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Abstract—The precise modeling of power electronic switches
is essential for accurate real-time simulation of power converter
systems, particularly under high-frequency and dynamic operat-
ing conditions. Existing simulation techniques often rely on ideal
switch models or simplified behavioral models, which cannot accu-
rately capture transient behaviors like voltage and current spikes,
electromagnetic interference, and switching losses. To address
these limitations, this article proposes a novel connectionist neural
network-based transient switch modeling approach that integrates
time-node coupling mechanisms for enhanced dynamic behavior
prediction. A high-quality dataset is generated through extensive
offline simulations using a verified physics-based insulated gate
bipolar transistor (IGBT) model. The connectionist neural network
model leverages feedback connections across time steps, signifi-
cantly improving its ability to describe transient waveforms un-
der various operating conditions. Additionally, a dynamic neuron
adjustment strategy is introduced to reduce hardware resource
usage by dynamically allocating neurons based on the complexity
of different time nodes. This ensures high modeling accuracy while
alleviating computational burden on field programmable gate ar-
ray platforms.

Index Terms—Electromagnetic transient real-time simulation,
field programmable gate array (FPGA), neural network, physics-
based switch modeling, real-time simulation architecture.

I. INTRODUCTION

THE rapid development of renewable energy, smart grids,
and electric transportation has significantly increased the

demand for efficiency and reliability in power electronic sys-
tems, thereby driving advancements in real-time simulation
technologies [1]. Traditional design methods relying on ex-
perience are no longer sufficient to meet the modeling and
verification requirements of high-frequency switching devices,
while digital design methods have been widely adopted due
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to their efficiency and automation advantages [2]. In real-time
simulation, there is always a tradeoff between the accuracy of
nonlinear device modeling and computational efficiency [3].
Current commercial simulators predominantly employ idealized
system-level models, such as binary resistance model [4] and
discrete circuit models [5], but these models still suffer from
insufficient accuracy in capturing switching transient charac-
teristics, thereby impacting system control optimization and
reliability assessment. In fact, accurately capturing key transient
phenomena such as voltage and current spikes, electromagnetic
interference (EMI) noise, and switching losses is crucial for
protection, thermal analysis, and control strategy validation
[6]. Therefore, integrating device-level modeling into real-time
simulation platforms has become an important direction for
enhancing modeling fidelity and practical value.

Device-level modeling methods can generally be classified
into analytical and behavioral models. The former, such as the
Hefner and Diebolt [7], Kraus and Mattausch [8], and Sheng
et al. models [9], are based on semiconductor physics and
provide high-fidelity offline simulations. However, due to their
reliance on complex nonlinear equations and process-dependent
parameters, these models are computationally intensive and
unsuitable for real-time applications [10]. In contrast, behavioral
models aim to improve efficiency by simplifying internal device
dynamics. Representative approaches include nonlinear behav-
ioral models, piecewise linear transient models, and curve-fitting
models [11]. Nonlinear behavioral models emulate switching
transients through equivalent circuits, and are often combined
with methods, such as admittance matrix partitioning [12],
dynamic time-stepping [13], and event-driven state machines
[14]. While these techniques improve performance, they remain
limited in temporal resolution and require significant hardware
resources. Curve-fitting methods [15], including lookup tables
[16], polynomial fitting [17], and Norton equivalent-based pre-
diction [18], reduce computational overhead but exhibit limited
adaptability to varying operating conditions and are difficult to
generalize across complex dynamic scenarios. Recent work [19]
presented an FPGA-based modeling method for SiC MOSFETs,
achieving a 10 ns simulation time step and keeping RMS error
within 5% on an LLC topology. However, the method requires
high hardware resources, with 132 DSPs per half-bridge module,
and its step size is limited by synchronization with system-level
models in complex circuits. These constraints reflect the need for
more efficient and decoupled device-level modeling approaches.
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In the face of challenges related to high precision and compu-
tational efficiency, there has been growing interest in data-driven
modeling methods, which bypass complex physical modeling
and directly learn system dynamics from input-output data.
Common methods include time series models, support vector
machines, and various neural networks, such as recurrent neural
networks (RNNs) and long short-term memory networks [20].
However, existing technologies still face issues such as deploy-
ment complexity, poor generalization capabilities, and excessive
resource demands on FPGA hardware platforms.

For example, Krishnamoorthy and Narayanan Aayer [21] relie
on traditional machine learning to establish accurate models, but
requires frequent retraining for different devices or topological
structures. Liang et al. [22] propose a hybrid network combining
k-NN and RNN, which improves modeling efficiency, but its
resolution is limited due to the feedback dependency of its
recurrent structure. Hari et al. [23] employ a deep feedforward
network for GaN device modeling, achieving high accuracy but
resulting in significant resource consumption when deployed on
an FPGA. Shang et al. [24] propose an electrothermal coupling
modeling method supporting a 100 ns time step, but it cannot
adequately respond to faster transient processes. Zhang et al.
[25] employ feature extraction and dynamic step size strategies
to reduce computational complexity, but suffers from poor gen-
eralization and significant resource consumption. To address the
above challenges, researchers in [26] proposed dividing the time
series into discrete nodes and modeling each node separately
using a feedforward neural network (FNN), thereby achieving
switch modeling tasks with a time step of 5 ns and verifying
the application potential of this type of structure in high-speed
real-time simulation. However, the output predictions of each
time node in this model are independent of one another, failing
to fully leverage the inherent correlations within the sequence
data, which limits the model’s expressive capability and fit-
ting accuracy. Additionally, this method still requires up to
128 DSP48s resources to model a single switch on an FPGA,
imposing constraints on deployment scale. Given the real-time
simulation requirements for high precision, high resolution, and
low resource consumption, general-purpose neural networks
struggle to meet these demands, necessitating the design of
specialized models with more suitable structures and higher
modeling efficiency.

To overcome these limitations, this article proposes a novel
connectionist neural network architecture specifically designed
for switch transient modeling. This architecture introduces ex-
plicit coupling between time nodes, enhancing model accuracy
while supporting parallel pipeline deployment on FPGAs. Ad-
ditionally, to reduce resource consumption, this article proposes
a dynamic neuron allocation strategy that adjusts the number
of hidden layer neurons based on the complexity of each time
node, thereby reducing the total number of neurons in the neural
network while maintaining accuracy. Experiments show that this
model only requires a small amount of 47 DSP48s resources
to complete the modeling task of power electronic switching
devices or half-bridge arm models, while maintaining a time
resolution of 5 ns and high modeling accuracy.

The rest of this article is organized as follows. Section II
introduces system-level modeling and simulation algorithms.

Fig. 1. Equivalent model of ADC modeling method.

Section III presents the proposed switching transient model
based on a connectionist neural network. Section IV introduces
the dynamic neuron allocation strategy. Section V demonstrates
the model’s effectiveness through case studies. Finally, Sec-
tion VI concludes the article.

II. SYSTEM-LEVEL MODELING AND SIMULATION ALGORITHMS

The modeling method proposed in this article consists of two
indispensable parts: system-level modeling and transient model-
ing. The former provides the necessary input conditions for the
latter. Therefore, this section will discuss system-level switch
modeling techniques and electromagnetic transient simulation
algorithms based on node analysis.

A. System-Level Switch Modeling Methodology

The switch modeling method serves as a core component
of real-time simulation in power electronic systems, directly
determining the simulation’s accuracy and efficiency. To address
the inefficiency caused by variations in the nodal admittance
matrix in ideal switch models and binary resistance models
during simulation, while also meeting the stringent real-time
requirements, mainstream real-time simulators primarily adopt
the associated discrete circuit (ADC) approach. In the ADC
modeling method, the switch’s turn-ON and turn-OFF states are
equivalently represented by a small inductance Ls and a small
capacitance Cs, respectively, as illustrated in Fig. 1.

The historical current source expression of the ADC model
has been extended in [5], establishing its relationship with the
switch voltage and current from the previous time step, as
expressed by{

ion(t) = αonYsu(t−Δt) + βoni(t−Δt)
ioff(t) = αoffYsu(t−Δt) + βoff i(t−Δt)

(1)

where αon and αoff are the voltage coefficients during turn-ON

and turn-OFF, respectively, while βon and βoff denote the corre-
sponding current coefficients. The parameter Δt represents the
real-time simulation time step.

These voltage and current coefficients are optimized through
steady-state and transient response matching to achieve optimal
parameter settings. Steady-state response matching ensures that
the model behaves identically to an ideal switch in steady-state
conditions, meaning the switch voltage is zero when conducting
and the switch current is zero when turning OFF. Transient re-
sponse matching optimizes damping parameters and adjusts the
pole positions of the equivalent circuit to bring system poles as
close as possible to the origin, thereby achieving rapid transient
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response convergence and effectively reducing virtual power
losses. The method for setting damping parameters references
the parameter optimization strategy outlined in [5].

To further eliminate the issue of virtual power loss in the
ADC switch modeling method, an initial error correction algo-
rithm is employed, as described in [27]. This approach directly
substitutes the steady-state value of the current or voltage from
the previous step during switch transitions, thereby mitigating
the initial error and transient oscillations caused by switching
events. Consequently, the problem of virtual power loss in
constant admittance switch models is effectively resolved.

B. Electromagnetic Transient Simulation Algorithm

Traditional electromagnetic transient programs (EMTPs),
based on nodal analysis, involve extensive serial computation
processes. These serial calculations significantly increase the
computation time within a single time step, exacerbate the
propagation of truncation errors, and elevate the FPGA hardware
resource usage, making them unsuitable for real-time simula-
tion. To address these challenges, this article reconfigures the
node analysis method with the aim of optimizing the computa-
tional efficiency of electromagnetic transient simulation while
improving parallelism. This restructuring method achieves inde-
pendent parallel calculation of node voltage and branch current
by merging and optimizing intermediate calculation steps. The
algorithm can be expressed as follows:⎧⎪⎪⎨

⎪⎪⎩

itemp(t) = ja(t) + js(t)
vb(t) = Bitemp(t)
ib(t) = Citemp(t)
ja(t+Δt) = (α+ β)ib(t)−αitemp(t)

(2)

{
B = −ATY −1

n A

C = −Y bA
TY −1

n A+E
(3)

where itemp represents the temporary current, which is used to
store the sum of all current sources in all branches. ja denotes
the current source derived from the discretization of branch
elements, while js represents the current source. vb and ib corre-
spond to the branch voltage and branch current, respectively. α
and β are diagonal coefficient matrices used in switch modeling.
Furthermore, Yn and Yb refer to the nodal admittance matrix and
the branch admittance matrix. A is the node-to-branch incidence
matrix, and E denotes the identity matrix.

By reconfiguring the EMTP algorithm, the process is reduced
to two sequential steps with the number of pre-stored matrices
minimized to B and C requirements, resulting in improved
computational efficiency and reduced resource utilization.

III. SWITCHING TRANSIENT MODEL BASED ON

CONNECTIONIST NEURAL NETWORK

Existing methods for modeling the transient behavior of
power electronic switches have reduced the computational com-
plexity to a certain extent, but they still fall short of the high-
resolution requirements for real-time simulation. This is due to
the extremely short time scale of the switching process, which
requires a very small time step. For this reason, this article

proposes a data-driven modeling method based on connectionist
neural networks to achieve accurate prediction of switching
transients while maintaining high resolution.

A. Data Acquisition for Neural Networks Dataset

The accuracy of neural network models largely hinges on
the diversity and quality of the training data, making the ac-
quisition of high-quality datasets a critical prerequisite. Data
can be obtained either through physical testing platforms or of-
fline simulations. However, constructing physical test platforms
is both time-consuming and labor-intensive, contradicting the
primary intent of real-time simulation. Consequently, current
research predominantly relies on offline simulation software for
data generation, which not only significantly reduces time and
costs but also offers greater flexibility in controlling operating
conditions, ensuring comprehensive and representative training
datasets.

In the context of real-time simulation, in order to improve
computational efficiency and reduce complexity, this article uses
a model controlled by the steady-state results to approximate
complex switching devices and their peripheral components
(e.g., input/output inductors and capacitors). Specifically, the
model uses the steady-state voltage Vce, steady-state current Ic,
and junction temperature T of the IGBT as inputs, and outputs
the transient voltage vce and transient current ic during the
switching process. While gate resistance Rg and gate voltage
Vg can influence the transient behavior, these parameters are
typically fixed and optimized for specific applications during
circuit design. Therefore, they are not treated as dynamic vari-
ables in the simulation. This article focuses on the influence of
Vce, Ic, and T on transient characteristics, ignoring the dynamic
variation of Rg and Vg to further simplify the model and improve
simulation efficiency.

To ensure the accuracy of the switching device model in
LTspice, an IGBT with an antiparallel diode (FGY160T-65SPD-
F085) is chosen as an example to construct a neural network-
based switching model in this article. The IGBT simulation
model used is provided by Onsemi, which is based on a physical
mechanism and calibrated by the manufacturer to have high
accuracy and reliability [28]. In order to obtain training data
covering various working conditions, a Python-LTspice automa-
tion program was developed to simulate offline simulation under
different switch input parameters. Its data acquisition flow and
circuit are shown in Fig. 2. LTspice is used to build the test
circuit, and the working state of device S1 is set by adjusting the
voltage and current sources, while the Python script completes
the parameter configuration, simulation execution and data ex-
traction. By collecting 750 ns turn-ON data from the turn-ON

signal and 2500 ns turn-OFF data from the turn-OFF signal to fully
reflect the process of the device from transient to steady state.
Considering the FPGA clock frequency is 200 MHz, the data
time step is set to 5 ns. In order to make the dataset convenient
for neural network training, the data structure was transposed. In
the processed dataset, each array corresponds to a specific time
node, and the elements within the array represent the response
of the IGBT under different working conditions at that time. The
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Fig. 2. Diagram of data acquisition from Python to LTspice.

dataset is represented as follows:

X = [X1 · · · Xi · · · XOP ]
T

Y 1 = [Y 11 · · · Y 1i · · · Y 1OP ]
T

...
Y j = [Y j1 · · · Y ji · · · Y jOP ]

T

...
Y TN = [Y TN1 · · · Y TNi · · · Y TNOP ]

T

(4)

where X represents the operating condition matrix, where Xi

denotes the matrix corresponding to the ith operating condition,
composed of the steady-state voltage Vce, steady-state current Ic,
and junction temperature T of the IGBT. In this expression, OP
denotes the total number of operating conditions in the dataset,
which is 9225 in this article. Yj represents the transient output
matrix at the jth time node for all operating conditions, and Yji

denotes the output voltage vce and output current ic of the IGBT
at the jth time node under the ith operating condition. Finally,
TN refers to the total number of time nodes.

B. Connectionist Neural Network Architecture

Although several neural network architectures have been
developed, complex models are difficult to be deployed effi-
ciently due to the requirement of real-time simulation on FPGA
hardware resources. For this reason, this article proposes a
lightweight connectionist neural network architecture to en-
hance the modelling capability of dynamic characteristics of
power electronic switches. The network takes advantage of the
continuity and time-dependent nature of the transient process of
power electronic switches, and by introducing the output of the
previous moment as part of the current network input, it enables
the model to learn the temporal characteristics, thus improving
the prediction accuracy. The structure of the network is shown
in Fig. 3, which adds a feedback layer to the traditional FNN,
and its output results in the following computational expression:

y(t) = Y (t) +WF (t)y(t− 1) (5)

Fig. 3. Connectionist neural network architecture.

where y(t) and WF(t) denote the output of the neural network
output layer and the feedback layer weights at time node t,
respectively, Y(t) denotes the original output layer result of the
neural network at time node t, i.e., the hidden layer output
weighted and biased result.

As indicated by (5), the computation of y(t) depends on
the result from the preceding time step, y(t-1). This sequential
dependence requires serial processing, which hinders parallel
execution and independent staging of the computation, leading
to a stagnant pipeline. To solve this, a computational step is
designed specifically for connectionist neural networks. The first
step is to expand the y(t-1) expression as

y(t) = Y (t) +WF (t) [Y (t− 1) +WF (t− 1)y(t− 2)] . (6)

Subsequently, a further expansion of y(t-2) is given as

y(t) = Y (t) +WF (t)WF (t− 1)
[

Y (t−1)
WF (t−1)

+ Y (t− 2) +WF (t− 2)y(t− 3)

]
.

(7)

By transforming the original dependency on y(t-1) into a
dependency on earlier time nodes, such as y(t-3), sufficient time
is created for performing the required weighting working con-
ditions without pipeline stalls. Finally, the computation of y(t)
can be executed using the high-throughput pipeline architecture
illustrated in Fig. 4. The entire process is partitioned into four
consecutive stages, each operating concurrently on the FPGA,
delivering one valid output every 5 ns at a 200 MHz clock
rate. The data expressions annotated in gray depict the temporal
alignment of signals and intermediate results across pipeline
stages to ensure correct synchronization.

Fig. 5 compares the mean square error (MSE) of the connec-
tionist neural network model (the proposed model) with that of
the FNN (the traditional model) at each time node. To ensure
a fair and meaningful comparison, the baseline FNN model is
configured with the same input layer, hidden layer, and output
layer architecture as the proposed connectionist neural network
model, excluding the feedback connections unique to the latter.
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Fig. 4. Schematic diagram of high-throughput pipeline FPGA implementation of connectionist neural network.

Fig. 5. Comparison of MSE for the neural network-based switch model at
different time nodes.

The number of hidden neurons differs between the two mod-
els to explore performance under varying model complexities.
Moreover, both models are trained using an identical dataset,
training algorithm, and number of epochs, thereby ensuring
consistency across experimental conditions and isolating the
structural differences as the sole variable affecting performance.
The comparison results show that the accuracy of the proposed
model is significantly higher than that of the traditional model
with the same number of hidden layer neurons. Even when the
number of hidden layer neurons is reduced to three, the proposed
model still maintains excellent accuracy. Fig. 6 illustrates the
voltage and current waveforms of the switching device under
operating conditions characterized by a steady-state voltage
Vce of 505 V, steady-state current Ic of 15 A, and a device
temperature T of 50°C. The simulation results of the traditional
model with five hidden layer neurons, the proposed model with
three hidden layer neurons, and the LTspice model (reference
model) are compared. It is evident that the proposed model
achieves superior alignment with the reference curve, even with a
reduced number of hidden layer neurons. The relative root mean
square error yRRMSE is employed as the error metric, which is
defined as

yRRMSE =

√√√√√√
∑N

j=1

(
ypro,j − yref,j

)2

∑N
j=1

(
yref,j

)2 × 100% (8)

Fig. 6. Comparison of output responses among the proposed model, traditional
model, and reference model. (a) vce of turn-ON transient. (b) vce of turn-OFF
transient. (c) ic of turn-ON transient. (d) ic of turn-ON transient.

where yref,j and ypro,j denote the output values of the reference
model and the proposed model at the jth time step, and N denotes
the total time nodes of the transient process.

IV. OPTIMIZATION OF NEURAL NETWORK COMPUTATIONAL

RESOURCES FOR REAL-TIME SIMULATION

A. Complexity of Temporal Nodes in Switching Transients

In connectionist neural network-based switch transient mod-
eling, achieving high-fidelity real-time simulation requires an
accurate approximation of the transient behavior of power elec-
tronic switches. However, the complexity of the dataset varies
greatly in different time nodes, resulting in the traditional fixed
neuron allocation strategy failing to balance the model accuracy
and hardware resource utilization. Specifically, the time nodes
with high data complexity are limited by the insufficient number
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Fig. 7. Time-node dataset visualization. (a) Voltage at time node 170.
(b) Current at time node 170. (c) Voltage at time node 267. (d) Current at time
node 267.

of hidden layer neurons which will result in lower fitting accu-
racy, while the redundant hidden layer neurons in the time nodes
with low data complexity will result in the inefficient utilization
of computational resources, thus restricting the performance of
the model on the FPGA platform.

As shown in Fig. 7, only the first 4000 working conditions
are selected for visualization in order to show the distribution
of the dataset under different time nodes more clearly. It is easy
to find that at relatively simple time nodes, e.g., the 170th time
node in Fig. 7(a) and (b), the voltage and current datasets exhibit
obvious linear characteristics, which enables the neural network
to achieve accurate fitting with fewer hidden layer neurons.
In contrast, at more complex time nodes, such as time node
267 in Fig. 7(c) and (d), the dataset exhibits stronger nonlinear
characteristics. This is mainly due to the fact that this time
node is at a critical stage of the switching transient process,
and the transient processes under different working conditions
are not synchronized. For example, some conditions are still
in the initial stage of transient at this time node, while others
are close to steady state. This phase difference leads to a more
complex distribution of voltage and current data sets. Therefore,
more neurons need to be allocated to this time node compared
to the simple time node to enhance the expressive power of the
network.

B. Dynamic Neuron Allocation Strategy

In order to improve the modeling accuracy and take into
account the hardware resource utilization, a dynamic neuron
allocation strategy (DNAS) is introduced in this article. Un-
like the fixed neuron allocation method that cannot satisfy the
computational demands of different time nodes, the proposed
strategy reallocates the neurons in different time steps to ensure

Fig. 8. Neural network training flow chart of neuron dynamic adjustment
strategy.

the optimal resource utilization in FPGA-based real-time simu-
lation. The basic principle of DNAS is to determine the optimal
allocation of neurons using the model’s error distribution in all
time nodes. The basic principle of DNAS is to determine the
optimal allocation of neurons using the model’s error distribu-
tion across all time nodes. For time nodes with minimal voltage
and current variations, the number of neurons is reduced to free
up computational resources. On the contrary, at time nodes with
a large number of nonlinear features, the previously released
neurons are allocated to improve the fitting accuracy.

As shown in Fig. 8, the proposed strategy uses a structured
training process. Prior to training, several parameters are initial-
ized, including the error scaling factor E_Gain, which is set to
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Fig. 9. Distribution of hidden layer neurons and hardware neuron redundancy.
(a) Distribution of turn-ON. (b) Distribution of turn-OFF.

1.25 in this article. This parameter controls the neuron tuning
decision, ensuring that neurons are reduced only when the re-
sulting MSE is lower than a predefined threshold in multiples of
E_Gain. In addition, a neuron redundancy buffer (Neural_least)
was introduced for recording the number of redundant neurons
throughout the training process. If the current time node Neu-
ral_least is zero, the neuron increase is limited. A predefined
distribution matrix (HiddenData) was also created using an
empirical method to initialize the distribution of the number
of neurons at each time node. The training process iteratively
evaluates each time step, first determining if the neurons can
be reduced. If not, the system identifies high complexity nodes
and attempts to increase the neuron allocation. However, all
increases in neurons are predicated on the presence of redundant
neurons at that time node.

The analysis in Fig. 9 shows that in the initial phase of
the switching process, mainly low-complexity time nodes are
involved, so the number of neurons can be reduced. Whereas
in the intermediate phases, the number of neurons needs to be
increased due to the high complexity time nodes involved. It is
worth noting that the neural network architecture is implemented
on FPGAs using a pipelined structure, so that some neurons are
in a taskless state in time nodes where the number of required
neurons is lower than the number of available neurons in the
hardware. At the same time, the neural network model generates
transient waveforms using steady-state inputs, which remain
constant for a short period of time. This feature allows the
taskless neurons to act as redundant neurons, precomputing
tasks for subsequent time nodes and storing the results of the
computations to be released when needed. The whole process
is able to improve the overall accuracy of the model without
adding additional hardware neuron computation units, while not
affecting the original pipeline computation structure.

Fig. 10 illustrates the module structure and task scheduling
flow of the dynamic neuron allocation strategy on FPGA. At
the time node tm, due to lower modeling complexity, only
the first (n-j) neurons are activated for forward computation,
leaving j neurons unused at this moment. These idle neurons
are reassigned by the neuron distribution engine to perform
pre-computation tasks for subsequent complex time nodes (e.g.,
tn). The precomputed results, along with their associated target
time node indices, are stored into BRAMs labeled as storage
BRAMs in the figure. When the simulation reaches tn, the distri-
bution engine retrieves the corresponding pre-computed outputs

Fig. 10. Diagram of the proposed neuron dynamic adjustment strategy in
FPGA.

Fig. 11. Histogram of RRMSE statistics for the switch model under multiple
operating conditions. (a) vce of turn-ON transient. (b) vce of turn-OFF transient.
(c) ic of turn-ON transient. (d) ic of turn-ON transient.

from output BRAMs using index2, and feeds the data into
the neural network module as supplementary outputs, thereby
avoiding real-time computation delay under complex transient
conditions. Simultaneously, the distribution engine reads the
neuron activation index (index1) at each time node from BRAM
to control which neurons are engaged in the forward pass. The
entire mechanism is driven by preloaded index tables stored in
BRAM, enabling dynamic computational resource scheduling
on top of a static hardware structure, effectively balancing FPGA
resource utilization and neural network modeling accuracy.

As shown in Fig. 11, the RRMSE distributions of the proposed
3-neuron connectionist neural network model before and after
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Fig. 12. Real-time simulation platform architecture.

optimization are evaluated under 9225 operating conditions in
this article. The most significant improvements can be seen in
Fig. 11(a) and (d), where the percentage of samples with errors
less than 1% significantly increases from 80.83% to 96.65% and
from 38.01% to 62.92%, respectively, indicating a significant
reduction in the incidence of high errors. Meanwhile, Fig. 11(b)
and (c) shows slight improvements, indicating that although the
optimization is still effective, its impact is less pronounced in
these cases. These findings confirm that the proposed strategy
effectively improves the model accuracy.

V. INTEGRATED FRAMEWORK AND APPLICATIONS OF

REAL-TIME SIMULATION

A. Real-Time Simulation Architecture

The real-time simulation architecture in this article is divided
into two parallel parts: device-level simulation with nanosecond
granularity and system-level simulation with microsecond time
steps [29]. As shown in Fig. 12, the real-time simulation architec-
ture consists of system-level simulation, device-level simulation,
simulation synchronization control, and DAC interface, all of
which run concurrently in the FPGA environment.

At the system level, the simulation utilizes large time steps
in the microsecond range to update the circuit network matrix
for solving based on the switching control signals. In contrast,
device-level simulation utilizes steady-state data provided by
system-level execution to generate transient waveforms with
nanosecond resolution. When the time node escalates to N
(the maximum time node for the current switching state), the
device-level simulation completes its transient waveform output
and transitions to providing the steady-state value as the current
output.

Fig. 13. Time-domain synchronization diagram between system-level and
device-level simulations.

The solution of the transient model is implemented by a
neural network-based switching model consisting of 650 inter-
connected neural network units and a neuron allocation engine
implemented in an FPGA using variable coefficients connection-
ist neural networks and memory modules with data selection. In
addition to this, it is necessary to set the appropriate cycle delays
for the data according to the pipeline position in which they
are located to ensure that the signals are synchronized with the
coefficient updates. To minimize the resource consumption and
delay incurred by the FPGA to compute the nonlinear activation
function. Given that computing a nonlinear activation function
(e.g., tanh) in an FPGA consumes significant resources and
incurs delays, the function is implemented using a lookup table
approach [30]. It is important to note that in order to mitigate any
inaccuracies introduced by the lookup table, the tanh function is
replaced with its lookup table during the neural network training
phase.

The simulation synchronization control section determines
the switching state by comparing the switching control signals
g(t) and g(t-Δt1). When a switching action is detected, the
time node register is initialized and incremented according to
the simulation time. The synchronization control module is
also responsible for transferring the steady-state voltages and
currents at the current simulation instant to the device-level
simulation section based on the detected switching status. Since
the switching model is implemented using a variable-coefficient
connectionist neural network, its network weights are not fixed
throughout the transient simulation process but are dynami-
cally updated according to the time node. Consequently, during
real-time simulation, the synchronization control module must
retrieve the corresponding weight parameters from the FPGA’s
block RAM using the current time-node index. This ensures
that the neural network utilizes the appropriate model coeffi-
cients at each step, thereby accurately generating the transient
response of the switching device. To more clearly illustrate
the timing coordination between system-level and device-level
simulations, Fig. 13 presents a timing diagram outlining the
simulation workflow. The system-level simulation proceeds with
a time step of Δt1. Once a switching event is detected and
the system-level circuit solution is completed, the steady-state
parameters are provided as input to activate the device-level
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Fig. 14. Real-time simulation hardware platform.

model. The device-level simulation then generates high reso-
lution transient waveforms with a time step of Δt2. It should be
noted that, due to the pipelined architecture of the neural network
implemented on the FPGA, there is an inherent startup latency of
32 FPGA clock cycles before the first valid output is produced.
This delay originates from the pipeline fill stage required to
achieve high-throughput parallel computation. Finally, once the
device-level model completes its output, the system switches
back to using the results from the system-level simulation for
subsequent processing.

As shown in Fig. 14, the real-time simulation hardware archi-
tecture consists of several key components, including a JTAG
downloader for communication with the host and bitstream
download, an FPGA board for real-time simulation model com-
putation, a DAC board for converting the simulation results to
output, an oscilloscope, and a host monitor. The main FPGA
chip used is the Xilinx Kintex-7 XC7K325T, which includes
407 600 registers, 203 800 lookup tables, 840 DSP48s and 445
RAM blocks. The simulation model is designed and developed
in the LabVIEW FPGA environment using the graphical pro-
gramming language provided by NI LabVIEW. The main chip
on the DAC board is the DAC3174 high-performance 14-bit
dual-channel digital-to-analog converter (DAC) from Texas In-
struments, which supports a conversion rate of up to 500 MSPS.

B. Bidirectional Buck-Boost Converter Real-Time Simulation

This article presents a real-time simulation example using
a bidirectional buck-boost converter, which is widely used in
energy storage systems and electric vehicles, and is an ideal case
study for verifying the performance of the switching transient
modeling approach. The topology of the bidirectional buck-
boost converter is shown in Fig. 15. The main parameters are
detailed in Table I. In this case, the system-level simulation was
executed with a time step of 400 ns, while the device-level tran-
sient model operated with a fine resolution of 5 ns to accurately
capture the switching dynamics.

In the real-time simulation of the bidirectional buck-boost
converter, the oscilloscope captures the output waveform of

Fig. 15. Topology of bidirectional Buck-Boost converter.

TABLE I
MAIN PARAMETERS OF CONVERTER

Fig. 16. Oscilloscope waveform of switch S2 in real-time simulation.
(a) Voltage and current waveforms of switch S2. (b) Zoomed-in view of wave-
forms during the turn-ON of S2. (c) Zoomed-in view of waveforms during the
turn-OFF of S2.

switch S2 as shown in Fig. 16. It is pertinent to note that the
displayed waveform is the result of the DAC scaling the simula-
tion outputs to a range of -5 to 5 V. To assess the performance of
the modeling method in real-time simulation and further validate
its effectiveness, this article compares the results of the real-time
simulation of the FPGA with the results of the offline simulation
of LTspice, and the results are shown in Fig. 17. The comparison
results show that the simulation results of the proposed model
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Fig. 17. Comparison of real-time simulation results. (a) vce of turn-ON
transient. (b) vce of turn-OFF transient. (c) ic of turn-ON transient. (d) ic of
turn-ON transient.

Fig. 18. Topology of three-phase inverter.

are in good agreement with those of the LTspice model, thus
confirming the high fidelity of the switching transient model
constructed by the connectionist neural network architecture.

C. Three-Phase Inverter Real-Time Simulation

Three-phase inverters are key components in power electronic
systems and are widely used in photovoltaic power generation,
motor drives and energy storage systems. Its main function is
to convert dc power into three-phase ac power for supplying to
loads or grid connection. Fig. 18 illustrates the topology of a
three-phase inverter, which usually consists of multiple switch-
ing devices, inductors and capacitors. The main principle of
operation is to adjust the relationship between the dc voltage and
the output AC voltage by controlling the state of the switching
devices. The high voltage on the dc side requires the use of
high power electronic devices for switching. For this modeling
example, an IGBT with a withstand voltage of 1200 V and
an antiparallel diode (model FGY100T120RWD) is selected to

TABLE II
MAIN PARAMETERS OF THREE-PHASE INVERTER

meet the requirements of high-voltage working conditions, and
controlled using sinusoidal pulsewidth modulation (SPWM).
The main component parameters used in the three-phase inverter
model are given in Table II.

The three-phase inverter topology modeling uses FPGA as
the core platform for system-level and device-level modeling
of the circuit network. The host computer transmits the SPWM
signals to the FPGA through the PCIe interface to realize the
real-time control of the inverter. After receiving the signals,
the FPGA updates the system-level switching model, calculates
the steady-state simulation results of each node by using the
electromagnetic transient simulation algorithm, and further gen-
erates the transient simulation results of the switching action
through the switching transient model. The three-phase inverter
CPU serves as a real-time simulation example of the circuit
controller executing the SPWM waveform generation algorithm.
The modulation frequency of the sine wave is 50 Hz, the fre-
quency of the triangle wave is 10 kHz, the modulation ratio is
0.889, and the dead time is 800 ns. For the three-phase inverter
case, a system-level time step of 1 μs was adopted and the
device-level model was simulated at 5 ns intervals for transient
accuracy.

The real-time simulation results are compared with the offline
simulation results as shown in Fig. 19. Fig. 19(a) shows the wave-
forms of the output voltage (va) of the a-phase bridge arm, the
output voltage (vao) of the load side, and the output current (ia)
obtained from the LTspice offline simulation. Fig. 19(b) shows
the corresponding waveforms captured by the oscilloscope of
the real-time simulation platform. The comparison results show
that the real-time simulation results are very consistent with the
offline simulation results, verifying the accuracy and effective-
ness of the real-time simulation method.

Fig. 19(c) shows the output voltage and current waveforms of
the a-phase upper bridge arm IGBT S1 obtained by the real-time
simulation platform. Due to the transient characteristics and
detailed complexity of the IGBT process, direct comparison
with an oscilloscope may not be accurate enough. Therefore,
it is necessary to further transmit the transient data of the IGBT
to the host computer for analysis through the PCIe interface. The
comparison results of the turn-ON and turn-OFF processes of the
switching process are given in Figs. 20 and 21 for real-time
simulation and offline simulation, respectively. Fig. 20 shows
that the transient voltage and current waveforms during the
turn-ON process are highly consistent. On this basis, Fig. 21
provides a more detailed zoomed-in comparison of the switching
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Fig. 19. Comparison of real-time simulation results of three-phase inverter.
(a) System-level LTspice simulation results. (b) System-level real-time simula-
tion oscilloscope capture results. (c) Phase upper bridge arm switch oscilloscope
waveform.

Fig. 20. Comparison of output voltage and current waveforms of S1. (a) Output
voltage vce waveform. (b) Output current ic waveform.

Fig. 21. Zoomed-in comparison of output voltage and current waveforms of
S1. (a) vce of turn-ON transient. (b) vce of turn-OFF transient. (c) ic of turn-ON
transient. (d) ic of turn-ON transient.

TABLE III
DEVICE UTILIZATION ON XC7K325T FPGA

transient characteristics, showing that the voltage and current
waveforms are almost identical during the turn-ON and turn-OFF

phases. These detailed comparisons further confirm the accuracy
advantage of the proposed model in transient simulation, and
also demonstrate the versatility of the simulation example by
incorporating another switching device, thus demonstrating the
versatility of the modeling methodology proposed in this article.

D. FPGA Resource Utilization and Comparative Analysis

Table III gives the overall FPGA resource utilization for the
two real-time simulation case studies, where case 1 corresponds
to the Buck-Boost converter and case 2 to the three-phase in-
verter. The reported values include not only the implementation
of the neural network-based switching models but also the
supporting modules of the real-time simulation platform, such
as the PCIe communication interface, DAC conversion logic,
and waveform output control.

To further demonstrate the advantages of the proposed
method, Table IV gives a comprehensive comparison between
our approach and representative existing device-level modeling
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TABLE IV
COMPARISON WITH EXISTING REAL-TIME DEVICE-LEVEL

MODELING METHODS

techniques in terms of FPGA resource utilization and modeling
accuracy. Compared with [19] and [26], the connectionist neural
network proposed in this article achieves comparable or even
higher accuracy under switching transients. Specifically, the
proposed method maintains high fidelity with an RMS error
below 2% across most operating conditions, which indicates
excellent alignment with physics-based reference models. At
the same time, due to the network’s suitability for switching
transient modeling and the use of a dynamic neuron allocation
strategy, it significantly reduces DSP48s consumption.

In addition to resource and accuracy considerations, the ap-
plicability of the proposed model to various topologies and
system simulation frameworks is also emphasized. Unlike the
method in [19], which tightly couples device-level and system-
level solvers the modeling frameworks in [26] and in this ar-
ticle adopt a decoupled architecture. This design effectively
removes the constraint of system-level simulation step size
on the transient model, thereby improving compatibility with
diverse converter topologies and system-level solvers. As a
result, the proposed model exhibits enhanced generality and
scalability in practical real-time simulation scenarios, mak-
ing it more suitable for large-scale and heterogeneous system
applications.

VI. CONCLUSION

In this article, a connectionist neural network-based switching
transient modeling method and a dynamic neuron allocation
strategy are proposed for real-time simulation of power elec-
tronic converters, which significantly improves the simulation
accuracy and real-time performance. Compared with the existing
methods, the proposed method not only achieves higher sim-
ulation accuracy but also significantly reduces the demand for
FPGA hardware resources. It is particularly suitable for accurate
modeling of switching devices that do not exhibit complex
parasitic oscillations during transient processes. By accurately
capturing and restoring the voltage and current transient wave-
forms during the switching action, the proposed model is able
to effectively evaluate the key performance indicators such as
switching loss, thermal characteristics, and EMI caused by high-
speed switching in a real-time simulation environment. Future
research will explore the integration of IGBT thermal modeling
and the EMI noise caused by high switching speed, aiming to
further improve the applicability of real-time simulation.
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