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Adaptive Kalman-Based Constrained Predictive
Control With Neural Estimator for a Noninverting
Buck—Boost Converter

Omid Asvadi-Kermani

Abstract—This article introduces an adaptive constrained model
predictive control (AMPC) method for regulating the voltage of
a noninverting dc buck-boost converter, capable of delivering up
to 48 W output. The approach incorporates constraints on the
control signal and its variations to minimize oscillations in both
input current and output voltage. The AMPC controller employs
a linear model, adaptively estimated via an online Kalman-based
recursive least squares algorithm. To efficiently manage the com-
putational demands of the AMPC algorithm, a dynamic neural
network (DNN), trained using AMPC controller data, is utilized for
control within a specific range of the output voltage’s steady-state
response. A constrained control variable tuning mechanism has
been applied to the output of the DNN to reduce the oscillations of
the steady-state response more efficiently. Experimental tests have
been conducted to assess performance under varying conditions of
reference voltage, load, and input voltage. Notably, the fluctuations
in output voltage are lower compared to the basic AMPC, another
constrained model predictive control, and a PI method. More
specifically, for the proposed method, the output voltage fluctuation
is about 72 %, the calculation time is about 75 %, and the minimum
energy loss of the switch is about 8.5-10% average less than the
basic AMPC.

Index Terms—Adaptive control, dynamic neural networks,
model predictive control, noninverting buck-boost converter,
steady-state response.

1. INTRODUCTION

C converters have been extensively utilized in various
D commercial and industrial systems for adjusting voltage
within different ranges [1] and managing output power [2],
owing to their advantageous characteristics and efficient per-
formance in recent years. For instance, these converters are
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employed in the low voltage and current spectrum to regulate
the output voltage of solar photovoltaic cells [3]. Given these
considerations, it is crucial to focus on maintaining the sim-
plicity and cost-effectiveness of the converter, while enhancing
its performance through the implementation of more efficient
control strategies. The noninverting buck—boost converter, no-
table for its effectiveness in both stepping up and stepping down
voltage and its straightforward design, has been the primary
subject of this study [4]. Its versatility allows for its applica-
tion in numerous fields, either independently or in conjunction
with other converters. Model predictive control is an advanced
method of control increasingly employed in recent years across
various applications [5], [6], including Microgrids [7], power
electronics converters [8], [9], and electrical drives [10] owing
to its desirable characteristics such as robust closed-loop stabil-
ity. Subsequently, an overview of the research focusing on the
implementation of this method, highlighting the existing gaps in
these studies will be provided. In [11], a dynamic, neural-based,
constrained model predictive control (MPC) was implemented
on an interleaved boost converter. The deep neural network
model utilized possesses a substantial number of parameters,
yet lacks an adaptive mechanism for online model parameter
estimation. Throughout the control algorithm’s execution, the
constrained optimization algorithm is executed repeatedly, re-
sulting in a significant computational burden on the control
board’s CPU. In [12], the unconstrained generalized predictive
control was applied to a noninverting buck—boost converter.
The model described therein represents the small-signal model
of the system’s input and output, without directly considering
the input current of the converter. The effectiveness of the
system’s model is crucial, as it significantly influences the
controller’s performance. This implementation does not impose
constraints on the control variable and its variations, leading
to unconstrained optimization. This approach could potentially
compromise system stability in the event of sudden dynamic
changes. Additionally, the output power and voltage tested were
notably low. In [13], an unconstrained MPC was implemented
on a noninverting buck—boost converter. The article highlights
the use of direct MPC (DMPC) to effectively eliminate the
dead zone in power electronics converters. DMPC stands out
for its ability to handle complex control challenges like plant
nonlinearities, multiple inputs, and objectives while ensuring
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optimal control without the need for a demodulator. This direct
control approach uses a more accurate model, which includes
switching nonlinearities, resulting in superior performance for
some dc converters compared to traditional methods. However,
DMPC’s major drawback is its high computational demand,
though this is somewhat offset by advances in processing speeds
and efficient computational techniques. Another DMPC draw-
back is that the switching pulses are limited to fixed sampling
times, which can restrict the minimum width of the pulses. Xiang
et al. [14] introduced an output-error-driven incremental MPC
(OEDIMPC) for buck converters. Unlike traditional methods,
OEDIMPC determines the optimal rate of change for the duty cy-
cle using a reduced-state output-error-driven prediction model.
This approach ensures zero steady-state error despite parameter
variations, enhances dynamic performance, and requires only
one voltage sensor without an observer. The exact model of the
system has been used without the online adaptive mechanism. In
[15], arobust MPC controller implemented on a float interleaved
boost converter, with its proposed control algorithm based on
robust model predictive control using convex hull approximation
was investigated in [16] the optimization algorithm includes a
constraint on the system output, but only steady-state response
is specified, and there are no results about inductors currents.
Table I summarizes relevant studies related to this topic in the
general form.

In [17], a model predictive controller was applied to a nonin-
verting boost converter. The controller utilized the exact nonlin-
ear state-space model, incorporating complex mathematics for
stability analysis and design. It is noted that the control signal
change, which remained unconstrained, the control signal itself
was designated as the argument of the cost function. This can
induce oscillations in the control signal. The control signal was
calculated using a noniterative closed-form formulation.

The primary focus of this research is to enhance the perfor-
mance of the proposed AMPC controller during disturbances,
while also minimizing computational load.

In order to make the research practical, the noninverting
buck-boost dc converter was chosen to check the results of the
controllers, it has a relatively simple structure with two switches
and two diodes with only one nonlinear state-space model with
two state variables that only It can be controlled with a control
variable. The challenges in this research are summarized as
follows. Due to the nonlinear nature of the system model, there
is a challenge in designing an MPC controller for the system and
analyzing its stability. Because MPC controllers depend on the
accuracy of the model, there is a challenge in achieving optimal
controller performance when there are significant changes in
system dynamics and in the presence of external disturbances
such as large input voltage variations. The fast dynamics of
the converter can lead to overshoot in the input current and
output voltage, as well as oscillations, which can increase the
energy loss in converter components. Another challenge is the
high computational load of the MPC method, especially when
implementing it in a constrained manner on the control board
processor. The main contribution of this article is the online
estimation of the system’s state-space linear model, including
output voltage and input current, using a recursive algorithm
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TABLE I
GENERAL INVESTIGATION OF SOME PREVIOUS WORKS

Ref Dynamic Complexity of the Controller

[18]  Dynamic Complexity of the Controller: The control method simplifies
design by integrating modulator and mode detection into one optimization
process, enabling smooth transitions between modes and reducing
complexity. However, its scalability and response to rapid load changes
need further exploration.
Robustness of the Controller in Presence of Disturbances: The
unconstrained MPC is used to handle voltage variations and disturbances,
ensuring stable output and protection against overcurrent. Yet, its robustness
against big load variations, switches energy losses, and long-term stability
under frequent disturbances, are less examined.

Dynamic Complexity of the Controller: Light implementation scheme for

ANN-based explicit MPC (LISABE) enhances EMPC with optimized data

and ANN structure, simplifying control but its adaptability to various

converters and complex goals needs more research.

Robustness of the Controller in Presence of Disturbances: The scheme

demonstrates robust control under disturbances through a predictive strategy

and an ANN trained with attention-based tree-search sampling, ensuring
stability. A broader analysis of its performance under various disturbances
and the long-term effects of such disturbances is needed.

[20] Dynamic Complexity of the Controller: The flying capacitor bidirectional
buck-boost converter uses a specific fixed frequency MPC strategy for easy
mode switching, but its suitability for larger systems requires more research.
Robustness of the Controller in the Presence of Disturbances: The
control strategy shows robust performance against voltage variations and
disturbances, ensuring stable operation of energy storage applications. Yet,
a deeper analysis involving real-world disturbances would better
demonstrate its practical robustness
Dynamic Complexity of the Controller: The study introduces an MPC

[21]  algorithm for the versatile buck-boost (VBB) converter that simplifies
control with a digital signal controller (DSC), needing further investigation
on scalability and transient response.

Robustness of the Controller in the Presence of Disturbances:

The MPC-based strategy is developed to be robust against disturbances,
adjusting to input voltage and load changes to maintain stability. However,
the analysis lacks depth on specific challenges like partial shading, with
room for further study on long-term impacts.

Proposed AMPC Method :

Dynamic Complexity of the Controller: The linear state space model of the
converter uses only 2 state variables for simplicity. The AMPC controller
minimizes calculation volume by reducing the control and prediction horizon. A
simplified DNN model replaces AMPC in steady state, cutting average
calculation time by 75% and reducing output voltage fluctuations by 72%.
Robustness of the Controller in the Presence of Disturbances: Adding the
KRLS online model estimation to AMPC has enhanced the controller's
performance against disturbances in both buck and boost modes. The proposed
controller was tested by simultaneously changing the load and input voltage by
100% and 50%, and by changing the load along with the capacitor and inductor
values by 100%.

[19]

based on the Kalman filter. This approach in the predictive
controller lessens the controller’s reliance on model accuracy
and enhances the stability and performance of the closed-loop
system, particularly during changes in system dynamics. In this
article, an iterative constrained optimization algorithm is em-
ployed in the target controller, which enhances the optimization
of the cost function. Furthermore, imposing constraints on the
control signal and its variations results in a smoother control
signal. This leads to reduced fluctuations in the state variables,
especially under varying operating conditions of the system.
Three experimental tests are conducted: changing the reference
output voltage (testl), the load (test2), and both input voltage and
load (test3). To lessen the computational burden of the proposed
AMPC, an estimated dynamic neural network model, developed
from the data of these three controller tests, is utilized as an alter-
native regulator within a certain range of the output voltage. This
substitution is particularly effective in the system’s steady-state
response, where the dc converter most often operates. In the final,
given that a sophisticated controller like constrained adaptive
MPC can effectively manage the buck—boost dc converter, it
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Fig. 1.  Circuit diagram of the noninverting buck—boost converter.

TABLE II
DC CONVERTER PARAMETERS, AND EXPERIMENTAL SETUP SPECIFICATIONS

Component Nominal Value
c 100 uF, 100 V

L 50 uH, Tnguctor = 0.05 Q
D, MUR1560, 15 A,

Sis IRFP250 ,Rps = 0.085 Q
R, (load) 10,20 O

HCPL3120 Mosfet Driver

Current Shunt 0.1Q

STM-F446RE,W5500 Control Board, f;,, = 40 kHz, Ethernet

is expected that approximating this controller using solely a
linear dynamic neural network (DNN) when applied to a real
system might result in discrepancies from the reference value.
These discrepancies are particularly noticeable in steady-state
mode due to changes in system conditions. To mitigate this
error, a corrective mechanism has been incorporated into the
DNN output. This mechanism involves adjusting the duty cycle
control variable based on the output voltage error and a constant
coefficient, thereby enhancing control precision. Comparative
results between the target controller, the basic AMPC, developed
MPC in [17] and a PI controller indicate that the target method
demonstrates lower fluctuations in output voltage and control
variable and lower energy loss in the switches, along with
improved adaptive estimation of the model. More specifically,
for the proposed method, the output voltage fluctuation is about
72%, the calculation time is about 75%, and the energy loss of
the switches is 8.5 to 10% on average less than the basic AMPC.
In the end, there is a key point. The AMPC method stands out
for its high flexibility. Both constrained AMPC and the DNN
model estimation of the controller rely on a data-driven models
designed to minimize the number of converter variables. This
approach can be applied to various types of dc converters with
different complexity.

II. SYSTEM MODEL DESCRIPTION

The schematic of the described noninverting buck—boost con-
verter has been shown in Fig. 1.

According to Fig. 1 and [17], it has been specified in the
described converter switch S; and diode D; are the main
components of the buck part and Sy and diode D, are the
main components of the boost part of the converter. The
specifications of the converter and the experimental setup
is specified in Table II. Considering that the main focus of
this research was on the efficiency of MPC control methods
for buck—boost dc converter, and not on the structure and
performance of the converter itself, it is rational to compare
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this research with related studies. The values of the converter
components were chosen according to [17] and existing
equipment. Input voltage ranges from 6 to 12 V, output voltage
ranges from 6 to 22 V, and maximum output power is 48 W.

A. Bilinear Model of DC-DC Converter

According to [17], the noninverting buck—boost converter
can be modeled as a discrete bilinear system. This model is
comprised of both a linear and a nonlinear part. All parameters
and variables represent real values. © = [ iz, UO]T is the state
vector. iy, is the converter’s input current and vo is the output
voltage of the converter. v is the modulation index and the control
that has the value in the range of 0-1. 77 is the sampling time
and, T, = f;j is the switching time. In this research, to better
compare the parameters related to the inductor and capacitor
values of the corresponding converter, Garcés-Ruiz etal. [17] has
been selected. To verify the selected parameters for the converter,
considering the switching frequency of 40 kHz, the equations
presented in [22] have been used that show minimum proper
value for the converters’ parameters for each buck or boost mode
that bigger values have been considered as the minimum value
in (1c) and, (1d), which will explained as follow. These values
have been chosen based on an output power of 48 W, a maximum
input voltage (V) of 12 V, and output voltages (vp) of 22 V in
boost mode and 6 V in buck mode. The bilinear state-space
model is shown in

—T, T, L
A= [Tls Ly, ],B {_(%‘ L}b (1a)
el 1 - R.C Tb 0 0
z(k+1) = Az (k) + Bu (k) z (k) + bu (k) (1b)

Tow VE(v0—Vy)

Shoog s Vo > Vg Degenerate to Boost

Lmin = N B
Towvd (Vg—v0)

2PV, V0 < Vy Degenerate to Buck

(o)

TswP(vo—Vy)

Ruged 0 VO >V, Degenerate to Boost

C’min = 5
Tivo(Vy—vo)

ST T, Vo < Vg Degenerate to Buck
g ‘

(1d)

B. Kalman-Based Recursive Least Squares (KRLS) Model
Estimation

According to [23], adaptive control methods are generally
classified into two broad categories. The first category includes
methods that enhance the controller’s adaptive performance by
updating the parameters of the model used in the controller’s
design. The second category consists of methods where the
controller’s parameters are updated over time, either online,
or offline, in response to changes in system conditions. The
recursive least squares method (one step ahead method) stands
out as a model estimation method. It is advantageous because
it can be implemented online, requires a small amount of data,
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and offers faster convergence. This method is particularly ef-
fective when combined with techniques like the Kalman filter,
making it suitable for estimating the model of power electronic
systems with rapid dynamics. The nonlinear model (1) has been
discussed in the previous section possesses two advantageous
features: its discrete nature and the incorporation of two primary
state variables, which are controlled by a single signal. However,
a significant challenge arises due to the inclusion of a nonlinear
component, which complicates the design of controllers and
stability analysis, and increases the number of model parameters.
This article proposes an innovative approach to address these
issues, aiming to enhance the model’s adaptability under varying
working conditions and to reduce the controller’s reliance on
precise model accuracy. The solution involves estimating the
system’s model in real-time through a time-varying linear state
space model, as depicted in (2), employing a KRLS algorithm.
This method facilitates a quicker convergence of estimated
parameters to stable values, unlike conventional approaches that
rely on a forgetting factor and experience diminished estimator
effectiveness as the covariance of estimated parameter errors
decreases. The Kalman filter method, therefore, maintains its
dynamic capability for rapid model estimation even after the
system stabilizes. This remains effective even in the face of sud-
den and significant changes in system dynamics, as referenced
in [24]. It should be mentioned that the implementation of the
MPC on the linear state-space model (2) has less complexity
and has easier stability analysis. aq, .., a4 are elements of the
state-space (2) A matrix and b; and b, are elements of input
matrix b

o e | R R L R
Ornew = O + K (2= 2), @ =97 Oy

K = %7 Pnew = Lold +R1 - Kd}TPOld (3)

0, = [AID)]", ¢ = [z|u]" , u — control variable

where 6 is the parameters matrix, K is the Kalman vector, ¢
is the regression vector, and R, * P and R; are the covariance
matrix of the estimated parameters and their changes, respec-
tively, that have specified in (3). Ry and Ry are determined by
repeating practical three test results that have been described in
the introduction section properly.

III. PROPOSED COMBINATORIAL AMPC CONTROLLER
A. Basic Constrained AMPC

MPC is an advanced control technique [23] increasingly
utilized in power electronics applications due to its straightfor-
ward mathematical framework, robust stability, compatibility
with discrete data-driven models, and feasibility for constrained
implementations. In this article, constrained MPC is applied
to the linear estimated state-space model, as described before,
using the KRLS algorithm. The change in the control variable is
employed as an argument in the cost function, with an inherent
constraint to enhance the smoothness of the control signal and
bolster stability. Additionally, a constraint is placed on the
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control variable to ensure that control output remains within an
appropriate range, further aiding stability, as discussed in [25]

Hp, Hc =5 — Prediction and Control Horizon

“4)
Xp=S5(A,b,x, Au, Hp, Hc) — Prediction Model

J=(Xp — Ref)" Wx (Xp — Ref) + UTW,U
— Cost Function

0 < <
{Aumm >~ AU)MPC >~ Aumax N U(k 4 1|k + HC)
Umin S umpc S Umax

) Receding Horizon
%

U (k+1|k+Hc Auypc (k+1) =U (k+1)
A Upin = —0.01, A Umax = 0.01, Upmin = 0, Umax = 0.7
(5)

Hp, Hc = 5 are prediction and control horizons. Xp is the
vector of the predicted output using the SS state-space model (2)
in the prediction horizon. Where W and W, are the weighted
diagonal matrices of the output and changes in the control
variable in the cost function. By increasing the value of W, the
optimization algorithm will effect more on reducing the steady-
state error of the output, and by increasing the value of W,
The optimization algorithm prioritizes softening the fluctuations
in the control signal. This is achieved through the numerical
solution of the cost function, which employs the sequential
quadratic programming algorithm, limited to a maximum of 50
iterations. The parameters for the weight matrices were deter-
mined by conducting repeated experiments and evaluating the
outcomes, thereby striking a balance between the two described
issues. Furthermore, the parameters relevant to prediction and
control horizon, as well as associated constraints, are established
similarly. A significant increase in the constraint on the control
variable can lead to a substantial overshoot and potentially
prevent the output from converging to the reference value. In this
study, it can also complicate the comparative estimation process
of the model. Reducing this parameter increases the permanent
error of the output relative to the reference value. Regarding the
restriction applied to the changes in the control variable, if this
parameter increases excessively, it will cause fluctuations in the
control variable, output voltage, and input current. It can also
widen the fluctuation range of the estimated model parameters
and decrease the accuracy of the DNN equivalent model of the
AMPC controller, thus increasing total energy waste. Given the
data-driven nature of this research and the numerical constrained
optimization mechanism in the AMPC controller, there is no
closed formula for calculating the constraints. These parameters
and weight coefficients have been determined through repeated
tests to achieve the desired results. In this research, the online
sequential quadratic programming algorithm (SQP) is utilized
for constrained optimization of the cost function in the controller.
The rationale behind selecting this method is outlined below.
First, due to its reliance on gradient reduction, the method
boasts enhanced speed and accuracy. Second, even though the
converter model is estimated online using a linear approach, it
fundamentally operates as a nonlinear system. Given that the
converter’s measured data is employed for model estimation in
the target AMPC controller, an optimization algorithm based on
gradient reduction, such as online SQP, proves to be a suitable
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TABLE III
EXPERIMENTAL TESTS SCENARIOS, Ts = 1 MS

Basic AMPC for DNN Model Estimation

Test Vier(V) R (Q) Ve(V)
Reference 14.5(t=0.65-1.34) 10(t=0.65-1.34)  12(t=0.65-1.34)
Changing (1)  6(t=1.34-2.06) 10(t=1.34-2.06)  12(t=1.34-2.06)
22(others) 10(others) 12(others)
Load 22(t=0.70-1.35) 20(t=0.70-1.35)  12(t=0.70-1.35)
Changing(2)  22(others) 10(others) 12(others)
V, and load 14.5(t=0.67-1.27) 20(t=0.67-1.27)  6(t=0.67-1.27)
Changing (3)  14.5(others) 10(others) 12(others)
Proposed AMPC with Estimated DNN Controller
Reference 14.5(t=0.66-1.36) 10(t=0.66-1.36)  12(t=0.66-1.36)
Changing (1)  6(t=1.36-2.06) 10(t=1.36-2.06)  12(t=1.36-2.06)
22(others) 10(others) 12(others)
Load 22(t=0.47-1.06) 20(t=0.47-1.06)  12(t=0.47-1.06)
Changing (2)  22(others) 10(others) 12(others)
V, and load 14.5(t=0.59-1.25) 20(t=0.59-1.25)  6(t=0.59-1.25)
Changing (3)  14.5(others) 10(others) 12(others)

choice. It should be mentioned that the constrained optimization
is done during the prediction horizon. As the prediction horizon
increases, the accuracy of each element of the argument vector
of the cost function (4) increases and it uses the prediction
model to calculate model output during constrained optimiza-
tion. According to [11], according to the law of the receding
horizon (5), only the first element of the argument vector is
used to calculate the control variable in each iteration. Larger
prediction and control horizon values result in more information
from the online estimated model response. Since the model used
in AMPC is updated in each iteration of the control loop, this
work leads to the improvement of the controller’s performance.

B. Offline DNN Estimation Using Basic Constrained AMPC
Data and, DNN Output Tuning Method

One of the main goals of this research is reducing the com-
putational demands of the proposed controller. To this end, a
linear DNN model has been developed as an alternative to the
predictive controller in the specific range around the reference
value, especially during the system’s steady-state response. The
necessary data was collected following the application of the
basic AMPC on the system and the DNN-based AMPC method,
as detailed in the three tests presented in Table III. The reference
voltage changing test has been done for 2.96 s and load and V
changing tests have been done for 1.96 s for all methods. This
study aims to address the practical and industrial applications of
the converter and its control algorithm by taking into account the
operational conditions of the converter, including the maximum
and minimum input load and voltage values. To ensure the offline
estimated DNN model for the AMPC controller achieves high
accuracy and functions effectively across various operational
ranges, the test scenarios outlined in Table III were carefully
chosen to cover the full spectrum of the converter’s intended
performance. After estimating the neural network model, a
mechanism has been introduced for switching between the
dynamic neural network model and the constrained predictive
control. This switch is initiated when the output voltage reaches
within 20% of its reference value. Given the fast dynamics
of the converter and the need to minimize fluctuations in the

2905

i (k-1)
vo(k=1) |—-
V, (k=1)

[u(k = 1)}—£

(44—~ b (+ e —luth

PURELIN POSLIN

Layerl Layer2

Fig. 2. Block diagram of the estimated DNN model.

control signal, the dynamic neural network model, which more
accurately represents the actual system, has been utilized in this
study.

For the simplicity of the model, a two-layer dynamic linear
neural network (see Fig. 2) with five neurons between both
nodes, a total of 25 parameters (hidden layer weights and bias
Wi, W., b,,;), and six parameters (output layer weights and bias
Wi, by,;) in the second layer is considered in (6). In the first
layer, the activation function is pure linear and in the second
layer, it is positive linear. According to the usual routine of
neural network estimation [11], 70% of the data was for training,
15% for validation, and 15% for model testing. The model was
estimated using the Levenberg—Marquardt (LM) algorithm, with
the estimation cost function being the average sum of squared
estimation errors. As illustrated in Fig. 3, the model’s accuracy
for all three data groups was approximately 99%. The model
inputs are the converter’s input current, its output voltage, and the
voltage reference value. The DNN output is the control variable
for the duty cycle of the switches

u(k+1) = DNN (u(k),v, (k) ,ir (k), Vrey,
Wi, Wi, W, buis but) (6a)

| | Ureal — Uestimated | |

R=1-

(6b)

||ureal — Umean of real data” '

The R parameter indicates the fit of the DNN model’s output
to the real data, which is more than 99% according to Fig. 3(a).
Choosing the first-order DNN dynamic model for the equivalent
controller, unlike the feed forward ANN where the output at
each moment depends on the input at the same moment, results
in a smoother model output and reduces the impact of outliers
and measurement noise. Additionally, the data used to estimate
the DNN from the AMPC controller is collected from the real
system using the KRLS one-step-forward algorithm to estimate
the system model. Using the KRLS regression algorithm effec-
tively reduces the impact of outlier data and measurement noise,
resulting in cleaner data overall.

Fig. 3 shows that the model was correctly estimated using
the LM algorithm in only eight epochs. The gradient of the
estimation error has converged to a small value and the adap-
tation parameter p has reached its maximum value in eight
repetitions, which means that the estimation of the model has
been as accurate as possible [11], which is the result of the
estimation of the model for four categories of training and
validation data training and total data confirm that matching
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rate of model output data with real converter data is about 99%.
According to [26], Opm is a vector of parameters. V; is the
total number of samples and  is the total number of parameters.
Jrm 1s the Jacobian matrix of the estimation error, which aims
to estimate the minimization of the function V' (fLy) (the mean
square of the estimation error). VV (fpy) is the gradient matrix
of estimation error and V2V (1) is the Hessian matrix. p is
the learning coefficient of the network, which has an important
effect on the convergence of parameters. This coefficient is
adjusted according to the interval defined for it during network
training. A(fpv) is the result of the LM algorithm in each step.
Overall equations of the LM algorithm are described as follows
(7) the DNN model estimation has been done in MATLAB:

N 2(p
V(6im) = W, Oim =DNN (Wi, Wi, bui, Wi, basi)
t
(&3 (HLM) = Ureal (k) — Uestimated (k)
VV (6um) = Jim (Oim) € (Oum)
V2V (6im) = Jiy (Oim) Jim (Oim) + S (Bim)

Ny
S (9LM) = Z €; (9LM) Vzei (9LM) (7a)
i=1
dey Oey dey
00Lm,1 O0um,2 T 00
deo Oes Oes
90m,1 vz T O0imn
Jim (Om) = — Jacobian
86Nt SeNt 65Nt
90m,1 9Om, 2 M, n
S(01,01)~0
—
A (im) = [Jin (Bim) Jin (Giam) +pI) ™ Ty (Bim) € (Bim)
— LM New = Oum,01d + A (Oim) -

(7b)

According to the previous section, it is understood that a com-
plex controller like constrained AMPC is effective in managing
the buck—boost dc converter. However, when this controller
is simplified to just a linear DNN for implementation in a
real system, discrepancies may arise compared to the reference
value. This is particularly noticeable in steady-state mode due to
changes in system conditions. To mitigate this error, a regulation
mechanism has been incorporated. This mechanism relies on
the output voltage error and employs a constant coefficient to
refine the adjustment of the duty cycle control variable in the
DNN output. Additionally, the control signal constraint, which
is a feature in the constrained AMPC method, is also integrated
into this regulation mechanism. Below the equations pertaining
to this method are described in (8). k. and k., are constant
coefficients of the control variable tuning

if ((e (k) =Vyer —vo (k)) >0)
upnN (k41) =min (max (u (k+1)+kee (k) , Umin) , Umax)
else
upnN (k+1) = min (max (u (k+1) +kene(k), Umin) ;s Umax) -
()
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According to (8), and (9), it is evident that the performance of
this mechanism depends on adding or subtracting a value from
the DNN output control variable to minimize the steady-state
error of the system. This is particularly crucial when the
system encounters undefined disturbances. To enhance this
mechanism’s performance, the adjustment factor for the positive
and negative time of the output voltage error differs from the
reference value. This change increases the mechanism’s degree
of freedom. The reason is that the adaptive model’s estimation
part, which uses the Kalman filter and the constrained AMPC
controller, relies on the real-time numerical solution of their
respective equations, as there is no preformulated package
solution available. The selection of coefficients k.., k., for the
proposed mechanism in this section involves repeated tests and
examination of experimental results. These results are within
20% of the output voltage error compared to the reference
value, which aligns with the activation range of the DNN-based
mechanism mentioned in the previous section. This method aims
to minimize the error and fluctuations in the output voltage’s
steady-state response. If the value of these coefficients increases
excessively, the response will become more fluctuating due
to the expanded range of the control variable for the output
voltage. Conversely, if their value decreases significantly, it may
lead to an increased error in the output voltage compared to the
reference value. Additionally, the upper and lower limits of the
control variable have been implemented in the proposed mech-
anism, as outlined in Section III-A, using the min-max function

k. = 0.002
{km = 0.002. ©)

The proposed AMPC method diagram is shown in Fig. 4.

To summarize, the final value of the control variable is de-
termined by choosing between the outputs of the adaptive con-
strained AMPC controller, detailed in (4) and (5) and illustrated
in Fig. 4, and the DNN model presented in (8). Additionally, the
method for calculating the pulse-width modulation (PWM) duty
cycle of the switches is outlined in

if (Jvo = Vier| > 0.24Vier) = upwm = tmpc (102)
a
if (Jvo = Vier| <0.2% Viep) = upwm = UDNN

Z:f (Vier £ Vy) = us1 = usz = upwm (106)
if Veer > Vy) = us1 = 1, usa = upwm

where upyw i is the main control variable of the two switches;
ugy and, ugs are the control variables of each switch. According
to Fig. 4, the proposed AMPC method maintains switch S/ in
the closed state in boost mode to effectively reduce switching
losses and stabilize input current fluctuations, thereby ensuring
quicker convergence of the output voltage to the desired value.
The state-space model described in (1) significantly simplifies
control computations by allowing both switches to be controlled
with a single variable, offering a substantial advantage [17].
Within the AMPC controller, imposing constraints on the control
variable enhances the system’s stability. The control variable’s
changes constraint at each step, results softening the output
voltage and control variable, which helps reduce inrush current
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Fig. 4. Proposed AMPC method (a) block diagram and (b) flow diagram.

during the converter’s transient responses and prevents voltage
overshoot.

Two points need to be addressed. First, as noted earlier [24],
the adaptive mechanism in controllers is based on the online
state-space model (2) estimation using the KRLS algorithm,
that results improving system robustness in presence of big
dynamic changes and disturbances. Selecting the control vari-
able’s changes, Auypc as the main optimization argument in the
cost function (5) boosts controller performance by smoothing
changes in the control variable during disturbances. By ad-
justing the weight coefficients in (5) offline through repeated
tests, as shown in Table III, the controller maintains optimal
performance within the considered working range. Second, the
selected KRLS algorithm for online model estimation is a fast
and recursive method with minimal computational demand. It
is deployed alongside the AMPC during the system’s transient
response to changes in reference, load, or input voltage, ensur-
ing the controller’s effectiveness. When the converter’s output
voltage aligns closely with the reference value and the system
stabilizes, control shifts to the DNN model, which adjusts the
output based on voltage error. However, the KRLS algorithm
remains active, continuously estimating the system’s state-space
model, ensuring that the model used by the AMPC is always
ready to maintain optimal performance, even when the system’s
operational mode changes.
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This study is entirely data driven. It specifically utilizes real
system data for both the adaptive mechanism of model estima-
tion in the AMPC controller and the DNN model estimation,
including its output adjustment mechanism. Experimental data
from the actual system was employed throughout to present the
results and conduct all analyses. To further validate the efficacy
of the proposed control method, computer simulations were
performed using Simulink. Fig. 3 illustrates the outcomes of two
tests: changing the reference output voltage and simultaneously
altering the load and input voltage for both the standard and
proposed AMPC methods using estimated DNN. Fig. 3(d) and
(e)’s simulation data for the reference value change test shows
that with the basic AMPC method, the output voltage fluctuation
reaches 2 V at a 22 V reference, and 1 V at 14.5 and 6 V
references. However, with the proposed method, the fluctuation
range narrows to 0.5 V=0.6 V for these reference values. In the
load and input voltage change test, the standard method exhibited
about 1 V of fluctuation at a 10 €2 load and 12 V input, and
1.5 V=2V ata20 Q2 load and 6V input. Conversely, the proposed
method maintained a consistent fluctuation of about 0.5 V.

IV. EXPERIMENTAL RESULTS

The experimental setup consists of two main components: a
noninverting buck—boost converter and a control interface, along
with the associated hardware, as depicted in Fig. 5.

A. Main Tests

According to Table III, the proposed combinatorial adaptive
constrained MPC has been implemented in the system. The
experimental outcomes for the three tests are detailed, encom-
passing changes in reference voltage (test 1), load variations
(test 2), and both input voltage and load changes (test 3). It is
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important to note that in all three tests, the timing of the changes
is arbitrary, and the control algorithm is unaware of when these
changes occur. In other words, these changes are not modeled in
the controller. The aim is to make the conditions of the laboratory
setup as similar as possible to the operating conditions of real
systems. In real systems, only the variation range of the reference
voltage, load, and input voltage is known in their operational
chart. Even the input dc voltage source is not ideal.

Test 1 describes about altering the value of the reference
voltage to assess the controller’s performance in both boost and
buck modes. Test 3 presents the most significant challenge, as it
involves simultaneous changes in the input voltage and load. Due
to the nonlinear relationship of the converter’s state variables,
maintaining the controller’s optimal performance during this test
is crucial. These results have been compared with those obtained
using the basic adaptive constrained MPC. The comparative
findings are presented in Fig. 6.

In the basic AMPC method (for example in [12]), the numeri-
cal solution of the optimization algorithm causes fluctuations in
the control signal each time the control algorithm is executed.
This is due to the cost function’s argument having a value, lead-
ing to increased fluctuations in both the input current and output
voltage of the dc converter. In contrast, the proposed method
utilizes an estimated DNN model in place of the controller
for the system’s steady-state response. Based on its dynamic
nature, this approach results in smaller changes and significantly
reduced oscillations in the control signal compared to the basic
AMPC also it causes smooth transient especially in the changing
between boost and buck mode according to Fig. 6. Consequently,
the control signal converges to a specific value, and the input
current fluctuations of the converter are diminished. Regarding
the output voltage, the average fluctuation is approximately
1.3 V (72%) less than that of the basic method across the
three described tests and the maximum oscillation domain of
the output voltage around the reference value is about 0.5 V.
Additionally, the proposed method’s model estimation algorithm
KRLS [see Figs. 6 and 7(b)], achieves fast model estimation
with fewer oscillations. Also, the binding mechanism of control
variable adjustment has helped to reduce the steady-state error
of the system as much as possible compared to the reference
value. In terms of the peak input current of the system, due to
the constraint on the control variable and its changes, for the
basic AMPC method, this value is about 7.2 to 8 A for the 22 V
output, and for the proposed AMPC method, this value is about
6 to 7 A. For the output of 14.5 V, this value is about 4.5 A for
the basic method and 3.5 A for the proposed method. Based on
Fig. 6(c), it is clear that for both main controllers and during
the test of simultaneous changes in input voltage and load, the
amplitude of output voltage oscillations in the proposed method
is about 1.2 V less than in the baseline method. In the system’s
transient response at the beginning of the test, due to the output
voltage change from 10 V to 14.5 V, the response is quick,
and the overshoot in the baseline method is small. To better
demonstrate the performance of the proposed controller, this
figure is zoomed in. In the system’s transient response (reducing
overshoot about 1.5 V) during load and input voltage changes,
which are distinguished by green lines in the relevant figure,
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Fig.6. Basic and proposed combinatorial constrained AMPC methods results:
(a) reference voltage changing, (b) load changing, (c) input voltage and load
changing tests, and (d) estimated model parameters using the proposed method.

the positive effect of the proposed method on improving the
system’s response is clearly shown.

Fig. 7(a) illustrates the poles of the discrete state space model
for the real closed-loop system, derived in real-time from the
state and control variables. It is noted that these poles, as
computed by MATLAB for the closed-loop model, are con-
sistently real-valued and located within the unit circle for all
three conducted tests. This indicates a maintained stability of the
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closed-loop system with respect to [27]. Furthermore, the mech-
anism proposed emphasizes the system’s steady-state response
over its dynamic response within a specific range close to the
reference value. To minimize computational effort, an offline
estimated DNN utilizing AMPC data within this operational
range supersedes the existing algorithm. According to [27], it
is mentioned that the closed-loop system’s poles [see depicted
in Fig. 7(a)], indicate an absence of inherent oscillation in
response to step inputs. Oscillations in this system’s output,
when employing model-based controllers, stem solely from
input fluctuations, implying they can happen at the steady-state
response. In contrast, the traditional AMPC method, which relies
on constrained numerical optimization for computing control
variable changes at each iteration, inherently experiences fluc-
tuations because of that mechanism. However, substituting it
with DNN, a first-order dynamic model, helps in reducing the
variation of the control variable, thus stabilizing output voltage
fluctuations to a consistent value. The DNN output adjustment
mechanism based on the output voltage error from the reference
value also helps to reduce the steady-state error.

Fig. 7(c) and (d) presents the Bode plot for the estimated pa-
rameters of the system’s discrete state-space model. These plots,
sampled every 100 data points at the highest frequency range
according to the Nyquist criterion 7/Ts, demonstrate stability in
both gain and phase within the designated frequency range [27].
Both the basic and proposed AMPC methods ensure positive
phase and gain margins in the Bode diagrams, indicating the
stability of the discrete model within the specified frequency
range. The proposed method shows slightly higher phase and
gain margins. Furthermore, the consistent response of the Bode
diagrams in the proposed method across different time samples
of the estimated state-space model suggests less variability in the
estimated model parameters across the three tests, indicating a
more uniform frequency response of the closed-loop system.
This consistency highlights the superior performance of the
adaptive mechanism in the proposed AMPC method. These
figures also identifies optimal points for calculating the phase
and gain margins. Fig. 7(e) presents the Nyquist diagram for
the discrete model of the closed-loop system. According to
the Nyquist stability criterion, for a closed-loop system to be
stable, the Nyquist plot must not encircle the point (-14j0).
Additionally, the number of clockwise encirclements of the point
(-1+j0) by the Nyquist plot must equal the number of poles of
the open-loop transfer function that are outside the unit circle
in the z-plane. The Nyquist diagrams, combined with Fig. 7(a)
showing that the poles of the discrete model are inside the unit
circle for all three tests, confirm that Nyquist stability has been
established in this research.

Fig. 7(f) shows the output voltage from the nonideal dc power
supply in the experimental setup, which deviated from ideal con-
ditions. In the three loaded tests, the maximum voltage fluctuated
between 11 V and 12.5 V. Despite this, the controllers managed
to stabilize the output voltage effectively. The proposed AMPC
method has reduced the input voltage fluctuations during the
operation of the dc converter, thereby increasing the lifetime of
the dc power supply between 11 V and, 12.5 V. Despite this, the
controllers managed to stabilize the output voltage effectively.
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The proposed AMPC method has reduced the input voltage
fluctuations during the operation of the dc converter, thereby
increasing the lifetime of the dc power supply. One essential
requirement for bounded MPC methods, especially in power
electronic converters, is that the control board’s processor must
have sufficient processing power. This is crucial to complete
the control loop quickly, given the system’s rapid dynamics. As
technology has advanced, processors have become more power-
ful and compact. However, their thermal power generation has
increased, leading to gradual CPU deterioration over time. This
study notes that since a converter predominantly operates in its
steady state, using a linear neural network model for the AMPC
control in this mode significantly reduces the computational
load. To enhance the practicality of the research, an affordable
STM32 board with an F4 processor operating up to 180 MHz and
costing about $16 has been used. This board, ideal for interfacing
with PC computers through a compatible module, leverages an
ARM microcontroller. By using MATLAB’s code generation
toolbox, control algorithm codes were efficiently translated from
MATLAB to C language and uploaded to the board. For future
advancements, upgrading to more sophisticated boards with F7
or H7 processors, which offer higher CPU frequencies, might
boost control method performance. This reduction is primarily
observed during the system’s transient response, where imple-
menting the constrained AMPC control algorithm is crucial.
Lowering the computational load also decreases the energy
consumption of the control hardware. From the perspective
of reducing the computational burden, the proposed method
generates about 93.7% of the total 6892 needed control variable
(duty cycle) values using the DNN model, with only 6.3% gen-
erated by the constrained AMPC mechanism in three reference,
load, and input voltage changing tests. Adaptive online model
estimation is effectively implemented in both controllers. The
total sampling time (Ty) in this research includes three parts: 1)
measuring the input current and output voltage of the converter,
2) executing the control algorithm, and 3) generating PWM
signals. To compare the four controllers implemented on the
converter, the total sampling time for all methods is 1 ms. The
average time required to run the AMPC algorithm based on the
experimental setup is 438 us. The time required to execute the
proposed AMPC method is 106 us, about 75% less than the
traditional AMPC method.

In the following analysis, the performance of the proposed
controller is compared with that of a PI controller. PI controllers
are widely used to control many dc converters due to their
simple implementation and minimal computational demand. In
this study, the PI controller is designed based on the Bode and
Nyquist diagram of the closed-loop system for the proposed
AMPC, as shown in Fig. 7(c) and (f), and, using [27], [28]. In [28]
the developed method approximates the derivatives of amplitude
and phase responses of a plant model by Bode’s integrals, elim-
inating the need for an actual plant model. This approach helps
adjust the slope of the Nyquist diagram to enhance closed-loop
performance. Additionally, these derivatives aid in calculating
the gradient and Hessian for a frequency criterion in iterative PID
tuning. The frequency criterion is the total squared difference
between the targeted and actual gain margin, phase margin,
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Fig. 8. Reference, input voltage, and load-changing tests results for the PI
controller.

and crossover frequency. This method utilizes the advantages of
closed-loop system characteristics such as gain margin, phase
margin, and crossover frequency. Because the converter has fast
and nonlinear dynamics, in order to reduce the fluctuations of the
output voltage and the control variable, the derivative coefficient
of the controller is set equal to zero and the controller is applied
in the form of PI on the converter. According to what was
described, by repeating the tests and checking it for the real
system, the coefficients of the proportional and integral parts
of the PI controller are equal to kp = 0.02 and, k; = 0.0075,
respectively.

However, the PI method has several disadvantages, including
the limited capability to consider constraints on the control
variable and adapt to changes during the computation of the
control signal. It also offers a low degree of freedom and presents
a challenge in adjusting the controller parameters to achieve
optimal performance. This is while ensuring the convergence
speed of the output to the reference value remains efficient across
different modes, which is particularly challenging for nonlinear
systems. Also, the presence of constraints on the control variable
and its changes in the target AMPC controller helps the stability
of the closed loop system.

Fig. 8 indicates that with a reference value of 22 V, the
fluctuation range is approximately 2.5 V. When the reference
is changed to 14.5 V, the undershoot is about 4 V, and the
fluctuation range is around 1.3 V. Entering buck mode with a
reference voltage of 6 V results in both overshoot and undershoot
within a 4-V range, accompanied by fluctuations of about 3 V.
During the load change test, with an input voltage of 14.5 V, the
overshoot for the reference is 2.5 V, and the fluctuation range
is approximately 1.3 V. For the PI method, due to the absence
of restrictions on the control variable and its changes, the peak
input current for the output voltage of 22 V is about 9 to 10 A,
and for the output voltage of 14.5 'V, this value is about 6 A.

In order to clarify the performance superiority of the proposed
combinational AMPC controller, the results of two challenging
tests 1 and 2 have been applied to the controller proposed in
research [17], and their results are shown in Fig. 9. Parameters
of this controller are also selected according to [17]. According
to Fig. 8 and [17], following points can be stated.
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1) Intherelevant control method, the calculation of controller
coefficients depends on the precise model of the system.
When the setup and working conditions of the system
change, the results differ even if the converter parameters
remain the same. However, in the proposed method, model
estimation is performed online.

2) Constraints on the control variable are limited to its upper
and lower limits, while its changes are unrestricted. This
has led to fluctuations within a relatively large range
at certain times in the control variable. Moreover, cal-
culations during the prediction horizon are confined to
forecasting just the next step, providing limited insight into
the system’s future behavior under the desired working
conditions.

3) For optimal controller performance, accurately calculat-
ing not only the reference value of the output voltage but
also the reference values for the input current and the
control variable is necessary.

4) The results from related research indicate that in boost
mode, the output voltage of the converter fluctuates within
arange of 4 V=5.5 V when the input voltage is increased
by 1.5 to 2 times. As depicted in Fig. 9, during test 2
(which involved a change of load) with an input voltage
of 12 V a reference voltage of 22 V under normal con-
ditions, and a 10 {2 load, the output voltage’s maximum
fluctuation was approximately 4 V, which is less than the
reference value. Upon increasing the load to 20 2, the
output voltage exhibited an overshoot of approximately
5.5 V compared to the reference value. In test 3, where
there was a simultaneous change in load and input voltage,
with an input voltage of 12 V and a reference voltage of
14.5 'V, the maximum overshoot in output voltage was
5.5 V. After altering the input voltage to 6 V and the load
to 20 €2, the maximum undershoot value in the output
voltage is 4.5 V. These fluctuations primarily stem from
the controller’s dependence on an accurate system model,
a limited prediction horizon, and challenges in selecting
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TABLE IV
EXPERIMENTAL RESULTS OBTAINED BY DIFFERENT METHODS, TS = 1 MS

Test S5, S L Resistive  Sum of Squares vo (V) ir (A) Mean of
Resistive Energy Error of vo(V) Maximum Maximum Computational
Energy Losses (J) Oscillation Oscillation Time (us)
Losses (J) Domain Domain
Basic AMPC
Ref Changing 2.49,0.68 1.46 7591.9 1.8 8
Load Changing 2.09,0.57 1.23 4503.4 1.8 8 438
Vg and load Changing 0.71,0.19 0.42 1253.9 2 4.7
DNN-based Proposed AMPC
Ref Changing 2.33,0.56 1.37 4261.3 0.5 7
Load Changing 1.97,0.50 1.16 1033.3 0.5 6.2 106
V, and load Changing 0.64,0.15 0.37 228.34 0.5 3.84
PI Controller
Ref Changing 3.26,1.04 1.92 7437.1 2.5-3 10
V¢ and load Changing 0.96,0.28 0.56 594.33 1.3 7 69
Ref [17]
Load Changing 2.07,0.59 1.83 16641 4 5.9
V. and load Changing 0.73,0.17 0.49 18010 5.5 6 84

the correct reference values for output voltage, control
variable, and input current.

In this research, the primary goal is to examine the impact of
control methods on the converter’s performance. Consequently,
the energy consumption analysis has been conducted in a general
manner.

To elucidate the effects of the control methods on the con-
verter’s performance, the efficiency [29] ( 7gnerey = %’m‘ ) was
determined by calculating the ratio of output energy E, to input
energy Ej, for the basic, proposed AMPC methods, and the PI
controller, as illustrated in Fig. 10(a). This efficiency is based
on the total input and output energy for each of the three tests.

Fig. 10(a) shows that the total performance efficiency of the
converter for the proposed AMPC method is 2.5% to 3% higher
than the basic method and about 10% to 15% higher than the
PI method. Fig. 10(b) shows that for the constrained AMPC
method, the target of the average dissipated resistive energy of
the switches is about 8.5 to 10% less than the basic method.
Also, the average energy dissipation of the inductor for the
proposed method is about 8.3% less than the basic method.
According to [29], a minimum efficiency of 80% for a noninvert-
ing buck—boost converter is generally acceptable, especially in
applications where the design prioritizes cost-effectiveness and
simplicity over maximum efficiency. The efficiency for AMPC
controller is more than 93.5%. Additionally, Fig. 10(b) illus-
trates the impact of reduction in output voltage fluctuations and
input current after implementing the proposed AMPC method
compared to the basic method on the resistive energy dissipation
in switches S; and Sz ( Rps = 0.085 ) and, the inductor L
( Tinductor = 0.05 §2). Also, Table IV demonstrates that, for the
proposed method across the three tests conducted, the switches’
resistive energy losses are lower than those specified with the
other three controllers. The discrepancy in output voltage rel-
ative to the reference value (encompassing both transient and
steady-state responses) is also lower. Additionally, the maximum
amplitude of output voltage fluctuations is reduced compared to
the other three controllers. This improvement is evident from an
overall control point of view [17]. However, in the output power

range of 10.5 W to 48 W, the performance efficiency of the
converter using the proposed AMPC method is approximately
2% to 3% higher than the basic AMPC.

This research focuses on enhancing the performance of
model-based controllers and increasing their flexibility for use
in systems of varying complexities, rather than improving the
converter structure itself. The results of two basic and proposed
AMPC controllers are presented and compared with [17]. These
results have been analyzed for a general comparison with the
conventional PI controller. As previously mentioned, the draw-
backs of the PI controller include limited degrees of freedom,
difficulties in optimally tuning the coefficients, and stability
issues, particularly in complex systems. During sudden system
changes, energy losses increase due to fluctuations in the control
variable. Furthermore, the controller is not effective at imposing
constraints on control signal changes. Table IV compares the
computational load by providing the average time required for
each control algorithm. To ensure a fair comparison of all four
methods, the overall sampling time for each was set to 1 ms by
optimizing the NUCLEO board program. It can be concluded
that the proposed method performs adaptively better than other
approaches with this sampling time, without the need for con-
tinuous controller tuning. This adaptability makes the DNN-
based AMPC method suitable for more complex, networked
converters with higher computational demands, while also being
implementable on less complex systems using cheaper boards.
Additionally, this research takes into account both economic and
practical considerations. For instance, in the described converter,
increasing the capacity of the output capacitor can reduce output
fluctuations for a fixed control variable. However, this approach
increases the size and cost of the converter, especially at higher
power levels. One of the main goals of this research is to
reduce the size of converter components to a reasonable level
while improving converter performance and stability through
enhancements in the proposed AMPC algorithm.

According to Table IV, an important point is that the average
calculation time for the traditional AMPC method is around
438 ps, which has been reduced to 106 us for the proposed
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and, proposed AMPC and, PI controller: (a) total energy efficiency, (b) resistive
energy losses, and (c) efficiency diagram according to output power for basic
and proposed AMPC.

method, representing a significant reduction. In contrast, the PI
methods and the MPC method without iterative constrained opti-
mization, and without adaptive model estimation mechanism in
[17] involve much simpler calculations, with average calculation
times of 67 us and 84 us, respectively, for the tests performed.
The proposed AMPC method based on DNN model leverages
the desirable features of iterative constrained optimization for
the system’s transient response and its ability to control the
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Fig. 11.  Basic and proposed combinatorial constrained AMPC, and PI con-

troller methods result for load, capacitor, and inductor changing: (a) estimated
closed-loop system model parameters and its poles; (b) output voltage, input
current, and control variable.

system in critical situations. The calculation time is acceptable,
especially considering that the fluctuations in input current and
output voltage are lower than those specified with other methods.

B. Uncertainties Test

In the preceding section, an online load change test was
conducted to assess the robustness of the standard and proposed
AMPC methods under sudden dynamic changes in the system.
Given the dynamic characteristics of the nonlinear converter
described in (1), the significance of this test is amplified. This
section aims to validate the proposed AMPC method’s effec-
tiveness in the presence of uncertainties in the capacities of
all passive converter components, such as the output capacitor
and inductor, over time. Thus, ensuring the method’s robustness
and optimal performance to maintain system stability is crucial.
In this section, the test recorded a load shift from 10  to
20 €2, during which the output capacitor’s capacity also shifted
from 50 pF to 100 uF, using capacitors from two different
manufacturers. Additionally, the inductance varied from 50 pH
to 100 pH. Fig. 11 displays the experimental results from this
test.

Fig. 11(a) illustrates that the proposed method, especially
after incorporating parameter uncertainty, maintains minimal
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fluctuations in model parameters around a steady value. Addi-
tionally, the model’s poles, estimated from the closed-loop sys-
tem, remain within the unit circle, ensuring the system’s stability.
Enhancing the inductor and capacitor capacity in the dc converter
inherently slows down its dynamics. Fig. 11(b) demonstrates that
with the proposed AMPC method, despite significant changes to
the converter parameters, the output voltage fluctuations remain
within a range of 0.5 V to 0.6 V. In contrast, the basic AMPC
method shows voltage oscillations at 2.6 V, and the PI method
sees oscillations climb up to 5.8 V. Moreover, input current and
control variable fluctuations are lower with the proposed method
compared to the other two methods.

V. CONCLUSION

The article introduces an adaptive approach called adaptive
constrained MPC to manage the voltage of a noninverting dc
buck—boost converter with a maximum output of 48 W. The aim
is to limit the control signal and its variations to reduce oscilla-
tions in the input current and output voltage. The AMPC utilizes
a dynamically estimated linear model via the KRLS algorithm.
To enhance the computational efficiency, the DNN leverages
data from the AMPC controller within the specified range of
the output voltage’s steady-state response. Experimental tests
were conducted to assess variations in reference voltage, load,
and input voltage. Notably, the average fluctuation in output
voltage across the three tests is approximately 1.3 V (72%)
lower compared to the basic method the maximum oscillation
domain of the output voltage around the reference value is
about 0.5 V. The proposed method significantly reduces the
computational burden by primarily relying on the DNN model,
which generates about 93.7% of the total 6892 control signals,
with the remaining 6.3% generated by the basic constrained
MPC control. More specifically, for the proposed method, the
output voltage fluctuation is about 72%, the calculation time
is about 75%, and the average energy loss of the switch is
8.5-10% less than the basic AMPC. In the final part of the
research, in order to evaluate as much as possible, the resistance
of the proposed method against system dynamic changes, the
test results of simultaneous change of load, change of capacitor
capacity and change of inductor inductance for three basic and
proposed AMPC controllers and the PI method are specified. For
the proposed method, the fluctuations of the control variable and
the output voltage of the converter are less acceptable than the
other two methods.
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