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Event-Triggered Model Predictive
Control of a Buck Converter With
Kalman Filter State Estimation

This paper presents an event-triggered model predictive control (ET-MPC) strategy for a
DC-DC buck converter to reduce computational burden while maintaining high dynamic
performance. A four-mode discrete-time model is established to accurately capture the
converter switching behavior, and a Kalman filter is integrated into the control framework to
estimate load disturbances and improve control accuracy. Unlike conventional time-
triggered MPC (TT-MPC), which solves an optimization problem at every time-step, the
proposed ET-MPC evaluates the optimal switching sequence only when a voltage deviation
exceeds a predefined threshold. This mechanism significantly reduces the number of online
optimizations while preserving the regulation of output voltage. Simulation results
demonstrate that ET-MPC achieves up to 94% reduction in computational effort with
comparable transient response, low steady-state error, and acceptable switching frequency.
The proposed controller enables an efficient real-time implementation of model predictive

control (MPC) for power converters under varying operating conditions.
[DOL: 10.1115/1.4071872]

1 Introduction

Power converters are widely used in electric vehicles, renewable
energy systems, and energy storage applications because they can
efficiently control the flow of electrical power [1]. The performance
of a converter mainly depends on its control strategy, which
determines how fast the system can respond to changes, how
accurately the output voltage or current is regulated, and how stable
the system remains under disturbances [2—4]. A good control
method can improve power efficiency, reduce losses, and ensure
reliable operation over a wide range of operating conditions [3].
Therefore, developing effective control strategies for power
converters is essential for achieving high performance, high
reliability, and low-cost power conversion systems [5].

However, traditional control methods such as proportional—
integral (PI), hysteresis, and droop control are designed for a specific
operating condition, and they assume the system has ideal behavior
[6-10]. These methods have a limited ability to deal with nonlinear
characteristics, parameter variations, and control constraints, which
may result in poor dynamic response and reduced steady-state
accuracy in practical applications. For example, Aguilar-Ibanez
et al. [6] investigate PIl-based control strategies for DC-DC
converters and introduce improved modulation techniques to
enhance voltage regulation. However, the method is still developed
based on averaged linear modeling and fixed gain tuning, which
limits its ability to handle nonlinear dynamics. Because of these
limitations, advanced control methods are needed to maintain good
performance even when operating conditions change.

Model predictive control (MPC) is an advanced control strategy
for power converters that has received significant attention in recent
years [11-13]. MPC is a flexible approach that utilizes a
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mathematical model of the converter and a control objective to
compute the optimal control action. This is achieved by minimizing
a cost function that evaluates the system behavior over a finite
prediction horizon [14]. In traditional MPC, the optimization
problem is solved at each sampling period, and only the first control
signal in the optimal control sequence is applied to the converter.
The predictive nature of the controller enables fast transient
response and accurate steady-state regulation [15]. Moreover,
MPC can effectively control systems with multiple inputs and
multiple outputs by capturing the interactions among variables
through the system model.

Nevertheless, traditional MPC still suffers from a high computa-
tional burden in the converter field since a large number of switching
possibilities must be evaluated within each sampling period, which
is typically in the microsecond range [16,17]. This leads to a heavy
computational burden, especially when the converter operates at a
high switching frequency and the sampling period is only a few
microseconds [17]. The problem becomes more significant for
converters with nonminimum phase behavior such as boost and
buck-boost converters [17-19]. In these converters, turning the
main switch ON causes a short voltage drop before recovery after
several switching cycles, resulting in a slower transient response.
This delay increases the prediction complexity and often requires
extending the switching-sequence prediction horizon. As the
horizon increases, the number of switching combinations also
grows rapidly, which further raises the computational cost. As a
result, traditional MPC is difficult to apply in practical converter
systems.

To lower the computational burden of conventional time-
triggered MPC (or TT-MPC), event-triggered MPC (or ET-MPC)
has been introduced to reduce computational load by updating the
control action only when a predefined condition is violated, rather
than at every sampling period. This strategy has been widely studied
and applied across different control systems [13,20-28]. In these
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Fig. 1 Buck converter circuit diagram

works, the event-trigger mechanism significantly decreases the
number of optimization problems solved while preserving control
accuracy. For example, Badawi and Chen [29-31] implement ET-
MPC on a boost converter and report that it can achieve similar
control performance compared to the conventional TT-MPC. They
also observe a significant reduction in computational effort. In
Ref. [20], an event-triggered control strategy is embedded into the
predictive controller for a modular multilevel converter. When
the power tracking error (T.E.) stays within a predefined threshold,
the previous control input is retained; a new MPC optimization is
executed only when the threshold is violated. This event-based
strategy effectively reduces switching frequency and energy loss
while maintaining accurate regulation under parameter variations.
Furthermore, MPC critically depends on an accurate dynamic
model of the system to predict optimal control actions. These
optimal actions are determined by the accurate initial state sent to the
system [15]. The initial state may be obtained either through direct
measurements or via a state observer for variables that cannot be
directly measured [32]. However, both approaches can be affected
by measurement noises, sensor inaccuracies, and component
tolerances, leading to errors in the estimated system states [33].
Therefore, state estimation plays an essential role in MPC by using
past measurements and system dynamics to infer the most probable
current state, thus improving control reliability. State estimators are
generally categorized into deterministic estimators (such as the
Luenberger filter) and stochastic estimators (such as the Kalman
filter) [34,35]. Among these methods, the Kalman filter has been
widely recognized as an effective estimator in systems subject to high
model uncertainty and significant noise [36,37]. In our work, we
integrate the Kalman filter into our ET-MPC control framework.
The target of this study is to design an ET-MPC controller for a
buck converter. A buck converter is a step-down converter that
provides an output voltage that is less than its input voltage [38]. It is
prevalent in power conversion applications since power is

Reference Voltage

Switch sequence #1 |0|0‘0|0|0‘0\0‘0|0|0‘0|0|0‘0|

Switch sequence #2 |0‘0|0|0‘0‘0l0 0|0|0‘0|0|0l1|

Switch sequence #2V |1’1|1|1’1|1|1 1|1’1|1|1’1]1|

Prediction Horizon (N)

transmitted more efficiently at higher voltages while loads typically
require lower voltages for operation, either for safety or other
reasons [39]. Buck converters can be found in many applications
such as battery chargers, computers, and audio amplifiers [40—42].
Isolated buck-derived converters, such as full-bridge isolated
converters, are found in hybrid and electric vehicles, and can
convert power from the 400 V battery to charge the 12 V battery and
provide power to the 12V bus. The topology of a DC-DC buck
converter is shown in Fig. 1. It consists of a DC voltage source vy, a
switch S, a diode D, an inductor L with internal resistance R;, a
capacitor C and a load resistor R. We also benchmark the ET-MPC
controller with an enumeration-based TT-MPC controller, as
illustrated in Fig. 2. It operates using a discrete-time model of the
converter. At each sampling period, the controller generates a finite
set of switching sequences over the prediction horizon, defined as
N - T, where N is the number of switching intervals and 7 is the
sampling period. For each switching sequence, the model predicts
the future evolution of the inductor current and output voltage over
the prediction horizon. These predicted trajectories are then
evaluated through an optimal control problem, which selects the
switching sequence that provides the best voltage regulation while
satisfying system objectives and operational constraints.

In the sequel, we will first develop the main components of the
TT-MPC controller for the buck converter, followed by the
development of the proposed ET-MPC controller. The proposed
approach follows the same design but adapts the framework to the
buck converter topology, which operates with continuous and
discontinuous conduction modes. A concise comparison table
including the triggering condition, modeling approach, use of
disturbance estimation (e.g., recursive least squares, extended state
observer, or reduced-order extended state observer), and computa-
tional metrics is provided as Table 1 to strengthen the contribution.
The main contributions of this paper can be summarized as follows:

(1) A four-mode switched discrete-time model of the buck
converter is developed and embedded into the MPC frame-
work. The proposed model explicitly captures both contin-
uous conduction mode and discontinuous conduction mode,
rather than relying on an averaged model commonly adopted
in existing ET-MPC studies [13,45].

(2) A trajectory-based event-triggered MPC framework is
proposed for enumeration-based MPC with move blocking.
The triggering condition is defined based on the deviation
between the measured output voltage and the previously
computed optimal predicted trajectory.

Enumeration is computationally
exhaustive and completed within
T in real time.

Number of sequences= 2". Extending
the prediction horizon by one step
doubles the computational load, making
enumerated MPC highly demanding.

VS

Buck Converter :: Cost — Optimal
Dynamic Model Function Sequence
Measured
voltage and
current

Buck Converter: Steps up
voltage Non-linear and time-
variant system (switched
model).

Fig.2 Enumeration-based model predictive control for a buck converter
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Table 1 Comparison of ET-MPC frameworks for power converters

Feature Ref. [43] Ref. [13]

Ref. [44]

Ref. [45] Our work

Triggering condition
Modeling approach Switched model Averaged model
Disturbance estimation None None RLS
Computational metrics Event count; Event count;
switching reduction switching actions

Event count

State-error threshold State-error threshold State-error threshold Disturbance-aware error bound Predicted-trajectory deviation
Switched model

Averaged model
ESO/RESO
Event count

Switched model; CCM/DCM
Kalman filter

Event rate; min

interevent interval

(3) A Kalman filter state estimator is incorporated into the
proposed control framework to improve robustness against
load variations and measurement noise.

(4) The effectiveness of the proposed approach is validated
through simulations, demonstrating a substantial reduction in
online optimization calls while maintaining comparable
transient and steady-state performance to time-triggered
MPC (TT-MPC). The proposed approach reduces the
computational burden by up to 94% compared with the
conventional TT-MPC.

The remainder of this paper is organized as follows: Section 2
presents the mathematical modeling of the buck converter and the
derivation of its discrete-time system dynamics. Section 3 describes
the formulation of the proposed model predictive control schemes,
including both time-triggered and event-triggered implementations.
Section 4 provides the simulation setup, implementation details, and
performance evaluation under different operating conditions.
Finally, Sec. 5 concludes the paper and discusses potential directions
for future work.

2 Mathematical Model

2.1 Continuous-Time Model. For MPC to generate optimal
control actions at every sampling period 7T, a reliable mathematical
representation of the system plant is required. Since switched-mode
power converters exhibit nonlinear and time-varying characteris-
tics, their modeling typically involves simplifying the switching
behavior while keeping the essential system dynamics. A widely
adopted approach in the control of pulse-width modulation (PWM)
converters is to create an AC equivalent circuit by averaging the
inductor voltage and capacitor current over one switching cycle
[46].

For the buck converter shown in Fig. 1, three operating modes can
be identified within each switching period depending on the state of
the main switch S and the inductor current during a single time step
T;. The first mode is when the switch is ON and the inductor current
is positive and increasing. In this mode, the diode is OFF. The second
mode is when the switch is OFF. In this case, the inductor will induce
a voltage that will force the current to continue flowing in the same
direction through the diode to the load. The third mode is when the
switch is OFF, and the inductor current reaches zero; in this case, the
diode is also OFF. This corresponds to discontinuous conduction
mode.

The next step is to develop state-space equations for each mode
using the state variables defined by

x(t) = [i(t) vo(0)]" €5)

where iy is the inductor current and v, is the output voltage
(capacitor voltage).
The state-space equations for each mode are defined in Eq. (2).
Mode 1 is realized when Switch S is ON, i, is positive and
increasing, and diode D is not conducting. This mode is represented
with Eq. (2a) state equation:

_te 2 1
) = 1L i 0+ | "L a)
R 0
C RC
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Mode 2 is realized when Switch S is OFF, iy is positive and
decreasing, and diode D is conducting. This mode is represented
with the following equation:

—R, 1
T 7 0

i) = i ) i 0+ | [0 (2b)
C RC

Mode 3 is realized when Switch S is OFF, i; is 0, and diode D is not
conducting. This mode is represented with the following equation:
0 0
x(t) = 1 |x(r)+

vy (1) (2¢)
0 ~%c

2.2 Discrete-Time Model. The forward Euler approximation

= )
s
is then used to derive a discrete-time model from the continuous-
time model in Eq. (2), where the time increment is defined by 7.

Where f (x[k]) is substituted with the equations in Eq. (2) for each
mode. The discrete-time model shares the same three modes as the
continuous-time model, and a fourth mode is added to represent the
moment the inductor current decreases from a positive value and
reaches 0. This instant is defined as 7, . Hence, the converter operates
in four discrete-time modes, depending on the shape of the inductor
current and the switch position:

(1) Mode 1 represents the converter when the switch S is ON, and
the inductor current is increasing.

(2) Mode 2 is when the switch S is OFF, and the inductor current
is decreasing and positive.

(3) Mode 3 is the average of Modes 2 and 4 and includes the
moment the inductor current decreases from a positive value
to 0, which is defined as 7.

(4) Mode 4 is when both switch S and diode D are OFF and the
inductor current is 0.

The discrete-time state space matrices for all four modes are
included below Eq. (4).

Mode 1 (4a):
{ RLLTS _% T,
xlk+1] = xlkl+ | Lwlk] 4
T, T
s | 0
C RC
Mode 2 (4b):
1 RLTS Ts
L L
ak+1] = x| [ slk] (4b)
Lo L
C RC
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Mode 3 (4¢):

RL‘L'1 T
- -7 0
k1] = L Lo+ ] (vl a@o
oI 0
C RC
Mode 4 (4d):
1 0 0
xk+1] = o 1_h xlk]+ || vslk] (4d)
Output:
ylk] =10 1]x[] (4e)

2.3 Kalman Filter Implementation. Model predictive control
relies heavily on an accurate dynamic model to predict the system
evolution. Additionally, the optimal control action is determined by
the initial state of the system, which can be obtained by either direct
measurement or through the use of an observer for the states that
cannot be directly measured. Direct measurements and observers
can suffer from inaccuracies due to measurement errors, noise, and
tolerances in the components that are contained within the system
model. This is why state estimation, which is the use of past data to
determine the most likely value of the state at the current time,
becomes a key component for MPC. Similar to our previous work in
Ref. [31], the Kalman filter used in this study is derived and
configured as follows.

We begin by assuming that both the system and the measurements
are affected by disturbances. Accordingly, the system model can be
expressed as

xk+ 1] = Apxlk] + Buu +w (5a)

y[k] = Cx[k] +v (5b)

where x[k] denotes the state vector, u the control input, and y the
measured output. x[k + 1] represents the next state of the system.
Note that here the subscript m represents the different modes in
Eq. (4) and can be selected from any value {1,2,3,4} depending on
the switch position and the amplitude of inductor current. A,,, B,,,
and C represent the different state-space matrices of the original
model in Eq. (4). The term w accounts for process disturbances that
affect the system states, whereas v represents measurement noise or
sensor inaccuracies. Both w and v are assumed to follow zero-mean
Gaussian distributions with covariances Q and R, respectively, i.e.,
w ~ N(0,0Q) and v ~ N(0,R).

By combining noisy measurements with mathematical models of
the system, the Kalman filter provides an optimal recursive approach
for estimating system states, which consists of two steps. The first
step is that the system model and the previous estimated state are
used to forecast the next state and its error covariance values (time
update). Then, the predicted values are updated using the latest
measurement and the computed Kalman gain (measurement
update). As new measurements become available, both the Kalman
gain and the estimated states are updated continuously, ensuring
improved accuracy.

In addition to state estimation, the Kalman filter incorporated into
the proposed MPC controller framework also estimates unmeasured
disturbances to compensate for load variations and their impact on
the system model. During load transients, the resistance R changes,
introducing discrepancies between the model and the actual system.
To address this, the buck converter is augmented with disturbance
states 7, and v,, which represent the unmodeled effects of load

061011-4 / Vol. 148, NOVEMBER 2026

changes on the inductor current and output voltage, respectively
[47,48]. The augmented state-space model is given in the following
equation:

Xouglk] = [ilk] volk] io[k] velk]]" 6)

The augmented model in Eq. (7) is used in the prediction step of
the Kalman filter.

Ay 0 B
Apy = { (;n I}’ By, = { OM}’ Caug=1[1 I| (D

The Kalman Filter then uses the model to estimate the augmented
state in

ffaug = jaug + K, (y - C)Eaug) (8)

Again, A,,, B, and C represent the different state-space matrices of
the original model in Eq. (4), which are used to predict the state %,y
and error covariance before measurement y. Entries in matrix K, are
the Kalman gains calculated for the different operating modes. Note
that here y is the measurement, while %, is the estimated stated
variable. 0 and I are zero and identity matrices respectively.

To enhance estimation performance, the Kalman filter is tuned so
that measurement noise has minimal influence by assigning a small
value to R. This reflects greater trust in the sensor data. Meanwhile,
higher covariance values are used in Q to capture possible process
variations and modeling errors. The filter estimates the disturbance
terms i, and v,, where v, is fed back to the MPC controller to adjust
the reference signal by subtraction, yielding the updated reference as

!
Voret = Voref — Ve )

3 Model Predictive Control

3.1 Time-Triggered Enumeration-Based Model Predictive
Control. Again, the MPC algorithm illustrated in Fig. 2 starts by
generating all possible switching sequences across the prediction
horizon of length N - Ty, where N is the number of prediction steps
and U(k) = [u(k), u(k + 1), ..., u(k+N —1)]". Since the switch
status is binary, the total number of possible sequences increases
exponentially as 2V, and evaluating all of them in enumeration-
based MPC significantly raises the computational burden. To
alleviate this, a move-blocking strategy is implemented [49]. Move
blocking divides the prediction horizon into two segments. The first
segment consists of N, switching steps with sampling period T,
while the remaining N, steps use a longer sampling period by
multiplying 7 with a factor n,. This approach covers the same total
prediction horizon with fewer prediction steps, thereby reducing
computational burden. As illustrated in Fig. 3, two prediction
horizons are compared over the same duration. Without move
blocking, the horizon length is N = 17, corresponding to a total
duration of 177,. With move blocking, the horizon is reduced to
N =13, where N; =9, N, =4, and ny = 2, resulting in the same
total length (9 + (4 x 2))Ts = 17T,. Thus, the computational
burden decreases significantly, from O(2!7) to O(2'%).

Then the MPC solves an optimal control problem (OCP) for each
switching sequence, formulated as follows:

J+N—1
verr €+ 1K) + A, |Aull]k
g = 2 e WA
+)~i1< |iL,er‘7‘ [Z|k]
s.t. System dynamics Eq. (4) (10h)

The objective (cost) function is defined in Eq. (10a). The first term
in the objective function penalizes the error between the calculated
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v, (1) ’
Predicted e
without

move blocking

Prediction
Past k k+4 k+8 k+12 k+17 steps
v, (1)
Predicted
with move
blocking
Prediction
Pt k k+1 k+ 4 k+8 k+ 10 k+13 stz

Fig. 3 Prediction horizon move blocking scheme

output voltage and the reference voltage and is found using the
following:

Vo.err [k] = Vo,ref — Vo [k] (1 1)

The second term in the objective function penalizes the difference
between two successive switch states and is calculated using:

Aulk] = ulk] — ulk — 1] (12)

It penalizes the change in the switch state effectively to reduce the
switching frequency f;,,. This term is manipulated by multiplying it
with a weighting factor 4,, where increasing 4, generally reduces the
switching frequency and setting 4, to O allows the switching
frequency to reach 1/(275) if R, = 0 and v, = 2v, [50]. Weight /;,
is adjusted to control the influence of the inductor current error,
defined as if err (k) = ipger — iz (k), Where if f is derived using the
equation defined in the following equation:

2

VsiL,ref = RLiiJef + % (13)
Equation (13) represents that input power equals output power,
where we estimate input power by combining the loss across the
inductor resistance R, and the output power. v, [k] and i, [k] denote
the measured output voltage and inductor current at time &, while
vo[€|k] and iy [¢|k] represent the predicted states at prediction step ¢
computed at time k. The index k denotes the prediction index, and £
denotes the step within the prediction horizon.

At each time-step, the MPC controller evaluates the cost function
Eq. (10a) for a set of predefined switching sequences U (k). The
prediction horizon is defined over a finite horizon N € N in which
the switching sequences are defined:

U] = [ulk] ulk+1] wk+N-1]1" (4

The optimization variable U [k], the input (source) voltage v, and the
current state variable x[k] are then entered into the OCP Eq. (10)

where the output voltage trajectory is predicted, and the objective
function is evaluated. For real-time implementation, the computa-
tional time required to process these sequences is small compared to
the sampling time 7.

The switching sequence with the minimum cost function value is
then selected as the optimal switching sequence U, [k]. The first
element of the sequence is applied to the switch, S. For time-
triggered MPC, this procedure is repeated at the next time step,
based on new measurements acquired at the following sampling
period 7.

3.2 Event-Triggered Model Predictive Control. Event-
triggered model predictive control is then adopted to reduce the
computational effort required by the enumeration-based TT-MPC.
In TT-MPC, the controller evaluates all 2 switching sequences at
every sampling period T, which increases computational burden as
the prediction horizon N increases. In contrast, ET-MPC solves the
OCP only when the voltage tracking objective is no longer satisfied,
thereby avoiding unnecessary computations. When an event is
triggered, the controller computes the optimal switching sequence
U, and the corresponding state trajectory X,. The first element of U, is
applied to the main switch S and returned to the controller after a
short delay. The delayed switching input and state trajectory are
denoted as U, and X,, and the event counter ¢ is updated
accordingly. Here, ¢ denotes the event counter used in the event-
triggered implementation.

At the next sampling period, the counter ¢ is incremented by one
sampling period 7. This counter is used to advance the index k that
determines the next switching state. However, when a move
blocking scheme is applied, the same switching index may be held
for up to ny sampling periods. To account for this, an index selection
matrix 7 is constructed. The matrix 7 maps the counter value # to the
corresponding index k while incorporating the move blocking
structure. An illustrative example of matrix 7 is provided in Table 2,
where N = 6, Ny =4,n; =4, and Ty = 5 ps.

At the next time-step, the optimal state trajectory X,; obtained at
the previous event time #; is combined with the current output

Table 2 Event-triggered selection of optimal state trajectory and switch state index

Counter, ¢ Sus 10 us 15 us 20 us 25 us 30 us 35 us 40 us 45 us 50 us 55 us 60 us
Index, k 1 2 3 4 5 6

T (k) Sus 10 us 15 us 20 us 40 us 60 us

Ui (k) Ul1] U,[2] Ui[3] U4 Ui[5] U,[6]

X(k) X[1] X [2] X [3] X [4] X [5] X [6]

Journal of Dynamic Systems, Measurement, and Control
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voltage measurement v, to evaluate the event condition. The event
signal e is determined according to the following criterion:

1, if||Xq[2,k] —v,|| > dork > kpax
e= (15)

0, Otherwise

where 0 denotes the trigger threshold and specifies the deviation
between the measured output voltage v, and the predicted state
X1 (2, k) corresponding to the optimal trajectory.

An event is activated when e = 1, letting the controller solve the
OCP Egqg. (10). An event is also triggered when the index reaches
kmax, Which denotes the maximum number of elements permitted in
the switching sequence. In either case, a new optimal state trajectory
and switching sequence are computed and sent back to the
controller. When e = 0, the controller applies the next switching
action from the previously computed optimal sequence U, and no
optimization over the 2 switching sequences is required [51].
Specifically, each triggered event corresponds to a full reevaluation
of the optimal control problem Eq. (10). When e = 1, the controller
performs a complete enumeration-based MPC optimization, where
all admissible switching sequences over the prediction horizon are
evaluated. When e = 0, no optimization is executed; the controller
only performs trigger evaluation, trajectory index updating, and
direct retrieval of the previously computed switching action.
Therefore, the event frequency reflects the number of full MPC
optimizations.

The event-triggered control algorithm is described in Algorithm 1
and in the flowchart in Fig. 4, where J represents the cost function in
Eq. (10a).

Algorithm 1 Event-Triggered MPC Algorithm

procedure: ETMPC (u, U;1, X1, 1,01, V0, Vs)
J* (k) = o0
t—t+Ts
k < select k from T using ¢ see Table 2
e < compute Eq. (15);
if ¢ = 1 then
t<—0
for all U over N do
J=0
for! =ktok+N —1do
x(¢+ 1) < compute from Egs. (4), (6), and (7)
J « compute from Eq. (10)
end
if J < J*(k) then
J(k)y=J,u=U(1)
end
end
U —U
X, —x
end
if e = 0 then
Uu <— U,] (k)
U — Uy
X: — Xn
end
return u,t, U;, X;
end procedure

The triggering condition in Eq. (15) is introduced to reduce the
online computational burden while maintaining satisfactory closed-
loop performance. Between two consecutive events, the controller
applies the previously computed optimal switching sequence and
monitors the deviation between the measured output voltage and the
predicted trajectory. As long as this deviation remains below the
threshold o, the converter operates close to the nominal MPC-
predicted behavior. When the deviation exceeds J, a new MPC
optimization is executed to update the switching sequence. As a
result, the output voltage tracking error remains bounded and can be
regulated through the choice of 0, reflecting the tradeoff between
computational effort and control performance. Along the same
logic, excessive triggering can be avoided through the tuning of 9.
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As this paper focuses on the algorithmic development and numerical
validation, readers are referred to Refs. [52,53] for stability and Zeno
behavior in ET-MPC.

4 Implementation and Simulation Results

Figure 4 illustrates the simulation test environment used in this
study, including the buck converter plant, the ET-MPC controller,
and the Kalman filter for state and disturbance estimation.
Compared with our former work on the boost converter [31], one
modification is made with regard to the estimation of the inductor
current because the inductor is connected directly to the output
capacitor C and load resistor R. As an estimate, the inductor current
can be assumed to be equal to the load current:

Lot = 20 (16)

Time-triggered model predictive control is implemented with the
event-trigger threshold ¢ being set to 0.

The parameters used in the simulation are listed in Table 3. In
particular, a prediction horizon N = 8 is selected. Unlike the case of
aboost converter, the performance of the system is evaluated during
startup and step changes in the input voltage, reference voltage, and
load.

4.1 Buck Converter Startup. During startup, the reference
voltage is applied at 0.1 ms. This delay is applied in order to observe
the startup sequence with more clarity. The results from both TT-
MPC and ET-MPC controllers, as shown in Figs. 5 and 6, show that
the buck converter experiences an overshoot at the output before
returning to regulation at 3 ms during startup. This is due to switch §
going to the ON state for a duration long enough to allow an inrush of
current into the output capacitor and raise the output voltage to
Voret = 3 V. The switch then turns OFF. During this scenario, the
inductor current finds an alternate path through the diode D by
forward biasing the diode and allowing the current to continue to
flow to the output, which in this case causes the capacitor to charge
up to a higher voltage, approximately 7 V. For the remainder of the
duration during which switch S is OFF the output capacitor voltage
drops as it discharges through the load resistor R to 5 V. When this
happens, the controller begins to actuate the switch, and normal
conversion takes place, allowing the buck converter to reach
regulation.

In order to avoid overshoot, a Soft-Start (SS) scheme is applied to
the converter to ramp the reference voltage up. The operation of the
TT-MPC and ET-MPC without and with soft-start is compared in
Figs. 5 and 6, respectively. Table 4 summarizes important attributes
during startup for both TT-MPC and ET-MPC. Both formulations
exhibit similar overshoot and startup times. However, the key
difference between the methods is the peak inductor current, which
is different as a result of the switching frequency. Since ET-MPC
results in a lower switching frequency of 55kHz when compared
with TT-MPC for 125kHz, the inductor peak current is higher
during the startup of ET-MPC. An additional observation is the
reduction in computational burden achieved by utilizing the event-
trigger formulation, in which the OCP is triggered approximately
10% of the time once the converter reaches steady-state.

4.2 Steady-State Operation. The buck converter is evaluated
for different steady-state conditions and trigger thresholds that are
listed in Table 5. Since the optimization problem solved at each
event has a fixed structure and prediction horizon, the computational
effort is proportional to the number of optimization runs; therefore,
the event frequency is used as a normalized metric to quantify the
computational burden. The table includes the event frequency, T.E.
and output ripple, where the tracking error is calculated using

n

> ali) — voell)’
TE. =\~

a7

n
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Fig. 4 Buck converter ET-MPC implementation block diagram

Table 3 Simulation parameters — buck converter with Kalman
filter

Converter and controller parameter Value
Input Voltage (vs) 16 V
Output voltage (v, rer) 5V
Inductor (L) 100 uH
Inductor DC resistance (R ) 0.3Q
Output capacitance (C) 220 uF
Load resistance (R) 36Q — 18Q
Sampling period (T) 2.5us
Prediction horizon (N) 8

N, 4
Move blocking coefficient (ny) 4
Allowable optimal switching elements (kpax) 7
Switching — weighting factor (/,) 0.05
Inductor current — weighting factor (4;.) 0.05
Minimum event frequency (fin —gT) 6.25%

As can be seen, increasing the trigger threshold ¢ significantly
reduces the computational effort of the controller during steady-
state operation. Additionally, increasing J also increases the output
voltage ripple and peak inductor current, and reduces the switching
frequency. The number of events increases as the difference
between the input and output voltage increases.

When events are not triggered, we are able to skip the
optimization problem for up to 16 time steps since the last event is
triggered (N; = 4, kyax = 7,0y, =4 — 4+ ((7—4) x 4) = 16).

The minimum event frequency possible for the buck converter is
found to be 6.25% computed by

1

if kmax > Nl
Jmin—ET = (1\1/] + (ke = N1 )r) (18)

if kmax < Ni

kmax

Furthermore, the minimum event average frequency is found to be
6.65% when the input voltage is 12V and the output voltage

Journal of Dynamic Systems, Measurement, and Control

reference is 3.3 V. The computational savings in this scenario are
realized by reducing the number of times the OCP is triggered by
93%.

To evaluate the harmonic performance of the proposed ET-MPC,
Table 6 summarizes the dominant ripple frequency, ripple RMS,
total waveform distortion (TWD), and peak-to-peak ripple under
steady-state operation at vy = 16 Vand v, rof = 5 V. TWD is defined
as

TWD = Vrzms - V12
Vi

x 100% 19)

where Vi is the total ripple RMS and V| is the RMS of the dominant
spectral component. As J increases, the dominant ripple frequency
decreases from 9.00kHz to 3.33 kHz, consistent with the reduced
switching activity reported in Table 5. The ripple RMS and TWD
both increase monotonically with d, from 16.44 mV and 63.17% for
TT-MPC to 52.62mV and 157.15% at 6 = 0.025, confirming that
the event-triggered strategy introduces additional waveform
distortion as a tradeoff for the significant reduction in computational
effort.

4.3 Step Changes in the Output Reference Voltage. Figure 7
shows the results for a step-up in reference voltage from3.3 Vto5 V.
The reference voltage is applied with a slew rate approximately
equal to 4V/ms. In both formulations, the inductor current and
switching frequency increase during the transition. The correspond-
ing quantitative results under different event thresholds are
summarized in Table 7.

Next, the output voltage reference is stepped down from 5V to
3.3V at 10ms. The response of the converter using both TT-MPC
and ET-MPC methods is illustrated in Fig. 8. Both control methods
enable the converter to reach regulation within 3 ms, with the latter
achieving comparable performance while requiring significantly
fewer computations. On average, the OCP is only triggered 9% of
the time duration when compared to TT-MPC. Another operation
occurs during the step down, in which the inductor current goes to
zero, allowing the capacitor to discharge into the load to reduce the
output voltage to the new reference voltage.

NOVEMBER 2026, Vol. 148 / 061011-7
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Table 4 Startup attributes summary

TT-MPC ET-MPC

Soft-start (SS) implementation NoSS WithSS NoSS WithSS

Overshoot (%) 40% 0% 40% 0%
Peak inductor current (A) 122 A 1.8A 122A 3A
Maximum f;,, (kHz) during startup ~ NA ~ 125kHz ~ NA 55kHz

4.4 Step Change in the Input Voltage (Line
Transient). Results for both TT-MPC and ET-MPC for a line
transient case are shown in Fig. 9. The input voltage is stepped down
from 16 V to 12 V at 10 ms after steady-state operation with v, ref set
to 5V. The line transient response of the converter in both
controllers is similar, showing that the converter is able to maintain
the output voltage within regulation. The event frequency decreases
during the transient is maintained at approximately 12%. An
additional note can be made about the TT-MPC controller, where it

061011-8 / Vol. 148, NOVEMBER 2026

experiences a lower switching frequency as the input voltage
decreases.

4.5 Response to Load Transients. The load resistance R is
reduced from 36Q to 18Q to simulate an increase in load demand.
The Kalman filter is used to estimate the measured inductor current,
output voltage and disturbance variables i, and v, which are fed back
to the controller to adjust the inductor current and output voltage
references and compensate for the load disturbance.

The output reference voltage is set to 5 V and the input voltage is
set to 16 V. The covariance matrices for process noise Q and
measurement noise R are assigned the values in the following
equation:

0 01 0 0 10
=10 0o 50 o R*{o 1} @0
0 0 0 50
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Table5 Event-triggerimpact on steady-state operation —results
summary

Table7 Voltage reference converter response for different event
thresholds

Event frequency:
Steady-state conditions 0 =0.00 6=0.015 06=0.025 6=0.035

vy =12V,v, =33V 100% 10.93% 7.95% 6.65%
vy =12V,v, =5V 100% 18.2% 11.33% 7.48%
vy =16V,v, =33V 100% 12.34% 8.16% 6.84%
vy =16V,v, =5V 100% 19.80% 11.98% 9.13%

Tracking error (V):
Steady-state conditions 0 =0.00 6=0.015 6=0.025 6=0.035

vy =12V,v, =33V 0.034V 0.033V 0.047V 0.064 V
vy =12V,v, =5V 0.066 V 0.053V 0.051V 0.053V
vy =16V,v, =33V 0.033V 0.029V 0.052V 0.053V
vy =16V,v, =5V 0.035VvV 0.039V 0.059V 0.050

Output ripple [Vp-p]:
Steady-state conditions 0 =0.00 6=0.015 6=0.025 6=0.035

vy =12V,v, =33V 0.048 0.116 0.161 0.219
vy =12V,v, =5V 0.086 0.135 0.171 0.210
vy =16V,v, =33V 0.060 0.101 0.163 0.163
vy =16V,y, =5V 0.055 0.128 0.193 0.165

Table 6 Harmonic performance summary under steady-state
operation (vs=16V, v, ei=5V)

Metric TT-MPC ET-MPC ET-MPC
(0 =0.015) (0 =0.025)
Dominant ripple frequency 9.00 4.12 3.33
(kHz)
Ripple RMS (mV) 16.44 38.26 52.62
TWD (%) 63.17 142.08 157.15
Output ripple, peak-to-peak 55.0 128.0 193.0
(mV)

The covariance matrices Q and R are selected based on the relative
confidence in the system model, disturbance dynamics, and
measurements. Specifically, small covariance values are assigned
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Event frequency 100% 23.5%
Voret =5V — 33V, vy = 16V
Transient time (ms) 3.5ms 3.5ms
Event frequency 100% 9%

to the physical states to reflect their dynamics, while significantly
larger values are used for the disturbance-related states to enable fast
adaptation to load variations and modeling mismatch; the
measurement noise covariance R is set to the identity matrix,
indicating moderate confidence in the voltage and current
measurements. In practice, the Kalman filter exhibits robust
convergence behavior, where moderate variations in Q and R
mainly affect transient estimation accuracy without compromising
the closed-loop MPC performance [15,54].

The results comparing the TT-MPC and ET-MPC controllers are
reported in Fig. 10. It can be seen that both controllers are able to
regulate the output voltage with no undershoot.

The ET-MPC controller is also evaluated for different event-
trigger thresholds. The waveforms in Fig. 11 illustrate a clear trend
that increasing the event-trigger threshold ¢ leads to lower event
occurrences and switching frequencies, while the peak inductor
current and the output voltage ripple become larger. Despite these
variations, the transient responses in all cases remain favorable, and
the converter successfully maintains voltage regulation as the load
current increases.

The results presented in this paper are based on simulation results,
which represent a limitation with respect to real-time experimental
validation. Nevertheless, the proposed ET-MPC framework is
developed with real-time implementation in mind and is suitable for
embedded platforms such as digital signal processors or micro-
controller units. Since the enumeration-based optimization is
executed only at event instants with a fixed and small prediction
horizon, the computational burden is significantly reduced, making
the approach feasible for the sampling period considered in this
study.
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5 Conclusion

This paper presents an ET-MPC strategy for a DC-DC buck
converter to reduce computational effort while maintaining fast
transient and steady-state performance. A four-mode discrete-time
model is established, and a Kalman filter is incorporated to enhance
state estimation and compensate for load disturbances. The
proposed output-error based triggering mechanism allows the
controller to perform online optimization only when the voltage
deviation exceeds a threshold, resulting in up to a 94% reduction in
computational effort at 6 = 0.035. Simulation results confirm that
the ET-MPC achieves similar regulation quality to the time-
triggered MPC with faster recovery, lower switching frequency, and
acceptable current peaks. The results demonstrate that the proposed
ET-MPC framework provides an efficient and reliable approach for

061011-10 / Vol. 148, NOVEMBER 2026

real-time control of power converters under varying operating
conditions. Future work will focus on experimental validation of the
proposed approach on a real-time hardware platform. Subsequently,
tradeoffs between prediction horizon length and control perform-
ance will be examined, along with systematic tuning of the
weighting factors and event-trigger threshold to achieve consistent
switching frequency under both steady-state and transient operating
conditions. In addition, comparisons with alternative event-
triggered control strategies, such as event-triggered sliding mode
control, will be considered in future experimental studies.
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