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Abstract—A precise evaluation of power converter losses is es-
sential for accurately predicting power loss and optimizing control
parameters to enhance efficiency across various scenarios and
applications. Conventional power loss evaluation methods separate
the theoretical analysis and experimental verification stages. Con-
sequently, these methods often suffer from irreconcilable dispari-
ties between the analytical predictions and measurement outcomes.
This article introduces a transfer learning (TL)-based refinement
approach for power loss evaluation, which can be iteratively im-
proved with ongoing experimental data. Our method entails the
creation of an extensive source domain dataset for training a
source domain model, followed by fine-tuning in the target domain.
Consequently, a self-adaptive and refined power loss evaluation
model is established with a small amount of experimental data.
We conducted a case study featuring a 6.6 kW synchronous boost
converter, considering six degrees of freedom for operational con-
ditions. Leveraging a dataset of 2 33 280 simulation samples and
45 experimental samples, our refined power loss evaluation model
achieved a remarkable 50% reduction in average power loss error
compared with conventional methodologies. Guided by the TL
refined power loss model, the peak efficiency and corresponding
optimal control parameters can be obtained.

Index Terms—Artificial intelligence, power loss evaluation,
transfer learning (TL).

I. INTRODUCTION

POWER electronics plays a dominant role in the processing
of electrical energy. In total, 70% of electrical energy today

is processed by power electronics, and this will increase in the
coming decades [1]. Power converters stand as the fundamental
equipment in a wide range of applications, including renewable
energy systems [2], [3], [4], electrified transportation [5], [6],
[7], smart grids [8], [9], [10], and modern data centers [11],
[12], [13].
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Fig. 1. Derivation and verification processes of the conventional power loss
model.

In applications like battery chargers for electric vehicles and
the dc–dc stage in solar systems, where voltage and power
exhibit wide-ranging variations, achieving high efficiency is not
just essential during rated operating conditions, but also in light
load, high step-up ratio, or high step-down ratio conditions.
The precision in assessing power loss becomes paramount in
these applications to ensure accuracy across a broad spectrum of
operational conditions. This significance amplifies when manag-
ing multiple adjustable control parameters, including switching
frequency, duty ratios, deadtime, modulation schemes, etc. The
accuracy of the power loss evaluation model directly impacts
the credibility with which “optimal control parameters” can
be selected to minimize power loss. The process of conduct-
ing exhaustive power loss measurements and searching for
optimal control parameters using a power analyzer can be
both laborious and time-consuming across various operating
conditions.

The derivation and verification processes of the conventional
power loss model are illustrated in Fig. 1, typically segmented
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into two distinct parts. In the first part, the power loss model
is derived. For specific power electronics topologies, such as
a synchronous boost converter, the total power loss can be
assessed through either formula-based power loss calculation
or simulation-based power loss simulation, contingent on the
characteristic of the power loss component.

The overall power loss, PLoss, can be classified into the
conduction loss, PCond, the copper loss, PCopp, the iron loss,
PIron, the turn-ON loss, Pon, and the turn-OFF loss, Poff [14].
PCond is relatively straightforward once the root-mean-square
(RMS) values of all resistive components in the converter under
test (CUT) are known. PCopp, also referred to as ac winding
loss, is associated with proximity and skin effects [15]. The
eddy current losses caused by these effects can be analytically
calculated or simulated using software based on the finite-
element method [16]. PIron is typically calculated using the
Steinmetz equation or its improved versions [17], [18], [19].
Calorimetric-based measurements are commonly employed to
accurately determine PIron, encompassing both steady-state and
transient measurements [20], [21]. The derivation process of Pon

and Poff can be challenging due to the voltage-dependent nature
of parasitic capacitors, as key parameters may be unknown [22].
To overcome this challenge, two methods are commonly used.
The first method involves interpreting datasheets to obtain a
simple and fast calculation. While this method is convenient, it
may not account for all the parasitic components in the actual
circuit. The second method involves using LTspice simulation,
which offers a more accurate approach. During the measurement
phase, the widely adopted technique is the double pulse test
(DPT) [23], [24]. An oscilloscope is employed to measure the
switching data. These data are saved for further data analysis
and postprocessing to evaluate Pon and Poff accurately.

Once established, this power loss model remains unchanged,
allowing the use of a power analyzer to measure the actual
power loss of a CUT in part 2, which shares identical electrical
parameters. Since the theoretical analysis part and the experi-
mental verification part are conducted independently, lacking
communication or feedback between them. As a result, any
discrepancies between these two parts remain irreconcilable.

This raises a fundamental question: Is it possible to refine or
enhance the power loss evaluation model based on the insights
gleaned from experimental data? This aspect holds paramount
significance, as refining our model could potentially mitigate the
disparities between theoretical analysis and experimentation as
more data is acquired.

Guided by this concept, this article endeavors to ascertain a
refined approach to power converter loss evaluation by amal-
gamating simulation and experimental data, subsequently in-
corporating a transfer learning (TL) methodology. TL emerges
as a suitable approach with the potential to overcome the gap.
TL is a technique within the realm of artificial intelligence (AI)
that harnesses knowledge acquired from solving one problem
to aid in solving a different yet related problem [25]. This
technique involves pretraining a model on a large dataset from a
source task and subsequently fine-tuning it on a smaller dataset
from a target task. TL has found extensive applications across
diverse domains, including image classification (e.g., ResNet
[26]), object detection (e.g., YOLO [27]), natural language

processing (e.g., OpenAI’s GPT [28] and Google’s BERT [29]),
etc.

The proposed TL-based power converter loss evaluation re-
finement method involves creating a dataset in the source do-
main using an iterative simulation and calculation process. An
artificial neural network (ANN) is employed to learn the power
loss of the power converter across various operating conditions.
Once the ANN model is trained in the source domain and has
acquired knowledge, this knowledge can be transferred to the
target domain using a TL approach. Consequently, a power
loss evaluation model, capable of refinement, can be estab-
lished with a minimal amount of experimental data. This model
is data-driven and self-adaptive, enabling its accuracy to be
continuously enhanced through iterative updates using ongoing
experimental data. After obtaining the TL refined power loss
model, we can iteratively apply this model to search for optimal
control parameters across various operational conditions.

The rest of this article is organized as follows. Section II
introduces the proposed solution for the power loss evaluation
refinement. In Section III, the process of acquiring the source
data, training the ANN in the source domain, and implementing
TL in the target domain ANN is outlined. Section IV presents
the experimental results, and finally, Section V concludes this
article by summarizing the findings.

II. PROPOSED POWER LOSS EVALUATION REFINEMENT

Fig. 2 illustrates the flowchart detailing the refinement process
for evaluating power loss in the proposed approach. In this
article, the analysis part is denoted as the “Source Domain.”
The data in source domain is “Cheap,” which indicates that it
is relatively easy to obtain a large amount of data according
to the formulas, datasheets, and iterative simulation results.
By applying the converter’s fundamental operating principle,
various types of power losses can be derived, calculated, and
simulated in the analysis part. In contrast, the experimental
verification part is referred to as the “Target Domain,” and it
involves a distinct approach. In the case of an assembled CUT,
a commonly employed method is to assess its power loss using
a power analyzer. A personal computer (PC) is connected to the
CUT to transmit operational commands.

To ensure safe operation of the CUT, an oscilloscope is
utilized to measure critical electrical parameters throughout
the testing process. The real-time waveforms, along with the
measured power loss, are recorded and stored in .PNG or .CSV
file formats for further analysis and breakdown of power losses.
This process is time-consuming and tedious. To evaluate the
performance of the CUT under various conditions such as
voltage, power, switching frequency, and modulation schemes,
manual adjustments are necessary. These include configuring
the output voltage of the dc power supply, setting the resistance
of the dc load bank, and sending operation commands from
the PC. Through source domain training and target domain TL,
the power loss ANN model for the CUT can be obtained. This
model is inherently self-adaptive, with its accuracy continuously
improving as additional experimental data becomes available.

By amalgamating the features of TL and the power loss evalu-
ation methods, the process of the proposed power loss evaluation
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Fig. 2. Flowchart detailing the refinement process for evaluating power loss
in the proposed approach.

refinement is illustrated in Fig. 3. The flowchart comprises the
following three principal stages.

1) Data generation in the source domain.
2) ANN training in the source domain.
3) ANN fine-tuning in the target domain.
It is essential to highlight that, during the power loss data

acquisition processes in both the source domain (simulation)
and target domain (experiment), the heat factor is not taken into
consideration for the following reasons.

1) In the simulation process, assuming a constant tempera-
ture of 25 °C requires approximately two weeks to gather
sufficient data. Introducing considerations for heat sig-
nificantly extends the duration of data acquisition in the
source domain.

2) In experiments conducted at a room temperature of 25 °C,
various components, such as power MOSFETs and power
inductors, exhibit diverse temperatures at different times.
Consequently, obtaining precise heat data for all compo-
nents becomes challenging.

3) The power loss data from experiments lacks labels. The
power analyzer only provides the total power loss PLoss,
and ground truth data is absent for individual components
like PCond, PCopp, PIron, Pon, and Poff for each experi-
mental sample.

Fig. 3. Flowchart diagram of the proposed TL-based power loss evaluation
refinement of power converters.

A. Data Generation in the Source Domain

In Step1, different parts of power losses are determined using
a combination of simulation and formula-based methods. These
calculations are carried out iteratively to generate a dataset in the
source domain. The input variables of the iterations include the
following: switching frequency fs, the duty ratios of the power
MOSFETs, the deadtime Td, the modulation schemes, the input
voltage Vin, and the output power Po.

Considering the distinctive characteristics of different aspects
of power losses, namely PCond, PCopp, and PIron, these are
typically derived through simulations alongside corresponding
formulas, while Pon and Poff are primarily acquired via simu-
lation exclusively. The outcome variables resulting from these
iterative processes encompass power loss breakdown, power
loss assessment, and efficiency prediction. However, achiev-
ing a detailed power loss breakdown during the experimental
verification phase is challenging, given the absence of ground
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truth values for these components. In the quest for enhanced
power loss evaluation, the individual power loss components
are cumulatively summed to calculate the overall power loss.
Subsequently, the experimental measurements can be employed
to refine the power converter loss evaluation methodology.

B. ANN Training in the Source Domain

In Step2, a feedforward ANN is selected to learn the intrin-
sic relationships within the dataset from the source domain.
The training process involves both forward propagation and
backpropagation. Following forward propagation, a comparison
is made between the predicted output of the network and the
actual target output. The error or loss between these values is
computed. Backpropagation is then initiated to propagate this
error backward through the network, enabling the adjustment of
weights and biases to minimize the error. This iterative process of
forward and backward propagation continues until the error falls
below a predefined threshold. At this point, the source domain
model is obtained, and the source domain model has effectively
learned the underlying patterns within the dataset.

C. ANN Fine-Tuning in the Target Domain

The process of fine-tuning in TL involves adapting the source
domain model to the target domain using a smaller dataset. In
Step3, the weights and biases in each layer of the source domain
model are directly copied to the corresponding layers of the
target domain model. By freezing specific layers, we retain the
pretrained knowledge captured by those layers. Typically, layers
closer to the input capture more general features, while layers
closer to the output are task-specific and should be fine-tuned
with the new data.

This process proves beneficial when the data for the target
domain is limited. Freezing layers helps prevent overfitting
and facilitates faster convergence of the target domain model.
Striking a balance is crucial between the number of layers frozen
and the number of layers fine-tuned. Freezing too many layers
may limit the model’s adaptability in the target domain, while
fine-tuning too many layers may lead to overfitting.

As the source domain model and the target domain model
address the same task, only the output layer is released and ran-
domly initialized at the very beginning. Hyperparameters such
as the learning rate, batch size, and number of training epochs for
the training strategy are adjusted empirically. The frozen layers
are subsequently released layer by layer, starting from the output
layer and moving toward the input layer, during multiple training
processes. Experimentation and validation on a separate dataset
are crucial to determining the optimal configuration for freezing
layers in this process.

III. CASE STUDY OF A SYNCHRONOUS BOOST CONVERTER

This section provides a case study on a 6.6 kW synchronous
boost converter. It is important to note that this article does not
delve into an exhaustive design optimization process. Fig. 4
presents typical waveforms, and Table I summarizes key param-
eters. In this example, the duty ratios of S1 and S2 are represented

Fig. 4. Typical waveforms of a synchronous boost converter in different
modulation schemes. (a) TCM. (b) CCM.

TABLE I
KEY PARAMETERS OF THE SYNCHRONOUS BOOST CONVERTER

as D1 and D2, respectively. Both the continuous current modu-
lation (CCM), and the triangular current modulation (TCM) are
investigated. In the case of TCM, both S1 and S2 are switched
OFF when the inductor current, denoted as iL, reaches zero.
The freewheeling period lasts for 1–D1–D2. Additionally, the
turn-ON and turn-OFF currents for S1 and S2 are denoted as iS1_1,
iS1_2 and iS2_1, iS2_2, respectively.

A. Step1.1: Source Data Generation of Iron Loss, Conduction
Loss, and Copper Loss

The process of generating source data for PIron, PCond, and
PCopp is illustrated in Fig. 5. Initially, we employ a formula-
based calculation to determine the dc bias of the chosen high-flux
core for the inductor.

Assuming the synchronous boost converter to be a lossless
system, the equation for the inductor current ripple, denoted as
iL_AC, can be expressed as follows:

iL_AC =
VinD2

fsL
=

(Vo − Vin)D1

fsL
. (1)
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Fig. 5. Flowchart of the source data generation of PIron, PCond, and PCopp.

The voltage gain of the synchronous boost converter M is
given as follows:

M =
Vo

Vin
=

D1 +D2

D1
. (2)

According to the power conservation law, the dc component
of the inductor current, iL_DC is given as follows:

ViniL−DC = Voio_DC = Po ⇒ iL−DC =
Po

Vin
. (3)

In TCM, iL_DC is half of the peak inductor current, and the
following equations are given as follows:

VinD2

L
=

(Vo − Vin)D1

L
=

iL−DC

2
⇒

{
D1 = 1

M−1
2LPo

V 2
in

D2 = 2LPo

V 2
in

.

(4)
Because D1 + D2 should be smaller than unity, the maximum

output power in TCM is given as follows:

Po <
(M − 1)V 2

in

2ML
. (5)

In both CCM and TCM, the dc bias magnetic field strength,
Hdc is calculated as follows:

Hdc =
NiL−DC

le
=

NPo

Vinle
(6)

where N denotes the turns of winding while le denotes the
magnetic core length.

Hdc introduces a permeability reduction, and the reduction
rate given from the core datasheet is as follows:

μr (Hdc)

μr (0)
=

1

a1 + a2H
a3
dc

(7)

TABLE II
COMPONENTS AND KEY ELECTRICAL PARAMETERS OF THE CUT

where a1, a2, and a3 are the material parameters.
The inductance of the power inductor with Vin and Po can be

calculated as follows:

L (Po, Vin) =

(
a1 + a2

(
NPo

Vinle

)a3
)−1

L (0, 0) . (8)

Table II provides a summary of the key electrical parameters
associated with the synchronous boost converter circuit. The
inductance L, and winding resistance rL of the power inductor
are measured using an impedance analyzer. The drain-source
on-state resistance rds-on of the two power MOSFETs, as well as
the equivalent series resistance (ESR) of the two film capacitors,
rc1 and rc2, are extracted from their datasheets, respectively.

The circuit is subjected to iterative simulations comprising
six loops. The variables within each loop include the deadtime
Td, switching frequency fs, input voltage Vin, load resistor RL,
and duty ratios D1, D2. During each iteration, a simulation
duration of 50 ms is employed to ensure that the circuit reaches
a steady state. The time step is set to 1E-7, providing ample
resolution even at high switching frequencies. Data recorded
between 49 and 50 ms is saved for analysis. Various parameters
are calculated using 10 000 samples averaged over the duration,
including the output current io, the RMS values of iS1, iS2, and
ic1, ic2, as well as the dc and ac components of iL. Additionally,
the four switching currents, iS1_1, iS1_2, iS2_1, and iS2_2, are
recorded based on their values during the first switching cycle
after 49 ms. In the case of TCM, the diode conduction loss
is neglected during the freewheeling period since the inductor
current is minimal in this condition.

Based on the simulation data obtained during the iterations,
the maximum and minimum magnetic field strengths, denoted
as Hmax and Hmin, respectively, can be determined as follows:

{
HMax = N(2iL−DC+iL−AC)

2le

HMin = N(2iL−DC−iL−AC)
2le

. (9)

The corresponding maximum and minimum flux densities,
denoted as Bmax and Bmin, respectively, can be calculated using
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TABLE III
KEY PARAMETERS OF THE DRIVER CIRCUITS

the fitted formula derived from the datasheet with

B (H) =

(
a4 + a5H + a6H

2

1 + a7H + a8H2

)a9

(10)

where a4–a9 are the material parameters.
The ac component of the flux density, BAC is given as follows:

BAC =
B (HMax)−B (HMin)

2
. (11)

Consequently, PIron can be calculated as follows:

PIron = kfα
s B

β
ACVe (12)

where k, α, and β are the Steinmetz coefficients of the material,
and Ve is the effective volume of the core.

The wires utilized in the inductor are categorized as round
conductors. The copper losses caused by both the skin effect and
proximity effect can be analytically calculated using modified
Bessel functions. The skin effect induced, and proximity effect
induced losses, denoted as PSkin and PProx, can be simplified as
follows: {

PSkin ≈ 2
πσd2

r
i2L_AC

PProx ≈ πσ2f2
s d

2
r

32 i2L_AC

(13)

where σ is the material conductivity and dr is the diameter of
the wires. To summarize, the input variables for this dataset are
(Vin, RL, D1, D2, Td, fs), while the output variables include
(iS1_1, iS1_2, iS2_1, iS2_2, PIron, PCond, PCopp).

B. Step1.2: Source Data Generation of Turn-on Loss, and
Turn-off Loss

The process of generating source data for turn-ON loss Eon

and turn-OFF loss Eoff is depicted in Fig. 6. First, the printed
circuit board (PCB) designed in Altium Designer is exported for
analysis in AnsoftLinks, where the parasitic parameters of the
PCB traces, vias, and copper pours are extracted. Among these,
the key parasitic components include the power loop parasitic
inductances Lp1–Lp4 and the driver loop parasitic inductance
Lloop-dr. Table III provides a summary of the key parameters
for the power MOSFET half-bridge DPT configuration and their
corresponding driver circuits. Considering the circuit layout and
the parasitic components present in the PCB, the DPT circuit is
simulated in LTspice. The simulation incorporates models of the
driver integrated circuit (IC) and power MOSFETs obtained from
the manufacturer. Notably, the powermosfets model encompasses

Fig. 6. Flowchart of the source data generation of Eon and Eoff.

information regarding nonlinear parasitic capacitors and the
parasitic inductance.

Regarding the designed PCB circuit and layout, all electri-
cal components remain fixed during the simulation, while the
iteration variables are the dc voltage Vdc, and the load inductor
il. Throughout the simulation, a time step of 1E-9 is utilized.
In each DPT simulation, the duration of the switching pulse
is calculated to ensure that the desired switching currents can
be obtained. Once a DPT simulation is completed, information
such as gate-source voltage vgs(Vdc, il, t), drain-source voltage
vds(Vdc, il, t), and drain current id(Vdc, il, t) is saved. The values
of Eon and Eoff are then determined by integrating the product
of vds(Vdc, il, t) and id(Vdc, il, t).

To summarize, the input variables for this dataset are (Vdc,
il), while the output variables are (Eon, Eoff). It is important
to note that Step1.2 is specifically employed to establish the
relationship between switching losses under different voltage
and current conditions. Therefore, this process is repeated four
times to calculate the values of Pon and Poff for the power
MOSFETs across the four switching currents (iS1_1, iS1_2, iS2_1,
iS2_2) with switching frequency fs. It should be emphasized that
when iS2_1 is less than zero, zero voltage switching-ON (ZVS-
ON) is achieved and the corresponding EON is considered as
zero.
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Fig. 7. Process of obtaining and training the source domain model and the TL
process.

TABLE IV
KEY VARIABLES IN ANN1 AND ANN2

C. ANN Structure of the Source Domain Model

By integrating the two steps, we present the diagram of
the source domain model in Fig. 7. This model consists of
two ANNs corresponding to the two steps. The initial values,
end values, and iteration steps of all variables in ANN1 and
ANN2 are summarized in Table IV. Consequently, ANN1 and
ANN2 comprise 6×8×9×45×4×3 = 233280 and 71×40 =
2840 samples, respectively. To ensure that the source and target
domains share the same ANN structure, all power losses are
aggregated, resulting in a dataset with 6 inputs and 1 output for
the source domain. The size of the source domain dataset is also
2 33 280, matching the number of samples in ANN1.

The source domain model employs a five hidden layer ANN
architecture, with neuron configurations of 16, 32, 64, 32, and
16 in each respective hidden layer. These configurations are
first determined through an empirical design approach and then
tested for a multiple time via trial-and-error method. The inputs
to the ANN consist of (Vin, RL, D1, D2, Td, fs), while the
output variable is PLoss. To prepare the data for training, the
original dataset is shuffled, and then divided into three sets: a
70% training set, a 20% testing set, and a 10% validation set.

Fig. 8. Power loss measurement platform of the 6.6 kW synchronous boost
converter.

The Adam optimizer is utilized, with an initial learning rate of
0.01.

The training process is performed for a total of 2000 epochs,
and the learning rate is reduced to 1/10 every 500 epochs. The
model is trained using the PyTorch framework, and the trained
model achieves a mean absolute percentage error (MAPE) of
4.06%. The MAPE for m samples is calculated using the fol-
lowing equation, where Ŷi represents the predicted output and
Yi represents the actual output of the ith sample.

MAPE =
100%

m

m∑
i=1

∥∥∥∥∥ Ŷi − Yi

Yi

∥∥∥∥∥. (14)

A lower MAPE value indicates a more accurate and reliable
model.

IV. EXPERIMENTAL VERIFICATION

The experimental verification is conducted using a 6.6 kW
synchronous boost converter, as depicted in Fig. 8. The physical
dimension of the prototype is 100×180×40 mm3. The key
parameters are summarized in Tables I–III. A total of 45 exper-
imental samples are obtained, capturing various combinations
of Vin, RL, D1, D2, Td, and fs. The comprehensive parame-
ters of these experimental samples are encapsulated in Fig. 9.
The distribution of the experimental samplings encompasses
a relatively broad spectrum of (Vin, RL, D1, D2, Td, fs) to
ensure robust refinement. The testing ambient temperature is
25 °C. The measurement of power loss was carried out using the
Yokogawa WT5000 power analyzer (18-bit resolution). Cooling
of the heatsink and power inductor of the synchronous boost
converter is facilitated by a 12 V, 3 W dc fan with an airflow of
4.1 cubic feet per minute. Efficiency recordings of the converter
are taken once it reaches a steady state, preventing a substantial
temperature increase in each electrical component.

A. Power Loss Evaluation Model Derivation

We have employed two distinct methods for power loss evalu-
ation. In Method1 (conventional power loss calculation method),
we utilize a formula-based and datasheet-based approach where
PIron, PCond, and PCopp are computed using relevant formulas,
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Fig. 9. Parameters encompassing six degrees of freedom across the 45 exper-
imental samples. (a) Input voltage Vin and load resistance RL. (b) Duty ratios
D1 and D2. (c) Deadtime Td and switching frequency fs.

Fig. 10. Measured power losses from the 45 experimental samples and the
corresponding predicted power losses obtained through both methods.

while Pon and Poff are inferred from datasheets. Meanwhile,
Method2 adopts a more comprehensive power loss evaluation
approach, as exemplified in the case study. Here, PIron, PCond,
PCopp, Pon, and Poff are derived through iterative simulations
and the application of suitable formulas.

Fig. 10 presents both the measured power losses from the 45
experimental samples and the corresponding predicted power
losses obtained through both methods. A comprehensive com-
parison of these two evaluation methods is provided in Table V.
Notably, when opting for the more comprehensive power loss
evaluation method (Method2), the primary time consumption

TABLE V
COMPARISON OF THE TWO EVALUATION METHODS

Fig. 11. Average MAPE of the power losses predicted by the target domain
model by freezing different hidden layers in four different cases.

arises from the iterative simulation during the data generation
stage.

As the TL fine-tuning stage is exceptionally rapid, the refined
model can be readily updated with continuous experimental data.
During the TL refinement process based on Method2, the 45
samples are divided into training, testing, and validation sets. In
this process, the percentage of the testing set is increased, and
we choose different ratios for the three sets: Case1: (10:72:18),
Case2: (20:64:16), Case3: (40:48:12), and Case4: (60:32:8).
When TL is not applied, the target domain model is trained
solely based on the limited number of samples in the training set.
Consequently, the average MAPE of power loss in the four cases
is found to be 26.2%, 16.4%, 11.8%, and 9.9%, respectively.

During the training process for the target domain, certain
adjustments are made to avoid overfitting, given the smaller
number of samples available. The total number of epochs is
reduced to 100, and the initial learning rate is set to 0.001.
Additionally, the learning rate is halved every 20 epochs.

In each case, the training and testing processes are repeated
10 times, with the 45 experimental data randomly shuffled.
The average MAPE is recorded for each testing result. The
experimental results, obtained by freezing different layers, are
presented in Fig. 11. The different curves represent the average
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Fig. 12. Comparison between power loss evaluation using Method1 and
Method2, both with and without TL refinement, and with the inclusion of target
domain experimental data for training.

MAPE in different cases, considering different selections of
frozen layers. In each case, the best result is indicated by a star.
Remarkably, when training the target domain model with only
five experimental samples, freezing all the hidden layers, and
updating only the final output layer yields the best outcome.
This approach achieves an average error of 7.42%, which is
significantly superior to using the Method2-based source do-
main model for prediction (10.1% average error) or training in
the target domain model (26.2% average error). As the number
of experimental samples in the training process increases, the
power loss average MAPE also increases. Interestingly, the
minimum power loss average MAPE is achieved when freezing 1
to 4 layers. Moreover, when the ratio of training samples reaches
50%, the power loss average MAPE stabilizes, and the final
minimum power loss average MAPE is around 4.8%.

A comparison between power loss evaluation using Method1
and Method2, both with and without TL refinement, and with
the inclusion of target domain experimental data for training, is
depicted in Fig. 12. From this comparison, several key observa-
tions can be made:

1) The incorporation of TL markedly enhances the accuracy
of the target domain model in the power loss evaluation
stage.

2) When dealing with limited experimental data, it is advis-
able to freeze all hidden layers of the target domain model.
However, as more data becomes available, a gradual re-
lease of the last one or two hidden layers can be considered.

3) There is a limitation of the target domain model. Once this
limit is reached, increasing the number of training samples
will not yield significant improvements in precision.

4) Utilizing 45 experimental samples for power loss eval-
uation refinement results in a notable 50% reduction in
error (from 17.3% to 9.9% based on Method1 and from
10.1% to 4.86% based on Method2). With an increase in

Fig. 13. Efficiency measurement results of two representative cases when Vin

= 480 V, Vo = 800 V, and fs = 50 kHz with 6.7 kW and 1.0 kW output power.

TABLE VI
KEY PARAMETERS IN TWO CASES CALCULATED IN METHOD2

experimental measurements, prediction error continues to
decrease. This underscores that the proposed power loss
evaluation refinement can consistently improve as more
experiments are conducted.

B. Case Study on Power Loss Evaluation

This part examines two representative case studies of con-
verter tests (Vin = 480 V, Vo = 800 V, fs = 50 kHz with
6.7 kW, and 1.0 kW output power) to compare Method2 and
the proposed power loss model. The efficiency measurements
for both cases, obtained using the Yokogawa WT5000 power
analyzer, are illustrated in Fig. 13. In Case 1, the power loss is
PLoss = 82.2 W with an efficiency of η = 98.789%, while in
Case 2, the power loss is PLoss = 31.1 W with an efficiency of η
= 96.978%. The power loss calculation results for these cases,
as per Method2, are summarized in Table VI.

In Case 1, where the output power is 6.7 kW, the calculated
power loss error in Method2 is merely 3.93%, highlighting its
suitability for high-power conditions. However, in Case 2, with
a reduced output power of 1 kW, the calculated power loss error
in Method2 increases to 23.25%, primarily attributed to a small
power loss base value and a potential error in the calculation
of PIron. In contrast, for the proposed power loss evaluation
model, the predicted power loss errors in these two cases are
3.54% and 16.17% when employing 5 samples in the fine-tuning
process. The errors decrease to 2.04% and 7.13% as the number
of fine-tuning samples increases to 27. This underscores that
the accuracy of the proposed power loss evaluation model can
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Fig. 14. Optimal control parameters for predicting the peak efficiency point
using the TL refined power loss model, as determined through Method2.
(a) Optimal switching frequency fsopt (kHz). (b) Optimal deadtime Tdopt (ns).
(c) Optimal duty ratio D1opt (p.u.). (d) Optimal duty ratio D2opt (p.u.).

be continuously enhanced with the ongoing accumulation of
experimental data.

C. Peak Efficiency Searching With the Proposed Power Loss
Evaluation Model

Once we acquired the refined power loss model for the TL,
we determined the operation points at peak efficiency, denoted
as η (fsopt, Tdopt, D1opt, D2opt), under various input voltage Vin,
output voltage Vo, and output power Po conditions. These results
are illustrated in Fig. 14. During the peak efficiency search
phase, we specified the following ranges for Vin, Vo, and Po:
400 V ≤Vin ≤ 600 V, 1.2×Vin ≤ Vo ≤ 800 V, 1 kW ≤ Po ≤
6.6 kW. We explored switching frequencies ranging from 20 to
100 kHz. It is worth noting that fsopt and D2opt increase as Vin

and Vo increase but decrease as Po increases. Conversely, Tdopt

and D1opt increase as Po increases, but decrease as Vin and Vo

increase. Since the voltage gain of the converter is primarily
determined by D1 and D2, the changes in D1opt and D2opt are
relatively small under different output power conditions.

It is crucial to emphasize the significance of determining
individual power loss components during the experimental ver-
ification phase. This process allows us to gain insights into the
breakdown of power losses and their distribution across various
electrical components. However, it is currently challenging for
us to tackle this issue effectively. The primary obstacle lies in

TABLE VII
COMPARISON BETWEEN THE PROPOSED METHOD AND CONVENTIONAL

METHODS

our difficulty in accurately measuring the power losses of each
electrical component in our experiments. Essentially, we lack
the ground truth data for PCond, PCopp, PIron, P on, and P off

for each experimental sample. From an ANN perspective, this
problem falls under the category of “unsupervised learning.”
Since the experimental data lack labels, ANNs struggle to adjust
the weights and biases of their neurons to minimize the disparity
between predictions and actual values.

To align the accumulation of total power loss with the predic-
tions of the refined TL power loss model, we apply a constant
coefficient to each component: PCond, PCopp, PIron, Pon, and
Poff. Fig. 15 illustrates both the peak efficiency ηPeak and the
minimum values of each power loss component, represented as
PCondmin, PCoppmin, PIronmin, Ponmin, and Poffmin.

The maximum peak efficiency, max(ηPeak) is attained at Vin

= 590 V, Vo = 708 V, and Po = 6.6 kW. With a small voltage
difference (Vo – Vin), minimal ripple current, and a high-power
base value, the maximum efficiency reaches 99.43%.

Conversely, the minimum peak efficiency, min(ηPeak) =
96.23% occurs when Vin = 400 V,Vo = 800 V, Po = 1 kW.
The maximum values of PCondmin, PCoppmin, and P offmin are
all achieved when Vin = 400 V, Vo = 800 V, Po = 6.6 kW.
In this operating condition, both the current ripple and turn-OFF

current reach their maximum levels. PIronmin remains high when
Vin = 400 V, Vo = 800 V, and its relationship with Po is not
obvious. The maximum value for PONmin is reached when Vin

= 400 V, Vo = 480 V, Po = 6.6 kW, primarily due to the
peak turn-ON current in the hard-switching condition. In typical
operating regions where Vo – Vin and Po are both small, both
power MOSFETs achieve ZVS-ON, resulting in PON being zero
in this region.

In conclusion, Table VII presents a comparison between the
proposed power loss evaluation model and conventional models.
The proposed method is characterized by its data-driven nature,
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Fig. 15. Prediction of efficiency and power loss breakdown using the TL
refined power loss model, as determined through Method2. (a) Peak efficiency
ηPeak (100%). (b) Minimum conduction loss PCondmin (W). (c) Minimum
copper loss PCoppmin (W). (d) Minimum Iron loss PIronmin (W). (e) Minimum
turn-ON loss PONmin (W). (f) Minimum turn-OFF loss Poffmin (W).

self-adaptability, and its ability to streamline the search for
the peak efficiency point along with the corresponding control
parameters. Despite the time-consuming process of acquiring
a large-scale, high-quality dataset through extensive iterative
simulations, the model remains user-friendly once the power
loss evaluation model is fine-tuned.

V. CONCLUSION

A precise evaluation of power converter losses is essential
for accurately predicting power loss and optimizing control
parameters to enhance efficiency across various scenarios and

applications. This article introduces a TL-based refinement ap-
proach for power loss evaluation, which can be continuously
enhanced with ongoing experimental data. Our method involves
the creation of a comprehensive source domain dataset for
training a source domain model, followed by fine-tuning in
the target domain. As an illustrative example, we consider a
6.6 kW synchronous boost converter, accounting for six degrees
of freedom in operational conditions. Leveraging a dataset com-
prising 2 33 280 samples from simulations and 45 samples from
experiments, our refined power loss evaluation model achieved a
remarkable 50% reduction in average power loss error compared
with conventional methodologies. With the guidance of the TL
refined power loss model, we can determine the peak efficiency
and the corresponding optimal control parameters.
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