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Abstract

The accuracy of motor control systems is crucial for improving energy effi-
ciency and production quality. However, traditional motor control methods
suffer from slow response and weak anti-interference ability, which limits
their performance in modern industrial applications. To optimize the dynamic
performance of the motor control system, a motor control algorithm com-
bining model predictive control and disturbance compensator is proposed.
The composite control strategy based on model predictive and disturbance
compensator had the shortest rise time and settling time in all speed stages.
When the speed was 2,000 rpm, the rise time and settling time were 0.72 s
and 1.89 s, respectively. Under different stages of friction torque disturbance
in bearings, the steady-state error offset of the composite control strategy
was minimized. When the rated torque was 20%, the steady-state error
offset was 2.64%. The proposed motor control algorithm combining model
predictive and disturbance compensator can effectively improve the accuracy
and stability, providing effective technical solutions for motor control.

Keywords: MPC, current disturbance compensation, sliding mode compen-
sator, motor control, dynamic response.
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Introduction

The development and application of motors have promoted social progress,
improved production efficiency, and enhanced quality of life [1]. Motor
control, as a key technology in the field of automation, directly affects the
operational efficiency, stability, and final product performance of motors. The
accuracy of the motor control system is meaningful for achieving efficient
energy utilization and optimizing the production process [2]. However, tra-
ditional motor control methods face slow response speed and insufficient
anti-interference ability when facing complex dynamic environments and
system parameter changes, making it hard to satisfy the needs of modern
industry for real-time monitoring and precise control [3, 4]. For example,
in the case of grid voltage sag, traditional Proportional-Integral (PI) control
often results in significant speed fluctuations and even fails to recover in time;
under sudden load variations, relying solely on MPC may cause excessive
overshoot due to optimization delay, thereby affecting system stability; and
in the presence of bearing friction torque disturbances or broadband noise
environments, using the disturbance compensator alone often cannot com-
pletely eliminate steady-state deviations. These problems frequently occur in
practical applications such as industrial motor drives, intelligent manufactur-
ing equipment, and electric vehicles, which severely restrict the improvement
of system performance.

Model Predictive Control (MPC), as an advanced control strategy, deter-
mines the optimal control input by solving a finite time optimization problem
in each control cycle, thereby predicting and optimizing system behavior.
MPC can effectively handle multivariable and constrained optimization prob-
lems, with advantages such as high control accuracy, fast dynamic response,
and strong anti-interference ability [5, 6]. Disturbance compensation is a
control method that adjusts based on the disturbance magnitude that causes
changes in the adjusted parameter. When external interference just appears
and can be detected, the regulator sends out an adjustment signal to make
the adjustment amount change accordingly, and cancels out the interference
before the deviation of the regulated amount occurs. Disturbance compensa-
tion is more timely and effective than feedback control [7]. While conducting
feedback control, using external disturbance signals to directly control the
output can quickly and effectively compensate for the impact of external
disturbances on the entire system and improve control accuracy. To improve
the accuracy and robustness of motor control, this study proposes a motor
control algorithm that combines Model Predictive Control (MPC) with a
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Disturbance Compensator (DC). The method adopts a parallel-integrated
structure, in which MPC is responsible for predictive optimization over future
time steps and generating the optimal control input, while the disturbance
compensator operates in parallel with MPC to estimate and compensate for
external disturbances and parameter variations in real time. The compen-
sation signal is directly superimposed on the MPC control output, thereby
forming a composite control action. Unlike existing studies where MPC or
the disturbance compensator is applied independently, the novelty of this
work lies in the deep integration of predictive optimization and real-time
disturbance compensation. This integration not only ensures fast dynamic
response but also significantly reduces steady-state error and enhances system
robustness under load variations and grid disturbances, thereby achieving
high-precision motor control.

1 Related Works

MPC predicts the future behavior through dynamic models and optimizes
control inputs to achieve goals. It is largely applied in industrial control,
autonomous driving, and other fields [8, 9]. Harbi I et al. built a com-
prehensive control optimization strategy to address the high computational
complexity and slow dynamic response in the predictive control of multi-level
inverter models. This method reduced computational burden by improving
weight factor design and optimizing the switch state search space. The
proposed method reduced control delay by 42% in a three-level T-type
inverter system and switch losses by 35% in a seven level cascaded H-
bridge inverter [10]. Grandia R et al. built a perception method on the basis
of nonlinear MPC to improve the stability and adaptability of quadruped
robots in complex terrain. This method combined deep visual perception with
real-time terrain mapping to enhance motion robustness by optimizing gait
planning and contact force allocation. The results showed that the proposed
method had a success rate of 97% in dynamic obstacle avoidance tasks and an
energy efficiency improvement of 23% when walking on slopes [11]. Meduri
A et al. built a two-layer optimization framework based on nonlinear MPC
to address the lack of real-time and dynamic adaptability in robot full body
motion planning in complex environments. This framework achieved efficient
motion planning under multiple constraint conditions by combining task
space trajectory optimization and joint space dynamic control. The proposed
method improved computational efficiency by 40% in dynamic obstacle
avoidance tasks for bipedal robots, while maintaining stable whole-body
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coordinated motion in unstructured terrain [12]. Salzmann T et al. proposed
a real-time neural MPC framework based on deep learning to optimize the
computational efficiency of agile robot platforms in dynamic environments.
The proposed method reduced the computation time by 60% in quadcopter
trajectory tracking tasks, and increased the control frequency to 100 Hz in
high-speed obstacle avoidance scenarios, while maintaining tracking accu-
racy comparable to traditional MPC [13]. Feng L et al. proposed a cascaded
MPC strategy to address the insufficient fault-tolerant control performance of
six phase Permanent Magnet Synchronous Motors (PMSM) under fault con-
ditions. This strategy achieved collaborative optimization control of current
loop and speed loop by integrating dual loop predictive controller architecture
and virtual vector modulation technology. The proposed method reduced
torque ripple by 62% under single-phase open circuit faults and could still
maintain 85% of rated torque output under two-phase faults [14].

Accurate motor control can maximize the electrical energy, reduce energy
consumption, and improve equipment operating efficiency [15]. Liu Z et al.
built an adaptive control method on the basis of B-spline wavelet neural
network to optimize the control accuracy and anti-interference ability of
linear motor drive systems under complex working conditions. This method
combined a novel gradient descent algorithm with multi-resolution anal-
ysis techniques to accurately approximate the nonlinear dynamics of the
system. The proposed method reduced the position tracking error of linear
motors by 58% and shortened the recovery time by 65% under sudden load
changes [16]. Govindharaj A et al. built an adaptive neural feedback control
strategy to improve the stability control of permanent magnet DC motors
driven by solar energy without batteries under light fluctuation conditions.
The proposed control strategy reduced the speed recovery time by 73% under
80% sudden changes in lighting conditions, reduced torque fluctuations by
68% under dynamic load changes, and improved system energy conversion
efficiency by 15% [17]. Deng H et al. built a fault-tolerant predictive control
strategy that integrated deep reinforcement learning to solve the fault-tolerant
control in electric vehicles driven by four-wheel hub motors under motor
failure conditions. This method combined the MPC framework with rein-
forcement learning algorithms to achieve optimal torque allocation under
fault conditions. The proposed control strategy reduced the lateral angular
velocity tracking error by 52% in the case of single motor failure, and
could still maintain 85% of the longitudinal driving force in dual motor
failures [18]. Sun Q et al. proposed a quasi sine wave excitation strategy
based on virtual current compensation to solve the large torque ripple and
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high noise caused by traditional square wave excitation schemes for switched
reluctance motors. This method achieved smooth control of current wave-
form by constructing a virtual sine current reference model and a dynamic
magnetic flux compensator. The proposed method reduced the noise level by
12 dB under rated speed conditions, while increasing the system efficiency by
8.5% [19]. Hiroe D et al. proposed a 10 MHz multi-sampling no beat control
method based on a general intelligent power module controller for PMSM
drive systems. The study improved the dynamic response performance by
combining high-frequency multi sampling technology with deadbeat control
strategy. The proposed method could suppress the delay effect in traditional
control, increase the system response speed by about 40%, and reduce torque
ripple by 25% [20].

In summary, reasonable motor control can reduce mechanical wear and
electrical stress, and extend the service life of the motor. Many scholars have
proposed many improved models to enhance the accuracy and efficiency of
motor control. However, existing methods still have some limitations, such
as insufficient adaptability to complex disturbance coupling and the need to
optimize the balance between dynamic response and steady-state accuracy.
Therefore, a motor control algorithm combining MPC and DC is built to
optimize the dynamic performance and anti-interference ability, providing a
new solution for high-precision motion control.

2 Motor Control Combining Model Predictive and
Disturbance Compensator

2.1 Motor Control Algorithm Based on Model Predictive Control

As a key actuator in modern industry, the control performance of motors
directly affects the overall efficiency and dynamic response. Although the
traditional Proportional-Integral (PI) algorithm has been widely used in motor
control, it relies on fixed parameter settings and is difficult to adapt to
changes in system parameters and complex dynamic characteristics, resulting
in limited control accuracy. When facing complex working conditions, there
are problems such as slow dynamic response and weak anti-interference
ability. MPC is a model-based closed-loop optimization control strategy that
predicts the system behavior over a period of time in the future, optimizes
control inputs, and strives to approach the target state as closely as possible
while satisfying various constraints. The advantage of MPC lies in its ability
to handle multivariable systems, constrained optimization problems, and
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Figure 1 Working process of MPC.

strong robustness and adaptability [21, 22]. To optimize the performance
of the motor control system, a motor control algorithm based on MPC is
proposed. The MPC is to use the system’s state transition model to predict the
system’s state in the future based on the current state and control inputs, and
finally solve the control input sequence that minimizes the objective function
through optimization algorithms [23]. The working process of MPC is shown
in Figure 1.

In Figure 1, the workflow of MPC is as follows. First, the set output
Ysp 1s compared with the reference trajectory r. The errors generated by ¥,
and 7 are input into the rolling optimizer minJ(k) for processing. The rolling
optimizer uses the MPC algorithm to predict the future behavior, generating
a prediction output y. The generated prediction output ¢ is then compared
with 7 to generate a prediction error e. This error is used as a feedback signal
for dynamic correction. Finally, the rolling optimizer calculates the optimal
control input uy acting on the controlled object by minimizing the objective
function. During this process, the actual output value y;, and the model output
Ym are fed back in real-time to the prediction model for continuous updating
of the predicted output §j, thus forming a closed-loop control system. This
mechanism ensures that the system output y; can adaptively track the time-
varying reference trajectory r, while effectively suppressing the effects of
model errors and external disturbances. The motor control system framework
based on MPC is shown in Figure 2.

In Figure 2, the motor control system based on MPC adjusts the current
through a PI controller to match the reference currents 4, and 7;. The model
predictive controller utilizes rolling optimization, model predictive, and feed-
back correction to generate control voltages u, and ug. These voltages are
converted into pulse width modulation signals of the inverter through a space
vector pulse width modulation module, and then control the output voltages
Ug, Up, and u. of the inverter to the motor. The currents 44, 45, ic, and speed
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Figure 2 Motor control system framework based on MPC.

Q) are fed back to the system through sensors. The current is converted into
the dq coordinate system through the abc/dq transformation, while the speed
and torque information are processed through the 30/pi module and model
reference adaptive system to adjust the adjustable model parameters and
more accurately control the motor. For the motor control system, its dynamic
characteristics can be described by a discrete-time state space model. The
system state is shown in Equation (1).

Tpy1 = Az + Buy + wy (1)

In Equation (1), xj, represents the system state, the subscript k£ indicates
the discrete-time step. uy, signifies the control input. wy, signifies the process
noise. A and B represent the system matrix. The actual output value is
calculated using Equation (2).

yr = Cxp, + vy, (2)

In Equation (2), vy represents the measurement noise. C' represents
the output matrix. To make the actual output as close as possible to the
expected reference trajectory, the optimization objective of MPC is defined.
It minimizes the output error of future predictions and the weighted sum of
control inputs by adjusting the control inputs during each control cycle. The
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definition of the optimization objective is shown in Equation (3).

k+N-—-1
min > (i — ) Qyi — i) + uf Ru (3)

Ul s U+ N—1 X
i—k

In Equation (3), y; represents the system output at time step ¢. r; signifies
the reference trajectory at 7. () signifies the weight matrix of the output error.
u; represents the control input at time step ¢. R represents the weight matrix
of the control input. IV represents the prediction range. The future state is
predicted based on the current state xj and control input wug, as shown in
Equation (4).

e = Alp i1k + Buktio 4

In Equation (4), &34, represents the future state predicted at k. Depend-
ing on the predicted state, the future output can be calculated, as shown in
Equation ().

Uitk = CTppeii &)

In Equation (5), §4.|» represents the future state predicted at k. The opti-
mization control input calculation is shown in Equation (6).

k+N—1
up™” = arg  min > rrife =) Qe —7i) +wi” Ru
Uk sy U+ N —1 ik
(6)
In Equation (6), uﬁ/fp ¢ represents the optimal control input obtained
through MPC.

2.2 Composite Control Strategy Based on Disturbance
Compensator

The motor control algorithm designed based on MPC can take full advantage
of its ability to handle multivariable constraints and optimization problems.
By predicting the system behavior and optimizing the control inputs, MPC
achieves superior performance in terms of fast dynamic response, overshoot
suppression, and effective constraint handling. However, in practical operat-
ing conditions, motor systems are inevitably subject to external disturbances
(e.g., load fluctuations, grid disturbances) and internal uncertainties (e.g.,
parameter drift, modeling errors) [24]. These factors significantly affect the
steady-state accuracy and long-term stability of the control system. Although
MPC alone can maintain good dynamic performance, it is still insufficient for
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eliminating steady-state errors and ensuring robustness under such uncertain
environments [25]. Therefore, this study further introduces a disturbance
compensation mechanism on top of MPC. By designing a feedforward
compensator with an appropriate transfer function, measurable disturbances
can be fully compensated, thereby reducing or even eliminating steady-state
errors. Integrating the disturbance compensator with MPC forms a composite
control strategy that balances fast dynamic response and robust steady-state
performance, ensuring that the motor system maintains high adaptability and
control precision under complex and variable conditions.

The study aims to solve the system disturbance caused by changes in
motor parameters by establishing a direct mapping relationship between cur-
rent deviation and decoupling compensation. Figure 3 illustrates the structure
of the current DC.

In Figure 3, the current DC structure of the motor adopts a voltage
feedforward compensation strategy to improve the performance of the current
loop. This structure consists of two main compensation modules, P3(s)
and P4(s), which decouple and compensate for d-axis and g-axis currents,
respectively. P3(s) handles d-axis voltage feedforward, while P4(s) handles
g-axis voltage feedforward. The compensator eliminates the speed coupling
effect by introducing the w, - ¢ term and 1/(R + s - Lg) transfer function,
while using the 1/(R + s - L) link to achieve dynamic compensation of
the current loop. The motor, as the controlled object, is located at the end
of the system. Its input receives the control voltage wu; after feedforward
compensation, and its output feeds back the actual current value to form
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Figure 4 Structure diagram of sliding mode compensator.

a closed-loop control. In response to the direct interference problem in the
system, a sliding mode observer is constructed to estimate and compensate
for the direct disturbance component caused by parameter changes in real
time. The compensator constructed is shown in Figure 4.

As shown in Figure 4, the sliding mode compensator processes the input
signals through several negative-gain blocks, and the outputs of these blocks
are summed together and then passed through a unit delay block. The delayed
signals are added to the original signals and further adjusted by a gain block
and a saturation function, where the saturation function is used to limit the
signal amplitude and prevent excessive control actions. Finally, the processed
signals are fed through a positive feedback loop to enhance system stability.
The disturbance estimates obtained by the sliding mode observer are adjusted
by a compensation gain matrix and directly superimposed on the control
voltage commands generated by the MPC, thereby forming feedforward
compensation at the current loop level. Therefore, the designed disturbance
compensator employs the sliding mode observation method to obtain distur-
bance estimates and injects the compensation signal into the dg-axis voltage
control channel, achieving feedforward compensation in the current loop and
effective suppression of unknown disturbances. The disturbance estimation
value is shown in Equation (7).

dp = L(yx — Ciy) (7

In Equation (7), L is the compensator gain matrix. Zj signifies the
estimated state. The disturbance compensation control input is shown in
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Equation (8). .
ug = u,iwpc —dy, (8)

In Equation (8), uy represents the compensated control input. Based on
the current control input and state estimation, the state estimation value is
updated. The updated state estimation is shown in Equation (9).

T = T + K(yp — Cy,) 9

In Equation (9), K represents the Kalman gain matrix. £ represents
the updated state estimation. The disturbance estimation value is updated
based on current state estimation and control inputs. The updated disturbance
estimation value is shown in Equation (10).

dr1 = dy, + L(yx — Ciy,) (10)

In Equation (10), cZkH represents the updated disturbance estimation
value. The future state is predicted based on the compensated control input.
The future state is shown in Equation (11).

ik+i|k = Az + L(uk — C’cik) (11)

In Equation (11), 2y represents the future state. The system output
prediction is shown in Equation (12).

Uik = CZhqik (12)

In Equation (12), g4 signifies the system output prediction. The opti-
mal control input calculation under the composite control strategy is shown
in Equation (13).

k+N—1
it . N T 7 n
u, " = arg  min E (Drritke — 71)" Q(Urtipp — 7i)
Ul sy U+ N —1 ik
In Equation (13), u,”™" osile represents the optimal control input under the

composite control strategy. The motor control system based on DC and MPC
is shown in Figure 5.

In Figure 5, the motor control based on DC and MPC first adjusts
the current through a PI controller to make the actual current 74 track the
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Figure 5 Motor control system based on disturbance compensator and model predictive
control.

reference current 7,. Secondly, the MPC module uses the deviation between
the reference current and the actual current to generate the control voltage
ugq through model predictive and rolling optimization. After the abc/dq
coordinate transformation, ug, generates a pulse width modulation signal
through a space vector pulse width modulation module, which drives the
inverter to provide voltage ug. to the motor. The DC provides real-time
estimation and compensation for disturbances in the system. After being
converted by a 30/pi module, the final speed is compared with the reference
speed w, to further optimize the control strategy.

3 Analysis of the Effect of Motor Control

3.1 Experimental Environment and Parameter Settings

The experimental platform uses dSPACE MicroLabBox (DS1202) as the
main control unit, equipped with Intel Core i7-1185G7 @3.0GHz CPU,
16GB of memory, and a real-time processor frequency of 2GHz. The power
drive uses Infineon FS820R08A6P2B three-phase full bridge inverter, with
a switching frequency set to 10kHz and a DC bus voltage of 300 V. The
test motor is a PMSM with a rated power of 1.5 kW and a rated speed
of 3,000 rpm. The selected software is MATLAB/Simulink R2023a. The
detailed settings are shown in Table 1.
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Figure 6 Comparison of rise time and settling time of motor control under different speed
conditions.

3.2 Dynamic Performance Analysis of Motor Control

Under different rotational speeds, the rise time and settling time of the motor
controlled by the composite control strategy based on DC and MPC are
compared with other methods. The comparison results are shown in Figure 6.

In Figure 6(a), as the speed increased, the rise time of all control
strategies also increased. The MPC+DC composite control strategy exhibited
the shortest rise time at all speed stages, while traditional PI control had
the longest rise time. When the speed was 2,000 rpm, the rise time of
MPC+DC composite control and traditional PI control was 0.72 s and 1.22 s,
respectively. In Figure 6(b), as the speed increased, the settling time of all
control strategies also increased. The MPC+DC composite control exhibited
superior performance. When the speed was 2,000 rpm, the settling time was
1.89 s. The MPC+DC composite control strategy has better adaptability and
stability in handling speed step changes. Under different load conditions, the
overshoot and torque pulsation rate of the motor controlled by the composite
control strategy based on DC and MPC are compared with other methods, as
presented in Table 2.

According to Table 2, the MPC+DC composite control exhibited superior
performance under various load conditions. However, the performance of
traditional PI control was relatively poor when the load changed. When the
load reaches 100%, the overshoot, peak time, and torque pulsation rate under
traditional PI control are as high as 15.6%, 1.20 s, and 8.5%, respectively,
whereas the MPC+DC strategy reduces them to 3.9%, 0.70 s, and 1.7%.
This indicates that MPC+DC not only effectively suppresses overshoot and
torque pulsation, but also shortens the peak time, resulting in faster dynamic



Motor Control Algorithm Combining Model Predictive 1319

Table 2 Comparison of overshoot and torque pulsation rate of motor control under different
load conditions

Load Control Torque Pulsation
Conditions Strategy Overshoot (%) Rate (%) Peak Time (s)
0% PI 7.5 3.2 0.60
MPC 2.8 1.1 0.40
MPC+DC 1.9 0.6 0.32
25% PI 9.1 4.5 0.75
MPC 3.5 1.5 0.52
MPC+DC 2.3 0.8 0.42
50% PI 11.0 5.8 0.90
MPC 4.2 1.8 0.65
MPC+DC 2.7 1.0 0.52
75% PI 13.2 7.1 1.05
MPC 5.1 2.2 0.76
MPC+DC 3.1 1.3 0.62
100% PI 15.6 8.5 1.20
MPC 6.5 2.9 0.85
MPC+DC 3.9 1.7 0.70

[\
(=]
1

6 AMPC+DC AMPC API AwmMpc+DC AMPC  API

S
S
S 16
o=
-E 12
=
8
> 8
2
e 4
&
o
\ ‘ 20
25 50 75 100 25 50 75 100
Load (%) Load (%)
(a) Anti-interference recovery time (b) Frequency bandwidth under different
under different load conditions load conditions

Figure 7 Comparison of anti-interference recovery time and frequency bandwidth of motor
control under different load conditions.

response. The results effectively verify the stability and efficiency of the
MPC+DC composite control in motor control tasks, especially its adaptability
and control accuracy in load changes. The anti-interference recovery time and
frequency bandwidth controlled by different control strategies for the motor
are shown in Figure 7.

In Figure 7(a), with the increase of load, the anti-interference recovery
time of all control strategies increased. The traditional PI control had the
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Figure 8 The speed drop amplitude and the load sudden change recovery time in motor
control under different load conditions.

longest anti-interference recovery time, while the MPC+DC composite con-
trol strategy had the shortest anti-interference recovery time. When the load
was 100%, the anti-interference recovery time was 5.67 s and 2.77 s, respec-
tively. As shown in Figure 7(b), with the increase of load, the bandwidth
of all control strategies increased. When the load was 100%, the maximum
bandwidth of the MPC+DC composite control strategy was 15.1 Hz.

3.3 Analysis of Anti-interference Ability of Motor Control

To verify the anti-interference ability, the speed drop amplitude and load
sudden change recovery time are compared. The results are shown in
Figure 8.

According to Figure 8(a), as the grid voltage decreased, the speed drop
amplitude of all control strategies increased. The traditional PI control had
the largest speed drop amplitude, while the MPC+DC composite control
strategy had the smallest speed drop amplitude. When the voltage dropped by
20%, the speed dropped by 8.6% and 2.8%, respectively. From Figure 8(b),
the load sudden change recovery time for motor control using MPC+DC
composite control strategy was the shortest. When the load was 100%, the
load sudden change recovery time was 2.09. The experimental results verify
the effectiveness in dealing with voltage disturbances and load transients in
the power grid. The steady-state error offset of different control strategies
under different stages of bearing friction torque disturbance is shown in
Table 3.

According to Table 3, as the rated torque increased, the steady-state
error offset of all control strategies increased. The steady-state error offset
of traditional PI control was the largest, while the steady-state error offset of
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Table 3 Comparison of steady-state error offset under different rated torque conditions

Load Conditions  Control Strategy ~ Overshoot (%)

Torque Pulsation Rate (%)

100 200 300 400 500

0

0% PI 7.5 3.2
MPC 2.8 1.1
MPC+DC 1.9 0.6
25% PI 9.1 4.5
MPC 3.5 1.5
MPC+DC 2.3 0.8
50% PI 11.0 5.8
MPC 4.2 1.8
MPC+DC 2.7 1.0
75% PI 13.2 7.1
MPC 5.1 2.2
MPC+DC 3.1 1.3
100% PI 15.6 8.5
MPC 6.5 29
MPC+DC 3.9 1.7
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Figure 9 Disturbance suppression ratio and current tracking error of motor control under

different disturbances.

MPC+DC composite control strategy was the smallest. When the rated torque
was 20%, the steady-state error offsets were 11.64% and 2.64%, respectively.
The proposed method has better adaptability and stability in bearing friction
torque disturbance. The comparison results of disturbance suppression ratio
and current tracking error of different control strategies under wideband white
noise and sinusoidal torque disturbance are shown in Figure 9.

In Figure 9(a), with the increase of wideband white noise frequency,
the disturbance suppression ratio of all control strategies decreased. The
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disturbance suppression ratio of traditional PI control was the smallest, while
the disturbance suppression ratio of MPC+DC composite control strategy
was the largest. When the wideband white noise frequency was 500 Hz,
the disturbance suppression ratios were 6.2 dB and 15.7 dB, respectively.
In Figure 9(b), the MPC+DC composite control strategy had the smallest
current tracking error under sinusoidal torque disturbance. When the ampli-
tude of sinusoidal torque disturbance was 100%, the current tracking error
was 1.51 A. The experimental results verify the effectiveness in dealing with
wideband white noise and sinusoidal torque disturbance.

Finally, the study further verifies the advancement and robustness of the
MPC+DC composite control strategy. Two comparison methods are selected:
FOC+ADRC, which combines field-oriented control and active disturbance
rejection control to adaptively compensate for external disturbances, and
H*°+DOB, which combines H*® robust control with a disturbance observer,
providing both theoretical robustness and strong disturbance suppression
capability. At the same time, five operating scenarios S1 to S5 are set,
including S1 rated condition with no disturbance and no parameter variation,
S2 load disturbance with random £20% load fluctuation during operation,
S3 parameter uncertainty with £15% variation in stator resistance and induc-
tance, S4 measurement noise with white noise of 30 dB SNR added to current
sampling, and S5 comprehensive complex condition with simultaneous pres-
ence of the uncertainties in S2 to S4. The comparison results are shown in
Table 4.

The results in Table 4 show that the proposed MPC+DC composite
control strategy demonstrates clear advantages under all operating conditions.
First, in terms of overshoot, MPC+DC consistently maintains the lowest level,
about 2% to 3% lower than FOC+ADRC and 1% to 3% lower than H*+DOB.
Regarding peak time, MPC+DC achieves faster dynamic responses, generally
about 0.1 to 0.2 seconds earlier, indicating superior dynamic performance.
Second, for steady-state error, MPC+DC remains within 1% across all scenar-
ios, significantly better than the other methods and ensuring high steady-state
accuracy. In addition, for torque ripple, MPC+DC reduces fluctuations by
approximately 30% to 40% compared with FOC+ADRC and by 20% to
30% compared with H*+DOB, reflecting stronger stability. Particularly in
the most complex S5 scenario, MPC+DC still maintains stable operation,
with overshoot of only 4.8%, steady-state error within 1%, and torque
ripple of 2.6%, which fully demonstrates its robustness and adaptability
in handling load disturbances, parameter variations, and measurement
noise.
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Table 4 The comparison results of different methods under different working conditions
Peak Steady-state Torque

Method Scenario  Overshoot (%) Time (s) Error (%) Ripple (%)
FOC+ADRC S1 52 0.85 1.6 3.1
S2 6.1 0.89 1.8 3.6
S3 6.6 0.92 1.9 39
S4 7.0 0.95 2.0 4.2
S5 7.4 0.97 2.1 4.5
H*+DOB S1 4.7 0.83 1.4 2.8
S2 5.5 0.86 1.6 32
S3 6.0 0.89 1.7 3.5
S4 6.4 0.92 1.8 3.7
S5 6.8 0.95 1.9 39
MPC+DC S1 39 0.72 0.4 1.8
S2 4.2 0.75 0.5 2.0
S3 4.4 0.77 0.6 2.2
S4 4.6 0.79 0.7 23
S5 4.8 0.80 0.8 2.6

4 Conclusion

The performance of motor control systems has a decisive impact on the
fields of industrial automation and intelligent manufacturing, and its accuracy
is directly related to energy utilization efficiency and production process
optimization. To optimize the response speed and anti-interference ability,
a motor control algorithm combining MPC and DC was proposed. Compared
with other strategies, the MPC+DC composite control strategy had the high-
est disturbance suppression ratio. When the wideband white noise frequency
was 500 Hz, the disturbance suppression ratio was 15.7 dB. Under sinusoidal
torque disturbance, the current tracking error of the MPC+DC composite
control strategy was the smallest. When the amplitude of sinusoidal torque
disturbance was 100%, the current tracking error was 1.51 A. Under differ-
ent load conditions, the MPC+DC composite control significantly reduced
overshoot and torque pulsation rate, which were 3.9% and 1.7%, respectively.
The method effectively improves the motor control efficiency and reduces the
control error. It should be noted that since MPC needs to solve optimization
problems in real time during each control cycle, its computational complex-
ity is relatively high. In the experiments, the average response time was
extended by about 0.2-0.3 s under complex operating conditions, indicating a
certain limitation in real-time performance. To address this issue, future work
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will consider introducing model reduction, fast optimization algorithms, or
parallel computing hardware to reduce the computational burden and fur-
ther shorten the system response time, as well as exploring coupling with
lightweight control strategies to achieve a balance between high performance
and real-time capability in engineering applications.
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