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Abstract: Model predictive control (MPC) is significantly affected by parameter mismatch in inverter
applications, whereas model-free predictive control (MFPC) avoids parameter dependence through
the ultra-local model (ULM). However, the traditional MFPC based on the algebraic method needs
to store historical data for multiple cycles, which results in sluggish dynamic response. To address
the above problems, this paper proposes a model-free predictive control method based on the ultra-
local model and an adaptive super-twisting sliding mode observer (ASTSMO). Firstly, the effect
of parameter mismatch on the current prediction error of conventional MPC is analyzed through
theoretical analysis, and a first-order ultra-local model of the inverter is established to enhance
robustness against parameter variations. Secondly, a super-twisting sliding mode observer with
adaptive gain is designed to estimate the unknown dynamic terms in the ultra-local model in real time.
Finally, the superiority of the proposed method is verified through comparative validation against
conventional MPC and the algebraic-based MFPC. Simulation results demonstrate that the proposed
method can significantly enhance robustness against parameter variations and shorten the settling
time during dynamic transients.

Keywords: Model-free predictive control; ultra-local model; adaptive super-twisting sliding mode
observer; parameter robustness

1. Introduction
The two-level inverter, as a power converter, is widely used in new energy generation systems

such as photovoltaic, wind power, and micro-grids [1,2]. Among control strategies for voltage source
inverters, model predictive control (MPC) has been widely studied due to its advantages of control
flexibility, reliable operation, and simple complementation [3]. Related improvement research focuses
on reducing computational complexity, decreasing switching frequency, suppressing common-mode
voltage, or reducing current harmonics [4,5].

However, although existing improvements enhance performance from different perspectives, they
fail to fundamentally solve the model mismatch problem. MPC highly relies on model accuracy, but
numerous uncertain factors during actual operation can significantly affect model precision, thereby
degrading control performance [6]. Model mismatch directly leads to prediction value deviation; for
instance, load inductance parameter mismatch has been proven to increase output current harmonics
[7].

To mitigate parameter sensitivity, researchers have proposed strategies such as online parameter
correction [8,9] and real-time inductance identification [10]. However, these methods are either
computationally complex [11] or only focus on specific parameter variations while neglecting other
system components [12]. Model-free predictive control (MFPC) adopts the ultra-local model to replace
traditional modeling, aiming to circumvent the impact of mismatch [13]. Nevertheless, MFPC methods
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relying on multi-cycle historical data for future state estimation often exhibit some modeling errors
[14], and the substantial computational burden results in sluggish dynamic response [15,16].

In order to improve this problem, the observer is introduced to reduce the computational burden
[17]. For example, methods combining sliding mode observer (SMO) have been used to enhance
the speed regulation performance of permanent magnet synchronous motor [18,19] and improve the
dynamic response of two-level inverters [20,21]. However, such methods still have limitations: the
observer gain parameters are often preset offline, making it difficult to adapt to wide-range external
disturbances; the inherent feedback delay of the system always lags behind the rapid changes of
disturbances, constraining the dynamic performance [22].

To further enhance control performance under complex operating conditions, this paper proposes
a model-free predictive control strategy based on an adaptive super-twisting sliding mode observer
(ASTSMO), termed ASTSMO-MFPC. The core contributions lie in: 1) Employing the ultra-local model
to replace the traditional discrete model, circumventing model mismatch in MPC at its source; (2)
Designing a super-twisting sliding mode observer (STSMO) to accurately estimate the dynamic
components of the model; (3) Designing an adaptive algorithm that formulates the observer gains as
adaptive gains related to the current observation error, thereby constraining the impact of boundary
uncertainty in the dynamic components on the system and significantly enhancing system robustness
across diverse operating conditions. Simulation results verify the effectiveness and superiority of the
proposed method compared to existing schemes. The structure of the paper is as follows: Problem
Formulation, Proposed Control Strategy, Simulation Verification and Conclusion.

2. Problem Formulation
2.1. Mathematical Model and MPC Strategy

Figure 1 shows the topology of a three-phase two-level inverter. Here, Udc is the DC voltage;
L and R are the filter inductance and equivalent parasitic resistance, respectively; ea, eb, ec and ia,
ib, ic correspond to the three-phase AC grid voltages and inverter output currents, respectively; Sxi

(x = a, b, c; i = 1, 2) represents the switching states of the power devices. The two switching devices
in each phase leg operate in complementary conduction. Sx = 1 indicates that the upper switching
device is turned ON, while Sx = 0 indicates that the upper switching device is turned OFF. The valid
combinations of these switching states generate eight distinct discrete space voltage vectors, as listed
in Table 1, with their positions in the space vector diagram shown in Figure 2.

inC

1aS

2aS

1bS

2bS

1cS

2cS

dcU

R
ae

be

ce

ai

bi

ci

L

L

L

R

R

Figure 1. Two-level three-phase inverter.
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Figure 2. Discrete voltage vector.
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Table 1. Switching states and voltage vector

Switching states(Sa,Sb,Sc) Uα Uβ

(0,0,0) 0 0

(0,0,1) -Udc/3 -Udc/
√

3

(0,1,0) -Udc/3 Udc/
√

3

(0,1,1) -2Udc/3 0

(1,0,0) 2Udc/3 0

(1,0,1) Udc/3 -Udc/
√

3

(1,1,0) Udc/3 Udc/
√

3

(1,1,1) 0 0

Ideally, the inverter in the αβ stationary coordinate system can be modeled as:

L
diαβ

dt
= uαβ − Riαβ − eαβ, (1)

where uαβ = [uα; uβ], uα and uβ are the output voltage of the inverter; iαβ = [iα; iβ], iα and iβ are the
output current of the inverter; eαβ = [eα; eβ], eα and eβ are the AC voltage.

Assuming that the sampling period is T, the current prediction expression at time tk+1 can be
obtained by discretizing (1) as:

iαβ(k + 1) =
(

1 − RT
L

)
iαβ(k) +

T
L
[
uαβ(k)− eαβ(k)

]
, (2)

where x(k) denotes the value of the variable x at time tk ; x(k + 1) represents the value of variable x at
time tk+1.

To compensate for the inherent computational delay in the model predictive control strategy,
the following compensation mechanism is adopted: First, the optimal voltage vector uα(k) and uβ(k)
obtained in the previous control cycle are substituted into (2), computing the predicted currents
iα(k + 1) and iβ(k + 1) at time tk+1. Subsequently, all candidate voltage vectors uαβ(k + 1) shown
in Figure 2 are sequentially substituted into (3) to compute their corresponding predicted currents
iαβ(k + 2) at time tk+2. This achieves delay compensation based on two-step prediction:

iαβ(k + 2) =
(

1 − RT
L

)
iαβ(k + 1) +

T
L
[
uαβ(k + 1)− eαβ(k + 1)

]
, (3)

where x(k + 2) denotes the value of the variable x at tk+2.
When the sampling frequency is significantly higher than the system’s fundamental frequency, it

is reasonable to assume that the grid voltage vector remains approximately constant over one sampling
period, i.e., eαβ(k + 1) ≈ eαβ(k). The compensation of the reference current is achieved using the vector
angle compensation method, expressed as:

iαβre f (k + 2) = iαβre f (k)ej2πT , (4)

where iαβre f (k) is the given reference current.
To determine the optimal voltage vector, the cost function defined in (5) evaluates the current

tracking performance for each candidate vector. By minimizing the cost function, the optimal voltage
vector is selected and applied to the inverter switching actions in the next control cycle.

J =
(

iαβre f (k + 2)− iαβ(k + 2)
)2

. (5)
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As clearly seen from (3), the predicted current is strongly coupled with the inductance parameters
L and resistance parameters R. When external factors cause the actual parameters of the device to
deviate from the modeled parameters (a phenomenon termed parameter mismatch), significant errors
arise. The following section will derive detailed expressions to quantify this error.

2.2. The Effect of Parameter Mismatch

MPC is very sensitive to the change of parameters. The actual filter inductance and parasitic
resistance are assumed to be L0 and R0, while L and R are used to represent the filter inductance and
parasitic resistance used in the mathematical model. Therefore, the errors of filter inductance and
parasitic resistance can be expressed as ∆L = L0 − L and ∆R = R0 − R, respectively, and (2) can be
written as:

īαβ(k + 1) =
(

1 − R + ∆R
L + ∆L

T
)

iαβ(k) +
T

L + ∆L
[
uαβ(k)− eαβ(k)

]
, (6)

where īαβ(k + 1) is the predicted current considering the influence of parameter mismatch.
Taking the error on the α-axis as an example, this paper defines it as ε, which means the difference

between (2) and (6).
ε = iα(k + 1)− īα(k + 1). (7)

Substituting (2) and (6) into (7), we can get the following:

ε =
T

L(L + ∆L)
[(∆RL − R∆L)iα(k)− ∆L(uα(k)− eα(k))]. (8)

( )a

0/L L

0/R R



0/ 1R R =

0 =



0/R R

0/L L

0/ 1R R =

0 =

0/ 1L L =0/ 1L L =

( )b

Figure 3. Diagram of |ε|: (a) when L0 = 0.005H, R0 = 1Ω; (b) when L0 = 0.005H, R0 = 0.02Ω.

For analyzing the error expression, assume that during the current control cycle, uα = 0, uβ = 0
is the optimal vector. Figure 3 shows the absolute prediction error |ε| under specific parameter
combinations: Figure 3-(a) and Figure 3-(b) demonstrate that when the parasitic resistance is large
(R0 = 1Ω), resistance parameter mismatch significantly compromises control accuracy. Conversely,
when resistance is small (R0 = 0.02Ω), the negative impact of resistance mismatch on control accuracy
is substantially reduced.

Both Figure 3-(a) and Figure 3-(b) reveal that the prediction error |ε| reaches its minimum when
the actual inductance matches the modeled inductance (L = L0). Inductance mismatch increases the
prediction error |ε|, exhibiting directional dependency: When the actual inductance is smaller than the
modeled value (L/L0 < 1), |ε| increases sharply; When the actual inductance is larger (L/L0 > 1), |ε|
also increases but with a slow trend.
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3. Proposed Control Strategy
3.1. Ultra-Local Model

To address the reliance of conventional model predictive control on precise mathematical models
and its vulnerability to parameter mismatch, this paper introduces the ultra-local model as a solution.
This approach completely avoids explicit representation of physical parameters such as inductance
and resistance, instead establishing a data-driven nonlinear dynamic relationship that depends solely
on system input-output data. This model-free characteristic enables significant advantages in scenarios
involving unmodeled dynamics or parametric perturbations.

For a typical first-order dynamic system, its ultra-local model can be expressed in the following
form:

ẋ = σu(t) + F(t), (9)

where x denotes the system output, u(t) is the control input, and σ is a design parameter. The critical
term F(t), serving as a lumped representation of unknown dynamics, encompasses in real-time the
effects of all unmodeled dynamics, external disturbances, and parameter variations. By estimating
the time-varying characteristics of F(t) online, this model adaptively compensates control deviations
induced by model mismatch. This mechanism fundamentally eliminates the stringent requirement for
parameter accuracy in conventional MPC.

Building on [23], this paper constructs the ultra-local model for a 2L-inverter. While considering
practical system parameter deviations, the system equation can be written as:

(L0 + ∆L)
diαβ

dt
= uαβ − (R0 + ∆R)iαβ − eαβ. (10)

According to (9) and (10), the ultra-local model of 2L-inverter can be further derived, as shown in
(11):

diαβ

dt
= σuαβ +

(
1

L0 + ∆L
− σ

)
uαβ −

1
L0 + ∆L

(
eαβ + (R0 + ∆R)iαβ

)
= σuαβ + Fαβ, (11)

where Fαβ is the lumped disturbance of the system ; σ is a non-physical parameter of 2L-inverter. The
prediction model in (2) can be rewritten as:

iαβ(k + 1) = T
[
Fαβ(k) + σuαβ(k)

]
+ iαβ(k). (12)

Under parameter mismatch, the values of σ and Fαβ deviate, but Fαβ encapsulates various errors
and disturbances with real-time updating. Consequently, the system maintains robust control per-
formance through Fαβ despite parameter mismatch. This makes accurate calculation of Fαβ critically
important.

To estimate the lumped disturbance term Fαβ in real-time without relying on system parameters,
existing studies widely adopt algebraic identification techniques (Algebraic-MFPC). Processed via the
composite trapezoidal formula [24], Fαβ is calculated as:

Fαβ = − 3!
T3

F

∫ TF

0

[
(TF − 2δ)iαβ(δ) + σδ(TF − δ)uαβ(δ)

]
dδ, (13)

where TF = nFT, nF is the number of control cycles. Its value needs to be weighed between computa-
tional efficiency and estimation accuracy. Engineering practice shows that the reasonable value range
of nF is 8 ˜ 12. An excessively large nF leads to a significant increase in computational burden, while
an overly small nF reduces the accuracy of disturbance estimation due to insufficient data samples.
Traditional algebraic identification requires iterative calculations based on historical data. When the
reference command undergoes a step change, a large data window introduces inertial delay, limiting
the tracking response speed of Fαβ. Optimizing nF merely achieves a trade-off between computational
complexity and steady-state accuracy without fundamentally improving the response speed during
transient processes.
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3.2. Adaptive Super-Twisting Sliding Mode Observer

To address the inherent limitations of algebraic methods, a strategy using a sliding mode observer
(SMO) to estimate the dynamic component was proposed in [25]. However, this approach introduces
chattering into the control system, adversely affecting both dynamic and steady-state performance
[26]. The super-twisting sliding mode algorithm (STSMO), a second-order sliding mode technique
proposed by Levant [27], effectively suppresses chattering while preserving the strong robustness of
conventional SMO. This is achieved by transferring the high-frequency switching discontinuity from
the control signal u to its derivative u̇.

The STSMO design requires only the sliding surface information and is directly applicable when
the relative degree of the system with respect to the sliding variable is 1. However, a key challenge
hinders its practical application: difficulty in parameter tuning due to the typically unknown precise
boundaries of the dynamic component.

To meet the requirements of model-free predictive current control for 2L- inverters, this section
proposes an improved observer design with two key modifications:

(1) Replacing linear error feedback with an exponential adaptive law, where this nonlinear
regulation mechanism significantly enhances transient response performance;

(2) Substituting the sign function with a hyperbolic tangent function (tanh) to achieve smooth
chattering suppression. Building on these improvements, we construct a three-level cascade-structured
adaptive super-twisting sliding mode observer (ASTSMO) governed by the following dynamic equa-
tions:

dîαβ

dt
= σuαβ + F̂αβ, (14a)

F̂αβ = −λ1 tanh(k1e) + v, (14b)

dv
dt

= −λ2(t) tanh(k2e), (14c)

where îαβ is the observed value of current; e = iαβ − îαβ, denotes current observation error; uαβ

represents the control input voltage ; λ1 is a fixed gain coefficient, taking a positive real number ; k1, k2

is the nonlinear adjustment coefficient, positive real number; λ2(t) is a time-varying adaptive gain.
Firstly, The current observation error e is entered into the hyperbolic tangent function process-

ing layer; −λ1 tanh(k1e) constitutes a proportional channel to generate a fast response component;∫
−λ2(t) tanh(k2e)dt constitutes an adaptive integral channel to generate a disturbance tracking com-

ponent ; the estimated value of the disturbance is output after the two channels are superimposed.
The time-varying adaptive gain λ2(t) is designed as:

λ2(t) = γ|e|0.5 + θ, (15)

where γ is the adaptive adjustment coefficient (γ > 0); θ is the basic gain term (θ > 0). When |e| increases
: the gain λ2(t) increases automatically, enhancing the anti-interference ability. When |e| decreases :
the λ2(t) decreases automatically to avoid overshoot oscillation.

After the observer converges, the lumped disturbance estimate is :

F̂αβ = −λ1 tanh(k1e)−
∫

λ2(t) tanh(k2e) dt, (16)

The structure diagram of the adaptive super-twisting sliding mode observer designed according
to (14) - (16) is shown in Figure 4.
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Figure 4. Diagram of ASTSMO structure.

3.3. Stability Proof

Proposition 1: For the adaptive super-twisting sliding mode observer defined by (14), the observer
error e converges to zero in finite time when the following conditions hold:

a. The lumped disturbance Fαβ is bounded, i.e., there exists a constant Fmax > 0 such that
|Fαβ(t)| ≤ Fmax for all t;

b. The gain parameters satisfy λ2 > Fmax, γ > 0, λ1 > 0;
c. The nonlinear regulation coefficients k1, k2 are sufficiently large.
Proof. From the ultra-local model (9) and observer equation (14)-(a), the observer error dynamics

yields:
de
dt

=
diαβ

dt
−

dîαβ

dt
= Fαβ − F̂αβ. (17)

Bringing (14)-(b) in:
de
dt

= Fαβ + λ1 tanh(k1e)− v. (18)

The Lyapunov function is constructed as (19), V is a positive definite function.

V = V1 + V2 =
1
2

e2 +
1

2γ
(λ2 − λ∗

2)
2, (19)

where λ2 is the lower bound of the ideal gain, satisfying λ∗
2 > Fmax + η (η > 0).

dV
dt

=
dV1

dt
+

dV2

dt
= e

de
dt

+
1
γ
(λ2 − λ∗

2)
dλ2

dt
, (20)

Bring (18) into :
dV1

dt
= e

(
Fαβ + λ1 tanh(k1e)− v

)
, (21)

The adaptive gain derivation of (15) :

dλ2

dt
=

γ

2
|e|−0.5 de

dt
sign(e), (22)

Since |e|−0.5 is singular at e = 0, a regularization factor needs to be introduced. Let ρ = |e|1/2 + ξ ,
ξ be small constants greater than 0.

dλ2

dt
=

γ

2
ρ−1 de

dt
sign(e), (23)

brings (18), (21) and (23) into (20):
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dV
dt

= e
(

Fαβ + λ1 tanh(k1e)− v
)
+

1
γ
(λ2 − λ∗

2)ρ
−1 sign(e)

de
dt

= eFαβ + eλ1 tanh(k1e)− ev +
1
2
(λ2 − λ∗

2)ρ
−1 sign(e)

de
dt

= eFαβ + eλ1 tanh(k1e)− ev +
1
2
(λ2 − λ∗

2)ρ
−1 sign(e)[F + λ1 tanh(k1e)− v].

(24)

The following proves that it converges in finite time, using three inequalities to scale:

eλ1 tanh(k1e) ≥ λ1k1e2

cosh2(0)
= λ1k1e2, (25a)

−ev ≤ 1
2

e2 +
1
2

v2, (25b)

1
2
(λ2 − λ∗

2)ρ
−1 sign(e)Fαβ ≤ 1

2
|λ2 − λ∗

2 |ρ−1 sign(e)Fmax

≤ 1
2
(λ2 − λ∗

2)
2ρ−2 +

1
2

F2
max, (25c)

The conditions for the establishment of (25)-(a) are: when |x| is close to 0, tanh(x) ≥ sech2(0);
The validity of (25)-(b) can be proven by using Young’s inequality; Under parameter condition |Fαβ| ≤
Fmax, λ∗

2 > Fmax + η, (25)-(c) can be proven to hold. Combining (25)-(a) - (25)-(c) and selecting
sufficiently large λ1 and k1, we obtain:

dV
dt

≤ −
(

λ1k1 −
1
2

)
e2 +

1
2

v2 − 1
2

ηρ−1 +
1
2

F2
max, (26)

By (14)-(c), we know that v is bounded and take :

λ1k1 >
1
2
+

1
2

v2
max + F2

max, η > F2
max, (27)

Then there exists κ > 0 such that :

dV
dt

≤ −κV
1
2 , (28)

According to the finite-time stability theorem, the observer error e converges to zero in finite time

T ≤ 2V(0)1/2

κ .

3.4. ASTSMO-MFPC Strategy

Substitute F̂αβ with the dynamically estimated term Fαβ obtained from the stabilized ASTSMO
into (12), and consider delay compensation:

iαβ(k + 2) = T
[
F̂αβ(k) + σuαβ(k + 1)

]
+ iαβ(k + 1), (29)

The cost function defined in (5) is still employed for receding-horizon optimization. In summary,
the block diagram of the proposed adaptive super-twisting sliding mode observer-based model-free
predictive control for inverter is shown in Figure 5.

The execution flow of this control algorithm comprises three main steps: First, the adaptive
super-twisting sliding mode observer estimates the dynamic component of the inverter’s ultra-local
model in real-time; Second, the obtained estimate is substituted into the prediction model equation to
compute the predicted state at the next sampling instant, followed by global optimization calculation
based on the predefined cost function; Finally, the optimal voltage vector that minimizes the cost
function value is selected to generate corresponding switching signals. This control strategy requires
no precise physical parameters of the inverter system, thus exhibiting remarkable robustness.
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Figure 5. Diagram of system control structure.

4. Simulation Verification
To verify the effectiveness of the proposed algorithm, a simulation model was established and com-

pared with both conventional model predictive current control (MPC) and algebraic-based model-free
predictive current control (Algebraic-MFPC). Identical circuit parameters were used for all methods,
operating at low voltage levels. Relevant simulation parameters are listed in Table 2.

Table 2. Simulation parameters

Parameter Value

DC voltage Udc(V) 120

Effective value of AC line voltage e(V) 60

Filter inductor L(H) 0.005

parasitic resistance R(Ω) 0.05

switching frequency f (kHz) 20

scale factor σ 500

Basic gain θ 25

proportional gain λ1 150

nonlinear coefficient k1 80

nonlinear coefficient k2 120

adaptive coefficient γ 16

4.1. Steady-State Results under Parameter Matching

To validate effectiveness, the steady-state performance of the ASTSMO-MFPC was compared
via simulations with MPC and Algebraic-MFPC. Figure 6 and Figure 7 present the output current
waveforms and corresponding total harmonic distortion (THD) analyzes for the three methods at
reference currents of 4 A and 8 A, respectively. THD values under varying reference currents are
summarized in Table 3.

Simulation results demonstrate that under parameter-matched conditions, all three strategies
achieve steady-state reference current tracking while maintaining THD within industry-accepted
standards. Detailed analysis reveals: (1) With accurate parameter matching, MPC delivers acceptable
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performance meeting basic requirements; (2) Both MFPC methods outperform conventional MPC,
as clearly evidenced by Table 3 data showing significantly lower THD values for MFPC strategy at
identical reference currents; (3) Figure 6 - 7 indicate that Algebraic-MFPC exhibits slight overshoot at
phase peaks, whereas the proposed ASTSMO-MFPC maintains superior current amplitude accuracy
with smoother waveforms; (4) Table 3 THD data conclusively proves ASTSMO-MFPC achieves the
lowest THD across all tested currents (4–12 A), substantially outperforming both MPC and Algebraic-
MFPC. For example, at 8 A, its THD (1.52%) is lower than MPC’s 2.03% and Algebraic-MFPC’s 1.66%,
with this advantage persisting as current increases.

In summary, under parameter-matched conditions, the proposed ASTSMO-MFPC demonstrates
optimal performance in both current amplitude accuracy and harmonic suppression (THD reduction).
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Figure 6. The simulation results when the reference current is 4A: (a) MPC strategy; (b) Algebric-MFPC strategy;
(c) ASTSMO-MFPC strategy.
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Figure 7. The simulation results when the reference current is 8A: (a) MPC strategy; (b) Algebric-MFPC strategy;
(c) ASTSMO-MFPC strategy.

Table 3. THD under different reference with parameter matching

Reference THD of MPC THD of
Algebraic-MFPC

THD of
ASTSMO-MFPC

4A 2.87% 2.08% 1.75%

6A 2.35% 1.79% 1.67%

8A 2.03% 1.66% 1.52%

10A 1.90% 1.54% 1.37%

12A 1.80% 1.44% 1.30%

4.2. Results under Parameter Mismatching

To validate the parameter robustness of the proposed method, this paper conducts a comparative
study between ASTSMO-MFPC and MPC under model parameter mismatch conditions. The simula-
tion sets the reference current to 8 A and configures the inductance parameter in the control algorithm
to half the actual inductance.

Figure 8 displays the output current waveforms of both methods under parameter mismatch.
Visually, the MPC output exhibits significant distortion with degraded waveform smoothness and
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a doubled THD value. In contrast, ASTSMO-MFPC maintains accurate tracking of the reference
sinusoidal wave without observable distortion, showing minimal THD variation.

Table 4 presents the THD values of both strategies under parameter mismatch conditions at
reference currents ranging from 6 A to 12 A. At each operating point, the MPC strategy exhibits
significantly increased THD, while the ASTSMO-MFPC maintains near-constant performance. These
results demonstrate that while conventional MPC suffers severe performance degradation under pa-
rameter mismatch, the ASTSMO-MFPC method substantially enhances parameter robustness through
its observer’s real-time updating of unknown dynamics.
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Figure 8. Output current results under parameter mismatch: (a) MPC strategy; (b) ASTSMO-MFPC strategy.

Table 4. THD under different Reference with parameter mismatching

Reference THD of MPC THD of ASTSMO-MFPC

4A 5.88% 1.80%

6A 5.06% 1.72%

8A 4.46% 1.62%

10A 3.98% 1.42%

12A 3.85% 1.33%

4.3. Results when Reference Current Step

To thoroughly compare the dynamic performance of the proposed ASTSMO-MFPC with
Algebraic-MFPC, dynamic tests under reference current step changes were conducted. The test
configured the reference current to step-increase from 4 A to 8 A. When the reference current experi-
enced a step change, the response time of Algebraic-MFPC was 1.21 ms. In contrast, ASTSMO-MFPC
exhibited faster dynamic response with its response time significantly reduced to 0.80 ms. This indi-
cates a 34.7% improvement in system response speed compared to the conventional algebraic method,
demonstrating substantial dynamic performance advantages.

A core improvement of the proposed method lies in employing ASTSMO to estimate unknown
disturbances and unmodeled dynamics within the system. This approach drastically reduces the online
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computational burden of the control system. The faster response time observed in Figure 9 directly
manifests this computational efficiency enhancement in dynamic performance, thereby enabling the
controller to complete predictive optimization calculations and update control actions more rapidly.
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Figure 9. Diagram of reference current step: (a) Algebric-MFPC strategy; (b) ASTSMO-MFPC strategy.

To objectively evaluate the computational complexity of the proposed strategy, execution times
were measured on an AMD Ryzen5 5600 @ 4.4 GHz simulation platform, enabling quantitative com-
parison between conventional MPC and the ASTSMO-MFPC strategy. Key findings are summarized
as follows: In the control actuation stage, both the proposed ASTSMO-MFPC and conventional MPC
require traversing all 8 voltage vectors and iteratively evaluating the cost function. The computational
complexity at this stage is comparable (measured mean: 95 µs/control cycle). The additional computa-
tional overhead primarily originates from the online ASTSMO estimation module (measured mean: 20
µs/control cycle), which dynamically updates the coefficients of the ultra-local model. Consequently,
the overall computational complexity of the proposed strategy exhibits only a 21% increase compared
to conventional MPC (i.e., 115 µs vs. 95 µs). This marginal computational cost delivers significant
performance benefits: It fundamentally eliminates the controller’s dependency on precise model
parameters while enhancing parametric robustness, thereby ensuring reliable system operation under
parameter mismatches.

5. Conclusions
To address the performance degradation of model predictive control caused by parameter mis-

match in three-phase inverter systems, this paper proposes a model-free predictive current control
strategy based on an adaptive super-twisting sliding mode observer. This strategy integrates model-
free concepts into the predictive framework, replacing traditional physical models with a first-order
ultra-local model to fundamentally eliminate reliance on precise parameters. By designing an ASTSMO
with adaptive gains to accurately estimate unknown dynamic terms in the ULM in real-time, it signifi-
cantly enhances disturbance rejection capability. Simultaneously, the adaptive gain mechanism sim-
plifies parameter tuning. Simulation results demonstrate that the proposed ASTSMO-MFPC method
outperforms conventional MPC and algebraic MFPC in both steady-state harmonic suppression and
dynamic response speed. It exhibits stronger parameter robustness and superior comprehensive
dynamic-steady-state performance, providing an effective solution for high-performance inverter
control under parametric uncertainty.
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