FHA model exhibits sizable deviations in the decade around the crossover
frequency [fc/3, 3fc], mainly because it neglects the output pole and the transport delay,
and it produces an unrealistic high-frequency trend. In contrast, the improved averaged
model correctly reproduces the −20 dB/dec slope near fc, the kHz-range ESR shoulder, and
the additional high-frequency phase lag, making it the most informative and interpretable
analytical baseline.

Figure 16 juxtaposes the measured loop with two analytical models: the plain FHA
and an improved averaged model that augments FHA by the output-side dynamics and a
compact delay.

• Magnitude (top): Around the bandwidth ( fc ≈ 160 Hz), the measurement rolls off
at −20 dB/dec. The improved averaged curve almost coincides with the measure-
ment, whereas FHA remains too flat and underestimates the slope. At a few kHz,
the measurement shows a mild shoulder caused by the ESR zero; the improved
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model reproduces this feature through 1+sCoESR
1+sRoCo

, while FHA misses it and diverges at
higher frequencies.

• Phase (bottom): Near the bandwidth, the improved model follows the measured
bend; at higher frequencies, it also captures the additional lag caused by sampled-
data/transport delay (e−sτd ). FHA lacks both mechanisms, hence the wrong bend
location and decay trend.

Figure 16. Comparison of measured frequency response with FHA and improved-averaged models at
530 V/54 A operating condition: magnitude characteristics (top) and phase characteristics (bottom).
The FHA derivation is provided in Appendix A.

Classical averaging (incl. FHA) systematically fails in the 102–103 Hz decade because it
ignores the output pole/ESR zero and the effective delay of the modulation/measurement
chain. An improved averaged model that keeps FHA’s interpretability but explicitly
includes these two elements correctly reproduces the −20 dB/dec slope near fc, the ESR-
induced shoulder, and the high-frequency phase lag, while remaining lightweight.

4.7. Practical Application Case Study: Defect Identification and Quality Control

To further demonstrate the practical utility of the proposed FT-WOA-MLP model,
a case study is presented on how the method can be applied in production-line quality
control for LLC resonant SMPS units.

The goal is to identify potential defects during mass production by comparing the
measured loop frequency response of each unit with the model-predicted “digital golden
standard”, thereby ensuring product consistency and reliability.

Application Scenario: A newly assembled SMPS unit is placed on the experimental
test platform. A challenging operating condition—low input voltage of 380 V and high
output current of 72 A—is selected for testing, as loop instabilities or component tolerance
issues are most likely to appear under such conditions.

Step 1—Model Prediction. The parameters (380 V, 72 A) are fed into the trained FT-
WOA-MLP model, which instantly generates the expected amplitude- and phase-frequency
curves for a healthy unit. These curves act as the digital golden standard.
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Step 2—Measurement. A spot frequency sweep is performed on the physical unit at the
same condition, yielding its actual frequency response. Compared with full characterization,
this requires only a single operational point and thus is highly efficient.

Step 3—Comparison and Diagnosis.

• Scenario A (healthy unit): If the measured response closely matches the predicted
curves (similar to the agreement shown in Figure 10), the unit passes the quality check.

• Scenario B (defective unit): If a significant deviation is detected—for example, a
measured phase margin reduced by 15◦ or the appearance of an unexpected resonance
peak—the system flags the unit as defective. Such deviations may stem from a wrong
capacitor value, a faulty solder joint, or incorrect transformer inductance. The unit can
then be sent for detailed inspection and rework.

This approach (i) improves efficiency by replacing multi-condition sweeps with
quick spot checks, (ii) provides objectivity through quantitative comparison, (iii) offers
comprehensive coverage since the model is trained across all operating conditions, and
(iv) supports automation, enabling 100% testing on production lines.

4.8. Closed-Loop Characteristics

To further verify the closed-loop behavior of the LLC converter, frequency-domain
characteristics were measured and are presented in Figures 17–19.

Figure 17 shows the measured Bode diagram of the control loop at the nominal op-
erating point (Vin = 530 V, Iout = 54 A). The crossover frequency is approximately
fc ≈ 160 Hz, with a phase margin of PM ≈ 116◦ and a gain margin of GM ≈ 7.5 dB,
confirming a stable and well-compensated loop. Figure 18 reports the Nyquist locus of
the measured loop gain T(jω); the trajectory does not encircle the point (−1, 0), thereby
verifying robust stability in accordance with the Nyquist criterion. Figure 19 depicts
the sensitivity function S(jω) = 1/(1 + T) and complementary sensitivity function
Tc(jω) = T/(1 + T). The |Tc| curve exhibits only a small peak (≈0.2 dB) and decays
rapidly above fc, indicating effective high-frequency noise rejection and benign reso-
nances. The low-frequency behavior of |S| is consistent with the deliberately selected
low crossover, highlighting robustness-oriented compensation. Collectively, these results
demonstrate that the proposed control loop achieves both robust stability and favorable
disturbance/noise shaping.

 

Figure 17. Measured loop Bode at Vin = 530 V, Iout = 54 A.
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Figure 18. Nyquist plot of the measured loop T(jω).

 
Figure 19. Measured |S(jω)| and |Tc(jω)|. The small |Tc| peak and rapid high-frequency roll-off
indicate benign resonances and good noise-shaping.
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5. Conclusions
This work proposes an FT-WOA-MLP-based fitting method for accurately modeling

the frequency characteristics of LLC SMPS under all operating conditions. Experimental
validation demonstrates that the model achieves high accuracy: for amplitude-frequency
fitting, the FT-WOA-MLP reduced MAE, MAPE, and RMSE by 35%, 61%, and 51%, respec-
tively, with R2 improved by 7% over WOA-MLP; for phase-frequency fitting, MAE, MAPE,
and RMSE were reduced by 52%, 49%, and 38%, with R2 increased by 9%. These results con-
firm the method’s ability to provide reliable full-domain frequency–response prediction.

The proposed approach offers several advantages: (i) accurate fitting across the full
operating range; (ii) robustness to measurement noise and outliers; (iii) improved conver-
gence through WOA-assisted tuning; (iv) enhanced adaptability to related prototypes via
FT; and (v) suitability as a lightweight surrogate in design and analysis tools. Limitations
include the need for seed experimental data, unreliable extrapolation beyond the trained
range, the requirement of model retuning after major hardware changes, and the lack of
direct physical interpretability without analytical support.

The study focuses on the MLP family (MLP, WOA-MLP, and FT-WOA-MLP) rather
than heavier architectures for reasons of fairness and deployability: MLP models meet
embedded resource constraints, train stably on modest laboratory datasets, and allow
clear attribution of incremental improvements due to optimization strategies. Overall, the
proposed method provides a practical surrogate for closed-loop frequency characteristics,
supporting loop-stability analysis and defect identification across the full operating domain
of LLC SMPS.
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//www.mdpi.com/article/10.3390/jlpea15040057/s1, Figure S1: Comparison of fitted amplitude-
frequency curves across multiple models under varying currents at a low voltage of 380 V; Figure S2:
Comparison of fitted amplitude-frequency curves across multiple models under varying currents at a
rated voltage of 530 V; Figure S3: Comparison of fitted amplitude-frequency curves across multiple
models under varying currents at a high voltage of 710 V; Figure S4: Comparison of fitted phase-
frequency curves across multiple models under varying currents at a low voltage of 380 V; Figure S5:
Comparison of fitted phase-frequency curves across multiple models under varying currents at a
rated voltage of 530 V; Figure S6: Comparison of fitted phase-frequency curves across multiple
models under varying currents at a high voltage of 710 V.

Author Contributions: Conceptualization, J.G. and R.H.; methodology, J.G.; software, R.H.; vali-
dation, J.G., R.H. and Z.Y.; formal analysis, R.L.; investigation, R.L.; resources, L.Z.; data curation,
J.G.; writing—original draft preparation, J.G.; writing—review and editing, G.A.; visualization, Z.Y.;
supervision, G.A.; project administration, L.Z.; funding acquisition, G.A. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by the Shijiazhuang Industry-University-Research Collaboration
Project for Higher Education Institutions in Hebei Province, “Research on Key Technologies for Dy-
namic Performance Analysis and Transfer Function Identification of DC Power Conversion Modules”
(No. 241060171A).

Data Availability Statement: The original contributions presented in this study are documented
within the article. For additional information, please contact the corresponding author.

Conflicts of Interest: Authors R.L. and L.Z. were employed by the company Shijiazhuang Tonhe
Electronics Technologies Co., Ltd. All other authors state that they have no competing financial or
personal relationships that could have influenced the work presented in this article.

https://www.mdpi.com/article/10.3390/jlpea15040057/s1
https://www.mdpi.com/article/10.3390/jlpea15040057/s1


J. Low Power Electron. Appl. 2025, 15, 57 26 of 28

Appendix A
Analytical Small-Signal Derivation of an LLC Resonant Converter (FHA)

1. Assumptions and notation (FHA framework)

• Half-bridge excitation with 50% duty; switches and rectifier are ideal.
• Only fundamental (first harmonic) components of voltages/currents are retained.
• The output capacitor Co is large so that the DC ripple is small; the load is Ro.
• Secondary rectifier and load are referred to the primary by an AC resistance Rac

chosen to preserve power.

Primary-referred AC load (full-wave rectification, half-bridge) is given by Formula (A1):

Rac =
8n2Ro

π2 , Ro =
Vout

Iout
(A1)

where n is the primary-to-secondary turns ratio.

2. Fundamental source and tank model

The half-bridge square wave is replaced by its fundamental sinusoid of amplitude,
given by Formula (A2):

V1 =
2
π

Vin (A2)

With resonant elements Lr and Cr in series and magnetizing inductance Lm in parallel
with Rac, the series and parallel impedances and the tank transfer are given in Formula (A3):

Zs = jωLr +
1

jωCr
, Zp =

jωLmRac

jωLm + Rac
, Htank(jω) =

Zp

Zs + Zp
(A3)

3. AC–DC linkage (power consistency)

The primary AC power absorbed by Rac equals the DC output power (lossless FHA),
given by Formula (A4):

Vp = V1Htank(jω),

∣∣Vp
∣∣2

Rac
≈ Vout

2

Ro
(A4)

In steady state, this yields the familiar DC gain scaling (often absorbed into constants
in small-signal work), given by Formula (A5):

Vout =

√
Ro

Rac

2
π

Vin|Htank(jω)| (A5)

4. Small-signal control-to-output path under frequency modulation (PFM)

In LLC control, the command vc perturbs the switching (excitation) angular frequency
ωs through an FM/VCO path, given by Formula (A6):

ω̂s(s) = Kω v̂c(s) (A6)

The output is linearized around the operating point ωs = ω0, and the chain rule is
applied, given by Formula (A7):

V̂out(s) ≈ HsenseVin
∂Htank

∂ω

∣∣∣∣ω=ω0 ω̂s(s) (A7)
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so the FHA small-signal control-to-output transfer is given in Formula (A8):

Gv f ,FHA(s) ≈ HsenseVinKω
∂Htank

∂ω

∣∣∣∣
ω=ω0

(A8)

5. Loop formation and sensitivity functions

With a compensator C(s) (e.g., Type-II/III), the open loop is given in Formula (A9):

T(s) = C(s)Gv f (s) (A9)

and the usual sensitivity/complementary sensitivity are given in Formula (A10):

S(jω) =
1

1 + T(jω)
, Tc(jω) =

T(jω)

1 + T(jω)
(A10)
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