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Abstract—This paper presents a predictive control method for
a Permanent Magnet Synchronous Motor (PMSM) driven by
a seven-level Cascaded H-Bridge inverter. The control is based
on a Tree-Based Model-Free Predictive Control and an online
calculation of reduced Look-Up Tables. The Tree-Based approach
selects the optimal Voltage Vector, reducing the number of tested
vectors. The online LUTs handle the generation of gate signals,
ensuring online battery balancing by selecting the appropriate
switching state. This method reduces the controller’s computa-
tional effort, improves torque control, lowers switching losses, and
manages the battery State of Charge. Additionally, the proposed
control technique eliminates the dependency on a load model
by introducing a Model-Free approach, based on a recursive
least squares (RLS) algorithm to identify the parameters of an
Auto-Regressive with Exogenous input (ARX) model. Simulation
results confirm the effectiveness of the proposed control for
accurate motor control, reduced switching frequency losses, and
SOC management.

Index Terms—Finite-Control-Set, Model-Free-Predictive Con-
trol, Computational Burden Reduction, SOC Balancing, Switch-
ing Losses Reduction, Permanent Magnet Synchronous Motor,
Electric Vehicle.

I. INTRODUCTION

Permanent Magnet Synchronous Motors (PMSMs) have
become a key component in modern industrial systems due to
their outstanding features, including high efficiency, compact
size, and superior dynamic performance [1]. These advantages
make them well-suited for applications that demand precise
and responsive control, such as robotics, electric vehicles,
and high-speed machinery. In many of these applications, the
PMSM is powered by a multilevel converter directly interfaced
with a battery pack, forming a modular and scalable energy
conversion system suited for mobile or off-grid scenarios
[2, 3]]. As such, the development of advanced control strate-
gies for PMSMs remains a central focus to ensure optimal
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performance, reliability, and adaptability across a wide range
of operating conditions. In this context, multilevel converters
have emerged as an effective solution for PMSM drives [4],
particularly in medium- and high-power applications, due to
their ability to generate output voltages with lower harmonic
distortion, reduced voltage stress on power devices, and im-
proved efficiency [5].

Among the conventional approaches, Field-Oriented Control
(FOC) has long been established as a standard solution for
high-performance motor control. However, FOC relies on
linear control principles and is typically implemented with
PI regulators, which can limit its effectiveness in scenarios
requiring fast transient response or robust performance under
parameter variations and nonlinearities [6]. This trade-off be-
tween dynamic agility and steady-state precision has motivated
ongoing research into alternative control frameworks capable
of overcoming these limitations.

To enhance the drive control and reduce power losses,
many studies have explored advanced control strategies, with
Model Predictive Control (MPC) being one of the most
effective [[7]. However, applying MPC to multilevel converters
may be challenging due to the high number of possible voltage
vectors (V'V's), which increases the computational effort [S§]].
Additionally, the presence of redundant gate control signals
(GCS) complicates implementation, while battery voltage
balancing adds further challenges because of the nonlinear
behavior of the batteries. To overcome these challenges, sev-
eral approaches have been proposed. Cell-by-cell-based MPC
methods solve the optimization independently for each H-
Bridge module [9]]. Hierarchical strategies use a two-stage se-
lection process to reduce the number of candidate GCSs [10].
Other techniques include adaptive V'V selection [L1], IQOCP
decomposition [12]], and branch-and-bound algorithms [13]].
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Fig. 1. Cascaded H-Bridge with simplified Li-Ion battery packs and PMSM
motor.

A reduced V'V selection approach was introduced in [14],
limiting the search to adjacent VVs. Offline optimization
methods [15] also reduce computation but lack flexibility in
real-time scenarios. However, these methods do not consider
the battery voltage balancing process.

Therefore, other studies focus mainly on the active bat-
tery balancing [[16]. Traditional PI and sorting-based methods
suffer from low accuracy and reliability [17], [L18]. More
advanced model-based and rule-based approaches have been
proposed [19], [20], along with predictive strategies like vari-
able duty-cycle control [21], nearest-level control [22f, and
hierarchical distributed control [23]. Only in recent works
the MPC is combined with the battery balancing. Dual-
stage MPCs enable inter- and intra-arm balancing [24], while
single-stage formulations directly optimize submodule active
power [25]. Although these approaches may improve perfor-
mance, they also increase computational cost limiting the real-
time applicability [23]].

Nevertheless, a critical limitation of MPC is its strong
dependence on an accurate system model. Model uncertainties
are inevitable due to parameter variations, unmodeled dynam-
ics, and changing environmental conditions. This has led to a
growing interest in model-agnostic or adaptive control strate-
gies. Among them, Model-Free Predictive Control (MFPC) has
emerged as a promising alternative. Compared to traditional
MPC approaches that rely on a fixed global model, MFPC
constructs a local model online based on real-time input-output
data, thereby enhancing robustness and reducing the need for
precise system identification.

Therefore, this paper proposes a novel approach to reduce
the computational cost compared to [26] by introducing a
Tree-Based (TB) search for optimal voltage vector selection.
The proposed method is Model-Free and relies on a Recursive
Least Squares (RLS) algorithm to identify the parameters of
an Auto-Regressive with Exogenous input (ARX) model [27]].
This model is used to predict the motor currents, enabling a
flexible prediction strategy that can be applied to any type of
motor, without relying on a detailed motor model [28]. The use

TABLE I
PMSM AND LI-ION BATTERY PACK VALUES.

Variable Symbol | Value | Unit
Stator Res. R, 0.47 Q
Stator Ind. Lqs=Lg | 415 mH

Rated Torque Tem 15 Nm
Rated Speed Wi 3000 | rpm
Max. Current Imax 20 A
Rated Voltage Vo 400 \Y

Pole Pairs P 3 #

Perm. Flux Link. Pm 0.255 Wb
Bat. capacity Ch 0.075 Ah
Bat. Nom. Volt. Vb, 108.6 \Y

of the ARX structure allows the controller to adapt to system
variations and uncertainties in real time, improving its robust-
ness in practical scenarios. By relying exclusively on input-
output data for prediction, the proposed method streamlines
the design process and enhances the generality of the control
framework. In addition, separating the V'V's selection from
Gate Signal selection further reduces the computational load.
Once the optimal V'V is found, only a reduced set of switching
states, generated through online LUTs, is evaluated. These
states ensure both battery balancing and reduced switching
losses.

The proposed method uses two cost functions: the first one,
with a Tree-Based approach, selects the best V'V to apply
at the next step. The second cost function evaluates GC'S's,
aiming to achieve active balancing and reduced switching
losses. The switching states considered in the second cost
function are selected from LUTs which are updated online
based on the batteries’ charge levels. By implementing the
TB search, the MFPC approach significantly reduces computa-
tional complexity, enabling the practical real-time implementa-
tion of the ARX-RLS prediction method that would otherwise
be computationally prohibitive.

II. SYSTEM MODEL

The motor drive system here analyzed includes Li-Ion
batteries, a Cascaded H-bridge (CHB) inverter, and a PMSM,
as shown in Fig.

A. Modeling of PMSM and Batteries

Key electrical and mechanical specifications for the PMSM
and the battery packs are listed in Table [l Each battery pack
is modeled using an equivalent circuit composed of an open-
circuit voltage (V,.,), which depends on the state of charge
(SOC), and an internal resistance (R;,:) [3]. The open-circuit
voltage captures how the terminal voltage varies with SOC,
while the internal resistance models losses and voltage drops
during operations.

The PMSM is described in the dg rotating reference frame
aligned with the rotor flux [29]]. The model assumes: 1) linear
magnetic behavior and 2) ideal switching of the converter. The
dg-axis voltage equations are:
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where i4 and i, are the stator currents along the d- and g-
axes, Lq and L, are the corresponding inductances, v, is the
permanent magnet flux linkage, and w, is the electrical rotor
speed. R, represents the stator resistance, and p is the number
of pole pairs.

B. Cascaded H-Bridge Inverter Model

The CHB converter is made up of several single-phase
H-bridge cells connected in series. This structure enables
medium-voltage operation and reduced harmonic content at the
output [26]]. Each H-bridge module is powered by a separate
DC source, which corresponds to a dedicated battery pack.
The total number of possible switching states for a three-phase
CHB converter with N,,,,q H-Bridge is given by:

Ngwe = QNMOd 3

Each H-Bridge can produce discrete voltage levels depend-
ing on its switching pattern [26]. The total number of output
voltage levels (m) can be calculated as:

m=2H+1 @)

where H is the number of H-bridge cells per phase leg. The
total number of active switches required is:

Ny =6(m —1) 5)

For a system with three cascaded H-bridges per phase
(i-e., Npoq = 18), the number of switching combinations
reaches 2'® = 262144. This exponential growth makes real-
time optimization very challenging, highlighting the need for
efficient control strategies such as predictive control supported
by lookup tables (LUTs).

III. CONTROL STRATEGY

The overall control structure is shown in Fig. A
Proportional-Integral (PI) controller regulates the motor speed
and generates the reference dg currents.

The predictive control is organized in two main stages. In
the first stage, a Tree-Based Model-Free Predictive Control
(TB-MFPC) strategy is used to select the optimal voltage
vector. The current prediction at instant k£ + 1 relies on an
Auto-Regressive model with Exogenous input (ARX), whose
parameters are continuously updated using a Recursive Least
Squares (RLS) algorithm [27]. This Model-Free prediction
approach makes the method applicable to different motor types
without requiring prior system modeling. After identifying the
optimal voltage vector, the second stage determines the corre-
sponding GCS through online Look-Up Tables, simultaneously
accounting for battery balancing and minimizing switching
losses.

A. Tree-Based Model-Free-Predictive Control

Within the MFPC framework, the PMSM is modeled as
a black box, requiring prior estimation of both the model
structure and its parameters before performing predictions.
Among the various linear model structures employed for
dynamic system representation, the Auto-Regressive model
with Exogenous input (ARX) is widely utilized due to its
computational efficiency and simplicity. The parameters of
the ARX model can be effectively identified using established
techniques such as Recursive Least Squares (RLS). Further-
more, ARX models demonstrate resilience in the presence
of system nonlinearities, thereby enhancing the robustness of
the prediction process [30]. Consequently, this study adopts
the ARX model as the basis for black-box prediction within
the proposed Tree-Based Predictive Control framework. The
ARX-based representation defines a transfer function between
input and output in the dg stationary reference frame, defined
as follows:

R B de(zfl) qu(zfl)
Zd(k) = mvd( + qu(k’) (6)
ey pm
Zq(k/’) = mvd k + qu(k) (7)

where i4(k) and i,(k) represent the estimated PMSM
current components, while v4(k) and v, (k) denote the CHB
output voltages in the dq reference frame. The polynomial
coefficients used in the ARX models (6) and (7) are defined
as follows:

Az =1+alz""+...+al, 2™ (8)

Bz ) = 140727 4. 409 e )

In the polynomial terms B/ (z~1), the subscript i refers to
the axis (d or q) of the estimated current component, while j
denotes the axis of the CHB voltage input. Similarly, in the
polynomials A*(z~1), the superscript i indicates the axis of
the estimated variable. The ARX model structure is defined
by the polynomial orders n4 and npg, which in this work are
settong =3 and ng = 2.

The RLS algorithm is used to compute the coefficients
and (9) of the ARX model using measurements obtained from
the controlled system. The RLS algorithm comprises a set of
recursive equations, with the objective at each iteration being
to accurately estimate the parameter vector O q(k):

Oa,q (k) = 0a,q (k— 1) + Gag (k) eaq (k) (10)
Pyg(k —1)pd,q(k)
Gao(k) = 11
) = T ) Pag(h— Dpaqgh 2
1
Puaq(k) = (I~ Gaq(k)p] 4 (k) Pag(k—1)  (12)
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Fig. 2. Proposed control method (f= 20 kHz): (blue) speed control; (red) Torque, balancing and switching losses control; (green) LUT calculation.

The matrix Py (k) represents the covariance matrix used in
the RLS algorithm. The gain matrix G 4 (k) links the updated
parameters vector at each sampling step with the estimation
error eq 4 (k) given by:

ed,q (k) =iaq(k) — 905,(] (k) éd,q (k—1) 13)

where iq (k) are the instantaneous dg current measurements.

The forgetting factor 0 < A < 1 is used in the RLS algo-
rithm to give more importance to recent measurements [27]].
Lower values of A allow the algorithm to quickly follow
changes in system parameters, but also increase its sensitivity
to noise [31]]. In this work, A is set to 1 to enhance noise
rejection, given the high sampling rate of the controller and
the assumption that parameter variations occur gradually.

The first cost function for the Tree-Based searching process
to determine the vj"" is:

2

g1 (n) =

m
s * . k+1 . k—j
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(1)

The equation (I14) evaluates the squared two-norm of the
difference between the current references ij;’ , and the current
predictions i’;“ (n). The current prediction is computed as the

»d
scalar product:

ia,6" ™ (1) = a1t (n) - Oa,q (k) (15)

where @g,4" "t (n) is defined as:

Zbd,q(k/’)
id}q(k’ -1)
ig,q(k —2)

va(n)

va(k)
vg(n)
vq(k)

The n-index represents the possible voltage vector, while
vg(n) and vg(n) are the dg voltages generated by the CHB
for a n switching combination. 7 is the control sample time
(i.e. T, = 5e~7s). The integral term W;, T, (Z;":O i’;;ljerr)
is used to eliminate the steady-state error [S]].

A Tree-Based approach, shown in Fig. 3 is used to find
the optimal voltage vector vglq)t to apply to the system. The
method relies on a structured, layer-by-layer search strategy.
By organizing the search hierarchically, the algorithm lim-
its the number of candidate vectors at each level, reducing
computational effort while ensuring good tracking and control
performance.

The search starts by evaluating possible candidates in the
first layer. The direction that minimizes the cost function
in (T4) is selected. Then, in the next layer, only the neighboring
voltage vectors around the previously chosen one are tested.
This process is repeated iteratively until the voltage vector that
best approximates the reference is identified.

Following the conclusion of the search, the best candidate
vg%t is transformed in vgst. Thanks to this hierarchical se-
lection, the number of combinations to evaluate is greatly
reduced. For example, a standard MPC for a 7-level CHB
would require testing 127 combinations [26]]. With the pro-
posed approach, this number drops to a maximum of 22. In

®a,q" T (n) = (16)
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Fig. 3. Tree-Based Model-Free-Predictive Control searching process.

partial-load conditions, even fewer vectors are evaluated. This
reduction lowers computational cost and supports fast, real-
time control.

B. Online LUTs and Model-Predictive Control
pt

After identifying the optimal voltage vector v;’ 4 to apply
at time step k + 1, the second stage of the predictive control
selects the most suitable switching state. This choice ensures
the application of the selected voltage vector while promoting
active battery balancing and reducing switching losses. For a
single vgf’ qt , a set of switching state combinations is retrieved
from online Look-Up Tables (LUTs) [26]. These combinations
are evaluated using a secondary cost function, defined as
follows:

g2 (m) = p ASOC* 1 (m) + s AU (m) (17

The first term, py ASOC**1(m), penalizes the differences
in the predicted State of Charge (SOC) among battery packs.
The SOC at the next step is estimated using the Coulomb
counting method [16]:

k+1 _ k Ts ) |Iphase‘
SOC*™" (m) = SOC 3600 C,,

ASOC**1(m) is the difference between the maximum and
minimum predicted SOC values across the battery packs. A
large ASOC**1(m) indicates imbalance and is penalized
accordingly.

The second term, po AU (m), reduces the switching losses
and it is computed as:

(18)

ne(m)

AU =
(m) Total number of switches

(19)

where n.(m) is the number of switching transitions between
time steps £ and k + 1, and the denominator represents the
total number of half-bridges in the system. Minimizing this
term helps to lower switching frequency and related power
losses.

The control command m that minimizes the cost function
in is then selected and applied at the next sampling
instant.

TABLE II
STATE OF CHARGE STARTING CONDITIONS FOR BATTERY PACK.

Value | Unit
0.90 p.u.
Phase A | 0.93 p.u.
0.87 p.u.
0.88 p.u.
Phase B 0.86 p.u.
0.95 p.u.
0.90 p.u.
Phase C 0.91 p.u.
0.89 p.u.
TABLE III

SIMULATION WEIGHTS.

Weight
Value

K11
30472

H1,2 11,3
300543 0

H2,1
0.0078

H2,2
0.00056 0

IV. SIMULATIONS RESULTS

The simulation tests are carried out in MATLAB (Simulink)
to validate the effectiveness of the proposed control strategy
in regulating both torque and speed of the PMSM, while
simultaneously ensuring active balancing of the battery packs.
Three representative operating conditions were selected to test
the controller: the base speed of the machine (w, = 3000rpm),
the first field-weakening region (wy,, = 4000rpm), and the
second field-weakening region (ws,, = 4500rpm). The initial
SOCs values used for the battery modules are reported in
Tab. [

Fig. shows the dynamic response of the d and ¢-
current components across the three operating points. The
controller ensures accurate tracking of the reference val-
ues, even under transients, demonstrating robustness against
changes in operating conditions. The corresponding steady-
state three-phase currents are depicted in Fig. which
exhibit acceptable total harmonic distortion (THD). While
the average THD is slightly higher than that obtained using
classical PI controllers [32], the proposed method guaran-
tees uniform harmonic content across all phases. This is
particularly significant given the initial imbalance in battery
voltages, as unbalanced phase currents can lead to uneven
aging of the electrical machine [33]. This improvement in
phase symmetry is attributed to the introduction of a secondary
cost function that embeds balancing objectives within the
switching state selection process. Mechanical speed tracking
is illustrated in Fig. confirming that the controller ensures
accurate reference tracking during both steady-state and ramp
transitions.

Battery voltage evolution under motoring conditions is
shown in Fig. The proposed control strategy demon-
strates its ability to actively balance the pack voltages, despite
the initial imbalance both within and across phases. As the
machine operates, the voltage discrepancies are progressively
reduced. This balancing action is maintained consistently
across the different speed ranges, suggesting that the balancing
mechanism is effectively decoupled from the torque and speed
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regulation tasks.

To evaluate the role of the weighting parameters in the
secondary cost function (defined in (I7) and listed in Tab. [ITI)),
the SOC deviation (ASOC)) and the switching frequency were
analyzed under varying values of p; and pe, as reported in
Fig. B] and Fig. [6] Increasing p; gives greater priority to
balancing, resulting in a faster reduction of SOC deviation.
Conversely, decreasing p; slows down the balancing process,
which may be beneficial for reducing switching activity. When
the secondary cost function is disabled (u; = 0, pus = 0),
balancing is no longer achieved and ASOC steadily increases,
as shown by the yellow curve in Fig. 5]

Similarly, raising the value of po reduces the switching
frequency—see the blue curves in Fig. [f—which contributes
to lower switching losses and improved efficiency. However,
this also leads to a slower convergence of SOC values.
Hence, a trade-off must be established between minimizing
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Fig. 6. CHB filtered equivalent switching frequency during motoring with
reference to p2 in Tab. [T}
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Fig. 7. Batteries SOC behavior during motoring with the proposed control
and with the PL.

switching activity and achieving faster balancing. Notably,
the integration of the secondary cost function improves both
indicators compared to its absence.

A direct performance comparison between the proposed
MFPC and a PI-based controller [32] is shown in Fig. m
The MFPC outperforms the Pl-based strategy by achieving
faster convergence and lower final SOC deviation, even when
balancing is not explicitly prioritized. Furthermore, unlike
conventional methods, the proposed strategy does not require
the implementation of additional controllers—such as parallel
PI loops or duty-cycle modulation techniques—to enforce
balancing.

Finally, the dynamic response of the dgq current control has
been compared with both Model-Based-Predictive controller
[26] and conventional PI controller [32]. Fig. |§| demonstrates
that the proposed Model-Free strategy exhibits a dynamic re-
sponse comparable to that of the Model-Based counterpart, de-
spite not relying on explicit machine parameters. When com-
pared with the PI controller (Fig. [0), the proposed approach
delivers significantly faster transients and lower overshoot,
particularly during simultaneous torque and speed changes.
Although the PI controller exhibits slightly reduced steady-
state current ripple, the MPFC strategy achieves superior
overall performance in terms of responsiveness and balancing.
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V. CONCLUSIONS

This paper presents a Model-Free-Predictive Control
(MFPC) strategy for PMSM drives powered by a Cascaded H-
Bridge, with integrated active battery balancing. The proposed
approach ensures accurate torque and speed regulation across
a wide operating range, including field-weakening conditions,
while effectively equalizing the State of Charge (SOC) among
battery modules. The multi-objective cost function en-
ables a flexible trade-off between switching frequency and
balancing speed. Simulation results confirm the robustness and
superior performance of the MFPC compared to conventional
PI-based and Model-Based controllers, without requiring ex-
plicit motor parameters or additional balancing circuits.
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