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Abstract— Boost converters are a crucial component in
power conversion systems, often operated in quasi-resonant
mode (QRM) to reduce switching losses and enhance effi-
ciency for medium and low power level applications. However,
traditional modelling approaches have difficulties in balancing
simulation speed and accuracy, particularly during transient
phases. Moreover, conventional linear control schemes such
as PI control have limitations in fast transient regulation.

In this paper, a state machine-based model is proposed and
tested. Compared to Simscape model in MATLAB/Simulink,
the proposed modelling method shows high accuracy in
output voltage both in steady state and transient phase. Fur-
thermore, a neural network-based nonlinear control scheme
has been designed to optimize the transient response and is
compared to a tuned PI controller.

I. Introduction
Due to their simple topology and capability of voltage

stepping up, boost converters are extensively applied in
power conversion systems, for instance, in power factor
correction units [1], battery-powered systems [2], and
photovoltaic solar systems [3]. Considering the energy
efficiency and the inductor volume, boost converters usu-
ally operate in discontinuous conduction mode (DCM)
or even quasi-resonant mode (QRM) for medium and
low power level applications [2], [3].

For control design and tuning, averaged models are
usually used without considering the resonant phe-
nomenon and the valley switching modulator [4]. How-
ever, the control of switch-on time with variant switching
frequency cannot be represented by these modelling
methods. In addition, model averaging for different oper-
ating conditions is needed that makes the control design
complicated and time-consuming. Thus, modelling with
consideration of valley switching and fast design flow is
significant necessary for investigating control design and
tuning for boost converter in QRM.

In terms of control schemes, traditional proportional-
integral-derivative (PID) controllers are usually faced
with the limitation of balancing fast transient response
and high robustness. Inspired by the structure of PID
controllers, a recurrent neural network architecture has
been developed for nonlinear control, and the proposed
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architecture can be further extended [5]. The nonlin-
earity of neural network-based controllers empowers
different dynamic behaviors at various operating points.

In this work-in-progress paper, a new modelling
method is proposed for DC-DC boost converters operat-
ing in QRM. Moreover, a neural network-based nonlinear
controller is introduced for improving boost converter
control.

II. Modelling of DC-DC Boost Converter and the
Control Loop Circuit

Considering the effect of the equivalent series resis-
tance (ESR) of the input inductor and output capacitor,
as well as the effect of parasitic capacitance of the metal-
oxide-semiconductor field-effect transistor (MOSFET), a
model in Simscape blocks and a model represented by a
state machine are built for assisting control design and
verifying the control performance.

A. Modelling of a DC-DC Boost Converter in QRM with
Simscape Blocks

A boost converter with component parameters listed in
Table I is modelled in Simulink. Non-critical components
and circuits are omitted for simplification, for instance,
the drain-source current measurement and protection
circuit.

TABLE I
Boost Converter Parameters

Parameter Symbol Value
Input voltage Vin 36V-48V
Output voltage Vout 48V-60V
Voltage ripple ∆Vout 2.5%
Transformer ratio NL1 : Naux 10:1
Inductance Lm 470µH
Inductor DC resistance RL1 225mΩ
Output capacitance C1 56µF
Capacitor ESR RC1 0.014mΩ
MOSFET drain-source on resis-
tance Rds(on) 280mΩ

Building blocks of Simulink-Simscape Library are
used to model the DC-DC boost converter in QRM.
A diagram including the boost converter circuit and
the control loop is displayed in Fig.1. The inductor
is modelled as an ideal transformer with an auxiliary-
winding ratio of 10:1. A zero-crossing detection (ZCD)
circuit is adopted for modulating the switch drive signal.
The MOSFET switch is modelled by an ideal MOSFET
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Fig. 1. Simulink diagram of a boost converter and its control loop.

block with drain-to-source on resistance Rds(on). The
parasitic capacitance over drain-to-source poles of the
MOSFET, Cds, is estimated by (1) using the measured
LC resonant period Tres in real hardware.

Tres = 2π
√
LmCds (1)

With the modelled parasitic capacitor, resonant phe-
nomenon can be observed after the inductor demag-
netizes. The power loss of the MOSFET switch is
minimized by valley switching strategy, which turns on
the MOSFET only at the valley point of the drain-to-
source voltage Vds. This paper presents one feasible valley
switching modulator in Fig.2.
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Fig. 2. Simulink Diagram of boost control modulator for QRM
valley switching.

This modulator contains two input ports connecting
respectively to the control output and to the ZCD block.
When the on-time threshold (Ton) is reached, a timer
in Ton_control block is triggered and resets the Latch,
and the output signal gd turns zero for switching-off
the MOSFET. Following that a counter accumulates the
number of ZCD until it reaches valley number threshold.
A comparator N outputs 1 to the latch after Tres/4 and
outputs a switching-on signal.

This modelling method gives advantage to simulating
the boost converter in QRM with valley switching, and
the threshold valley number can be determined by the
control output. In the following discussion, we consider
high relative output power cases and the valley threshold
is fixed as one, and only the regulation of on-time is
studied.

B. Modelling of Boost Converter and Modulator with a
State Machine

Inspired by the work of [6] and the working principle
of boost converters, a state machine-based modelling
approach is proposed and shown in Fig.3 to represent
the boost converter model operating in QRM.
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Fig. 3. Diagram of boost converter modelled in a state machine.

The model has four states and three transitions.
Initial values are calculated once in the initial (default)
state. After the simulation starts, it transits directly to
the ON state without condition. In the ON state, the
input inductor is magnetized and the output capacitor
is discharged. After Ton the MOSFET is switched off,
and the state machine transits to OFF, when the boost
diode is conducted, the inductor is demagnetized, and the
output capacitor is charged. Due to the MOSFET’s par-
asitic effect, the converter operates in a quasi-resonant
state QR after switching off. The QR state starts when
the inductor current drops below zero, and lasts for
Tres/2 seconds before transiting back to ON. In each
of the operating states, the current and voltage of each
component are updated every ∆T , which is in this paper
0.1µs.

Assume that the inductor and the capcitor are linear
components for simplicity. The current-voltage relation-
ship equations in differential form can be approximated
by time-discretized form in a short interval, which are
given in (2).

Ik+1
L1 = IkL1 +

V k
L1

L1
∆T

V k+1
C1 = V k

C1 +
IkC1

C1
∆T

(2)

There the superscript k represents the k-th iteration with
a step size of ∆T . The state machine block also has the
same sample rate ∆T .

C. Comparison Between the Simscape Model and the
State Machine Model

To verify the accuracy of the state machine model,
its output voltage is compared to that of the Simscape
model by operating the converter with the same on-time
Ton in an open loop. The maximum step size is 1e-7s,
relative error tolerance is 1e-6, and the solver is set as
daessc.



Three transient behaviors are tested using step func-
tions in a single simulation:

• load resistor changes from 100Ω to 50Ω at 20ms,
• input voltage increases from 36V to 48V at 40ms,

and
• on-time increases from 25µs to 30µs at 60ms.
The result is illustrated in Fig.4. The three middle

subplots are the zoomed-in view at each transient stage.
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Fig. 4. Step response comparison between Simscape model
and state machine model with reference transient, control effort
transient, and load transient.

It is observed from the figure that the result of using
state machine model is comparable to that of using
the Simscape model. Relative error is below 5% during
transient stages and is below 2% during steady state.

MATLAB functions tic, toc and timeit1 are used
for simulation time comparison. The simulation time
comparison results are listed in Table II. Different stop
times are compared.

TABLE II
Averaged simulation time comparison

Stop Time [s] Modelling Method Execution Time [s]
0.01 Simscape model 11.8078
0.01 Our method 0.5156
0.1 Simscape model 99.4320
0.1 Our method 2.2836
0.5 Simscape model 509.2744
0.5 Our method 9.7335

The results show that simulations with the proposed
state machine modelling method consume less than
10% time of the simulations with the Simscape model.
Moreover, the state machine model supports both fixed-
step solvers and variant-step solvers, although the state
machine and the controller have fixed sample rates.
For nonlinear component parameters, it is convenient

1Unlike tic and toc, timeit calls the function multiple times.

to extend our modelling method by setting parameters
depending on additional input ports. Hence, the state
machine model can be used for control design and
parameter tuning.
III. Neural Network-Based Nonlinear Controller Design

and Performance Comparison
A. Design of Neural Network Controller

Inspired by the work of [5], a neural network control
scheme is proposed and the principle diagram is shown
in Fig.5, composed of a PI layer and a nonlinear
activation layer. The activation layer is realized by linear
combination of n rectified linear units (ReLUs) with n
biases bk and gains wk, k ∈ [1, 2, . . . , n]. The output of
each ReLU is connected to a sum neuron.
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Fig. 5. Neural network-based nonlinear control scheme with a PI
layer and a ReLU activation layer.

The PI layer parameters are initialized with Ziegler-
Nichols method [8] and the ReLU layers are initialized
by unit gains and uniformly distributed biases. The
recurrent structure achieves an integral function with
a gain of wi, and the other path in parallel has a
proportional gain of wp. Given the target reference
output voltage Vref and the real output voltage Vout,
the PI layer output uPI is calculated in discrete-form by
(3),

e[k] = Vref [k]− Vout[k],∀k ∈ N
uPI[0] = wpe[0]

uPI[k] = wpe[k] + wiuPI[k − 1],∀k ∈ N+,

(3)

and the output of each ReLU is computed by (4),
rk = max{0, uPI − bk},∀k ∈ {1, 2, . . . , n}. (4)

The neural network controller’s output is denoted as
u and is calculated by (5).

u = wu

n∑
k=1

wkrk(x) (5)

where wu is the output gain.
The overall controller has a sample time of Ts, greater

than the step size of the proposed state machine-based
model, ∆T . Given the design in neural network, the
gains and biases can be further trained using back-
propagation-like methods with prescribed control tar-
gets, such as the work in [7]. As is discussed in work [5],



reinforcement learning method can be used for training
the parameters. The update algorithm is designed de-
pending on the optimization target. Boundary conditions
are considered to satisfy the voltage ripple requirement
and the limit of switching frequency, as well as the
bandwidth and phase margin requirement of the entire
control loop.

B. Performance Comparison Between PI Control and
Neural Network-Based Nonlinear Control

Due to additional requirement of noise filters, the
derivative component of a PID controller is not used
in the following discussion, which is also common in
industrial applications of boost converters.

In this section, two neural network controllers (abbre-
viated as NN controllers) are selected, and the perfor-
mance is compared to that of a well-tuned PI controller
using transient simulation.

Instead of applying the control signal directly from the
PI controller, the activation layer of the NN controller
performs a nonlinear mapping of the control effort. The
gain factor is therefore rescheduled according to the PI
layer output. The control effort is amplified only when
the PI layer output is high, which means the real-time
error and/or accumulated error is high.

The following test conditions are fulfilled: the input
voltage is 36V, while the target output voltage changes
from 48V to 52V at 25ms, then from 52V to 56V at
45ms, both with a slew rate of 4kV/s. The load resistance
changes during the steady state of each voltage level
drops from 100Ω to a low value, which is assigned such
that the peak power is about 50W. The slew rate of
the resistance change is around 5kΩ/s. The results are
shown in Fig.6.
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Fig. 6. Compared with the PI controller, the neural network
controllers achieve faster energy delivery without causing high
overshoot.

The above subplot shows four curves including the
target output voltage (black, dashed line), real output
voltage with NN controller 1 (red) and NN controller

2 (blue), and the real output voltage with the PI
controller (cyan). All the data is averaged and the ripple
is smoothed out to focus on the trend. The subplot below
shows the variant load resistance.

It can be concluded that the NN controllers can
achieve fast energy delivery and enable a faster voltage
recovery during the load transient phases. Moreover, the
undershoot caused by load transient behavior and the
overshoot caused by reference voltage change are lower
compared to traditional PI controllers.

IV. Conclusion and Outlook
This work-in-progress paper presents a novel modelling

method for DC-DC boost converters operating in QRM
using state machine along with the control loop circuit.
The proposed modulator circuit can generate a driving
signal based on the threshold on-time and desired val-
ley numbers, making it an efficient solution for QRM
operations using ZCD mechanisms. The developed state
machine model is shown to achieve accuracy comparable
to Simscape models, while it offers the benefit of shorter
simulation time and can accelerate parameter tuning.
The proposed neural network-based nonlinear controllers
have demonstrated the ability to achieve faster step
responses with lower overshoot or undershoot, outper-
forming traditional PI controllers.

Future studies will focus on optimizing the train-
ing process for the neural network-based controllers.
In addition, hardware implementation methods will be
investigated for the proposed control scheme, taking into
account timing and resource consumption.
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