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Abstract—This article proposes an improved model-free ac-
tive disturbance rejection deadbeat predictive current con-
trol(ADRDPCC) method for permanent magnet synchronous mo-
tor (PMSM) used in more electric aircraft (MEA) based on the
data driven method, which is used to solve the parameter mis-
match problem of deadbeat predictive current control (DPCC) and
improve the performance of PMSM control system. DPCC model
applied to the current loop of the MEA motor is established as
the main control strategy of the system. The principle of active
disturbance rejection control is combined with DPCC, and the
ADRDPCC structure is formed to optimize the control strategy. A
specific extended state observer (ESO) of ADRDPCC is designed to
track the internal disturbance caused by parameter mismatch and
the external disturbance in real time. DPCC is used as the control
law of the ADRDPCC structure to predict the current and output
the reference voltage based on the observation of ESO. A deep
reinforcement learning model based on ADRDPCC is designed and
trained based on the data-driven method. The trained model can
compensate and optimize ADRDPCC based on the disturbance
observed by ESO and the observed control state of PMSM. The
simulated and experimental results show the superiority of the
proposed method.

Index Terms—Active disturbance rejection control, deadbeat
predictive current control (DPCC), deep reinforcement learning
(DRL), more electric aircraft (MEA), permanent magnet
synchronous motor (PMSM).

I. INTRODUCTION

MORE electric aircraft (MEA) has become the main trend
of the modern aircraft industry due to the use of clean

energy and the reduction of carbon emissions [1]. Permanent
magnet synchronous motor (PMSM) has become one of the best
choices for MEA motors due to its simple structure and high
power density [2], [3]. Nowadays, feedforward flux weakening
(FFW) control is becoming one of the popular control methods
for MEA motors [4], [5].
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In MEA-PMSM-FFW control system, the performance of
current control is the key factor to determine the system perfor-
mance. Current predictive control is one of the common current
control methods [6], which has good steady-state and dynamic
performance and can control the current with high accuracy in a
short time interval [7]. Predictive current control can be divided
into two categories: model predictive current control (MPCC)
and deadbeat predictive current control (DPCC). MPCC has the
advantages of fast dynamic response, nonlinear constraint con-
trol, and real-time implementation [8]. A mathematical model
self-tuning strategy is proposed in [9], which can correct the
stator current model in real-time and improve the prediction
accuracy of MPCC. The cost function of MPCC is designed in
the form of PI [10], which is able to include the previous tracking
error and the subsequent tracking error, and forces the predic-
tion current with high robustness. However, the computational
complexity of MPCC is high because all the basic voltages need
to be enumerated. In a control cycle, only one voltage vector
is selected, so that the current error cannot be further reduced
[11]. MPCC is a model based control strategy, which is highly
dependent on model parameters and is easily affected by load
changes, skin effects, working temperature changes [12], [13].

In contrast, DPCC is used to reduce the control complexity
and calculation burden, and the reference voltage vector with
zero current error can be obtained with only one calculation
[14]. This method predicts voltage reference based on discrete
model, and uses space vector PWM to convert corresponding
switch configuration [15]. A DPCC with thrust ripple equivalent
compensation is used instead of a PI controller in order to
improve the dynamic response of the current loop, which can
compensate the cogging force [16]. In [17], a multistep DPCC is
proposed, which has less computation time and better stability.
DPCC has higher accuracy, but it is also troubled by model
mismatch [18]. Some methods propose the model-free DPCC
which can predict the action of the model based on the observed
current difference [19], but the current difference has the prob-
lem of stagnation and hysteresis [20]. Although the stagnation
can be solved, MPC optimum detection is neglected and the
updated information is retrieved at the cost of an increase of the
current ripple [21]. Employing observers in the control system
is a good method to reduce the sensitivity of parameters [22],
[23], but due to the lack of state prediction ability, it is difficult
to have a better compensation effect on the control performance
[15].
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The data-driven method starts from the initial data or
observation value, uses heuristic rules to find and establish the
relationship between internal features, and then discovers the
relevant laws. At present, scholars have applied the method
in the field of electric drives. In [24], the practical real-time
implementation of data-driven methods are verified, and data-
driven paradigm is used as a systematic design tool for PMSM
current controllers, and comparisons between the model-based
and data-driven controls are provided to verify the advantages.
The concepts of iterative learning control and data-driven are
incorporated into the MPC framework, and the method has the
effect of reducing parameter disturbance [25]. An intelligent gate
drive control method based on data-driven is proposed, which
can adjust the driver according to real-time operation conditions
to improve the operating performance of the converter [26]. In
[27], a data-driven adaptive PID control scheme is proposed, and
simulation results show that the method can adjust the controller
parameters of a quadrotor UAV online.

Machine learning (ML), which is a kind of data-driven artifi-
cial intelligence method, can describe unknown models by learn-
ing and exploring experiences and cases based on the develop-
ment of computer technology [28]. Deep reinforcement learning
(DRL), which is a kind of stochastic method based on deep neu-
ral network, can establish the model between observation value
and demand value through maximum likelihood method [29].
At present, DRL has been successfully used in many practical
electrical applications, such as the optimal decision-making of
battery charging [30], parameter optimization of motor control
[31] and so on. Because the characteristic of DRL is to predict
the future state based on observation and experience [32], it is
suitable to design a DRL model as the model-free improvement
and compensation to DPCC in the case of parameter mismatch
and external disturbance, which is one of the motivations of the
proposed method.

Therefore, the existing unresolved issues are as follows.
1) The previous model-based methods to improve the dis-

turbance rejection performance of DPCC are to make
real-time parameters more accurate, such as parameter
identification, which does not fundamentally solve the
problem of DPCC being vulnerable to disturbance.

2) The previous DPCC using observers compensates the
system with coefficient factors based on the observation
results, which would be limited by the coefficient factors.

3) The previous model-free DPCC gives different response
according to different states after a large number of exper-
iments are summarized, which is close to the table lookup
method and has the disadvantages of large calculation
amount and inflexibility.

In response to the above issues, the novelty and contributions
of this article are as follows.

1) An improved ADRDPCC based on the active disturbance
rejection control structure is proposed, which improves the
disturbance rejection ability of DPCC structurally, and has
simple structure and strong robustness [33].

2) The proposed ADRDPCC improves the DPCC method
with observers, designs a specific extended state observer
(ESO) for the control environment, and breaks through the

limitations of traditional coefficient factor compensation
methods.

3) A model-free current prediction compensation mechanism
is proposed and trained by the data-driven DRL method,
and a gradient descent method is designed to make the
DRL training model converge.

Under the premise of ensuring reliable operation, the training
mechanism can compensate the control system based on the
observations of ESO and the current state of the system flexibly
and quickly. The proposed method combines the advantages of
the model-based and the model-free DPCC, respectively, solving
the problem that the controller is sensitivity to disturbances and
parameter mismatches, and improving the control performance
of MEA motor effectively.

The model of DPCC controller is built according to the
theoretical analysis and is used as the current loop of the flux
weakening control system in Section II. An ESO model is
designed and the active disturbance rejection DPCC control
framework is built in Section III-A. DRL model is constructed
based on the design of the interface module, training mechanism
and reward mechanism according to Markov decision process
(MDP), and used to compensate the predicted current in the
form of model-free method in Section III-B, C. The ADRDPCC
control system is simulated and the experimental platform is
built to verify the effectiveness of the proposed method in
Sections IV and V. Finally, Section VI concludes this article.

II. DESIGN OF DPCC OF TWO-STEP DELAY

The goal of DPCC is to make the current at time k+1 equal
to the given current at time k, that is, to achieve zero error
tracking of the given current within a control cycle, which can
be expressed as

idq(k + 1) = i∗dq(k) (1)

where idq is the d–q axis current, and the superscript ∗ represents
the given value. The equation of PMSM in d–q axis can be
expressed as

{
did
dt = −Rsid

Ld
+

Lq

Ld
ωeiq +

ud

Ld
diq
dt = −Ld

Lq
ωeid − Rs

Lq
iq +

uq

Lq
− ωeϕf

Lq

(2)

where udq is the d–q axis voltage, Rs is the stator resistance, Ldq

is the d–q axis inductance, ωe is the electrical angular velocity,
and ϕf is the flux linkage. Discreting (2) with forward Euler
method, one can get

⎧⎪⎪⎨
⎪⎪⎩

id(k+1)−id(k)
Ts

= −Rsz

Ldz
id(k) +

Lqz

Ldz
ωe(k)iq(k) +

u∗d(k)
Ldz

iq(k+1)−iq(k)
Ts

= −Ldz

Lqz
ωe(k)id(k)− Rsz

Lqz
iq(k)

−ωe(k)ϕfz

Lqz
+

u∗q(k)
Lqz

(3)
where Ts is the period from k to k+1. Since the internal param-
eters of the motor will change with time and environment, the
subscript z is used to represent the time-varying parameter. The
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Fig. 1. Operation process of DPCC.

corresponding voltage equation is⎧⎪⎨
⎪⎩
u∗d(k) = Rszid(k) + Ldz

id(k+1)−id(k)
Ts

− ωe(k)Lqziq(k)

u∗q(k) = Rsziq(k) + Lqz
iq(k+1)−iq(k)

Ts

+ωe(k)Ldzid(k) + ωe(k)ϕfz

.

(4)
Due to the unit calculation delay, the udq∗(k) calculated at the

time k will be applied to the motor control system at the time k+1.
Therefore, the unit calculation delay needs to be compensated.
The given voltage at the time k+1 is calculated at the time k to
correct the control target, so that the current at the time k+2 is
equal to the current at the time k, which is also called the two-step
delayed DPCC. Therefore, the predicted current at time k+1 is⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

îd(k + 1) = [−Rsz

Ldz
id(k) +

Lqz

Ldz
ωe(k + 1)iq(k)

+
u∗d(k−1)

Ldz
]Ts + id(k)

îq(k + 1) = [−Ldz

Lqz
ωe(k + 1)id(k)− Rsz

Lqz
iq(k)

−ωe(k+1)ϕfz

Lqz
+

u∗q(k−1)
Lqz

]Ts + iq(k)

(5)

where the superscript ^ represents the estimated value. Since the
interval of Ts is very small, ωe(k+1) = ωe(k). By introducing
(5) into (4), the two-step delayed DPCC can be obtained, and
the operation process is as shown in Fig. 1.

III. PROPOSED ADRDPCC STRATEGY

A. Observer Design Based on ADRC

The principle of classical ADRC can be expressed as{
x(n) = f(x, ẋ, . . . , x(n−1), t) + ω(t) + bu
y = x(t)

(6)

where f(x,…,x(n-1),t) is the control system, ω(t) is the distur-
bance, x(t) is the output that can be measured, u is the control
effect of the system, b is the control effect gain. Specifically,
ADRC is composed of three parts to realize the function of
(6): tracking differentiator (TD); ESO; and a control law such as
nonlinear state error feedback (NLSEF). Fig. 2 shows the control
framework of classical ADRC.

TD is used to arrange the transition process. The smoothing
process provided by TD may lead to the effect of delayed track-
ing, so it can also be omitted [34]. ESO is the core component
of ADRC, which can observe the output and its differential
state. ESO can also estimate the total disturbance of the system
under the condition of uncertain model, and the system can
be compensated based on the disturbance. The control law is

Fig. 2. Control framework of ADRC.

Fig. 3. Control principle of ADRDPCC.

used to control the observed value of ESO and the input value.
The design and selection of control law should be based on the
requirements of control environment.

The improved ADRDPCC takes ADRC as the basis of the
control framework. ESO, the core of ADRC, is used as the
observer, and DPCC designed in Section II is used as the control
law to improve the current control performance. The training
DRL model compensates the output of DPCC based on the
observation value of ESO. Fig. 3 shows the control principle of
the proposed ADRDPCC method, which is an improved DPCC
with a generalized ADRC structure.

The classic ESO formula can be written as⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

ε1 = z1 − y
ż1 = z2 − β1ε1
· · · · · ·
żn+1 = zn+2−βn+1fal(ε1, αn, δ)+f0(x1, x2, . . . , xn+1)

+ bu
ẋn+2(t) =−βn+2fal(ε1, αn+1, δ)
y=x1

(7)
where ε is the observer error, β is the gain coefficient, f(x1,
x2, …,xn+1, t) is the total disturbance of internal and external
disturbances, Z1,…,Zn are the extended state of the control
objective after analyzing the output y of the whole system, and
fal() is nonlinear function

fal(x, a, δ) =

{
x

δ1−a , |x| ≤ δ
sign(x), |x| > δ

(8)

where x is the error, a is the nonlinear factor, δ is the filter factor,
and sign(x) is symbolic function. When x ≥ 0, sign = 1, and
when x < 0, sign = −1.

In order to make full use of ESO, it is necessary to design the
observer in combination with the specific control system and
control environment. The ESO design process of ADRDPCC
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system is described as follows. Let Δudq = udq-udq∗, then (2)
can be rewritten as{

did
dt = −Rsid

Ld
+

Lq

Ld
ωeiq +

u∗d+Δud

Ld
diq
dt = −Ld

Lq
ωeid − Rs

Lq
iq +

u∗q+Δuq

Lq
− ωeϕf

Lq

. (9)

Since the internal parameters of the motor will change with
the working condition and time, (9) can be rewritten as⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

did
dt = 1

Ldz
(−Rszid + Lqzωeiq + u∗d) +

Δud

Ld

+(−Rs

Ld
+ Rsz

Ldz
)id + ( 1

Ld
− 1

Ldz
)u∗d

= 1
Ldz

(−Rszid + Lqzωeiq + u∗d) + Zd
diq
dt = 1

Lqz
(−ωeLdzid −Rsziq + u∗q − ωeϕfz) +

Δuq

Lq

+(Rsz

Lqz
− Rs

Lq
)iq + ( 1

Lqz
− 1

Lq
)u∗q − (

ωeϕf

Lq
+

ωeϕfz

Lqz
)

= 1
Lqz

(−ωeLdzid −Rsziq + u∗q − ωeϕfz) + Zq

Zd = Δud

Ld
+ (−Rs

Ld
+ Rsz

Ldz
)id + ( 1

Ld
− 1

Ldz
)u∗d

Zq =
Δuq

Lq
+(Rsz

Lqz
− Rs

Lq
)iq + ( 1

Lqz
− 1

Lq
)u∗q

−(ωeϕf

Lq
+

ωeϕfz

Lqz
)

(10)
where Zd and Zq are the d–q axis current disturbance caused by
parameters mismatch, respectively. Most previous DPCC only
substitutes the changed parameters into (9), but the disturbance
Zdq are ignored. The analysis and compensation of Zdq is con-
sistent with the constructers of ADRC and ESO, which is one of
the motivations of the method proposed in this article. ESO is
used to observe the output and disturbance of the system, DPCC
is used as the control law to control the observed value, and
advanced DRL algorithm is used to compensate the proposed
control system based on the disturbance observation value. On
the basis of the framework of ADRC, the ADRDPCC algorithm
proposed in this article is to improve the performance of the
current loop. Therefore, the proposed method is not only an
improvement of DPCC, but also can be seen as a special ADRC
current controller.

The ESO model of ADRDPCC is constructed as⎧⎪⎪⎪⎨
⎪⎪⎪⎩
ed(k) = ido(k)− îd(k)

îd(k + 1)= îd(k)+Ts{[−Rsz

Ldz
ido(k)+

Lqz

Ldz
ωe(k + 1)iqo(k)

+
u∗d(k−1)

Ldz
]+Ẑd(k + 1)+β1fal1(ed(k))}

Ẑd(k + 1) = Ẑd(k) + Tsβ2fal2(ed(k))

(11)⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

eq(k) = iqo(k)− îq(k)

îq(k + 1)= îq(k)+Ts{[−Rsz

Lqz
iqo(k)− Ldz

Lqz
ωe(k + 1)ido(k)

−ωe(k+1)ϕfz

Lqz
+

u∗q(k−1)
Lqz

] + Ẑq(k + 1)

+β3fal3(eq(k))}
Ẑq(k + 1) = Ẑq(k) + Tsβ4fal4(eq(k))

(12)

where idqo is the observed value of the d–q axis current, β1-4 are
gain coefficients. Because DPCC is essentially a deterministic
process of solving equations for expected values, and used to
replace the traditional NLSEF as the control law of ADRC
system, the stability analysis of this method is essentially the
stability analysis of classical nonlinear ADRC, which has been
fully proved by many scholars [35], [36], [37], [38].

Fig. 4. Training principle of DRL compensation.

B. Compensation Design Based on MDP

Based on the observation and feedback of ESO, DPCC mod-
ule is employed to output the original value of reference voltage,
and the model-free DRL method is designed to compensate
the reference voltage. In order to make model-free compensa-
tion mechanism effective, a compensation mechanism training
scheme needs to be designed based on DRL method. The reward
function should be designed to comprehensively evaluate the
control effect of the motor after compensation. Each compensa-
tion for DPCC is regarded as an “Action” of the compensation
mechanism, and the situation of the control system after com-
pensation is regarded as the “State,” and State at this time is
evaluated according to the reward function. According to dif-
ferent evaluations, DRL will train the compensation mechanism
to continuously adjust the compensation strategy until the end
of training. DRL compensation mechanism after training can
provide the most appropriate compensation value for the original
voltage reference according to the different observation values
of ESO, and obtain better control effect.

The process of setting Action, State, reward function is called
MDP, in the form of which DRL is implemented. Specifically,
MDP uses st to represent the current State and at to represent
the current Action after decision. Each Action at taken in the
current State st will generate a new State st+1. The following
State-Action sequence τ will be obtained through continuous
judgment and decision-making.

τ ∼ {s0, a0, s1, a1 . . . st−1, at−1, st}. (13)

The reward function can be designed according to different
requirements, and the reward value rt calculated according to the
reward function is used to evaluate each decision and Action. The
optimal decision strategy at = π(st) can be obtained when the
total reward value is maximum. Agent inside the DRL constantly
interacts and explores with the control environment, updates
and corrects Action at that should be taken under different
States st according to the evaluation value rt until rt reaches
the optimization and converges, so that the training of DRL
compensation mechanism can be completed as shown in Fig. 4.

To be specific, the total reward value can be obtained while
considering the impact of long-term returns

Rtk =
∑
k=0

γkrt+k+1 (14)

where γ is the discount coefficient with the size between (0, 1),
which is used to prevent the unlimited expansion of the total
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reward value. The total reward value is calculated in the form of
expected value, and the reward expectation obtained according
to the current state and strategy can be obtained

Vπ(st) = Eπ

[ ∞∑
k=0

Rtk|st
]

= Eπ[rt+1 · γ0 + rt+2 · γ1 + . . . |st]
= Eπ[rt+1 · γ0 + γ(rt+2 + rt+3 · γ + . . .)|st]
= Eπ[rt+1 + γRtk+1|st]
= Eπ[rt+1 + γVπ(st+1)|st]. (15)

Equation (15) is also called the state value function. Ac-
cordingly, the value-action value function which calculates the
expected value according to the current state, action, and strategy
can be obtained

Qπ(st, at) = [ras + γVπ(s1)|s1 |st, at]

= Eπ

[ ∞∑
k=0

γkrt+k+1|st, at
]

= Eπ[rt+1 + γQπ(st+1, at+1)|st, at]. (16)

In order to optimize the output compensation, it is necessary
to find the strategy that can maximize the state value function,
which is the training goal of DRL compensation mechanism.

C. Training Process for ADRDPCC

The goal of DRL is to find the optimal policy π∗ which can
maximize the excepted value

π∗ = argmax
π

Eτ∼π(τ)[r(τ)]. (17)

The optimal policy π∗ is parameterized and represented by
J(θ), where θ is the structure parameters of the policy. The
expectation of total reward value is expanded, and one can get

J(θ) = Eτ∼πθ(τ)[r(τ)] =

∫
τ∼πθ(τ)

πθ(τ)r(τ)dτ . (18)

Differentiating (18), and the gradient of the optimal strategy
can be obtained

∇θJ(θ) =

∫
τ∼πθ(τ)

∇θπθ(τ)r(τ)dτ

=

∫
τ∼πθ(τ)

πθ(τ)∇θ log πθ(τ)r(τ)dτ

= Eτ∼πθ(τ)[∇θ log πθ(τ)r(τ)]

= Eτ∼πθ(τ)

[
T∑

t=0

∇θ log πθ(ai,t|si,t)
(

T∑
t=0

r(si,t, ai,t)

]

=
1

N

N∑
i=1

[
T∑

t=0

∇θ log πθ(ai,t|si,t)
(

T∑
t=0

r(si,t, ai,t)

]
.

(19)

Fig. 5. Optimization framework of TD3 algorithm.

The gradient in (19) is calculated based on different network
policy parameters θ. The optimal strategy can be found and
the compensation mechanism can be optimized by continuously
updating the parameters θ of the strategy and decreasing the
gradient. The gradient descent method to optimize θ is designed
as follows.

After each Action at, the corresponding rt and st+1 will be fed
back, and the data set {st, at, rt, st+1} will be formed with at and
st. The datasets will be uniformly stored to form the database in
Fig. 5, which can be written as{(si, ai, ri, si+1) | i = 1,2, …,N},
and Agent will randomly sample different numbers of data sets
from the database for the DRL model training. Twin delayed
deep deterministic strategy (TD3) algorithm with actor-critic
structure shown in Fig. 5 is selected as the DRL algorithm to
train the compensation mechanism and update θ. TD3 consists
of actor which can implement the strategy and critic which
can evaluate the strategy and optimize the actor network. The
deterministic strategy gradient method is used to update θ, and
two critics are used to mitigate the overestimation. Because TD3
algorithm has the disadvantage of weak exploration, noise is
added to each action during training to expand the exploration
range and prevent it from falling into the local optimum.

TD3 introduces target networks to avoid the divergence prob-
lem in continuous training, and uses delayed strategy to update
the parameters after fully minimizing the time difference error.
The update rate η ≤ 1, and the update formulas are{

θQ
′ ← ηθQ+(1− η) θQ

′

θπ
′ ← ηθπ+(1− η) θπ

′ . (20)

The evaluation value yi calculated from two critics, and the
loss L between the target network and the original one, can be
obtained by (21). Equation (19) is used to optimize θπ which
can maximize the evaluation value of Q, and θQ of critics are
optimized by minimizing L⎧⎪⎪⎪⎨
⎪⎪⎪⎩
yi = ri + γminQ′

(
si+1, π

′ (si+1|θπ′
) |θQ′j)

j=1,2

L = 1
N

N∑
i

((
yi −Q

(
si, ai|θQj

))2)
j=1,2

. (21)

When the training of DRL compensation mechanism is com-
pleted, the overall ADRDPCC control structure is formed as
shown in Fig. 6.
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Fig. 6. ADRDPCC control system based on data driven of PMSM for MEA.

TABLE I
MAIN PARAMETERS OF PMSM

IV. SIMULATIONS OF ADRDPCC SYSTEM

A. Optimization Setting of ADRDPCC

Table I gives the main parameters of the motor used under
simulation conditions. Because DRL training is autonomous and
exploratory, and requires time and calculation, it is not suitable
for online training. To ensure the accuracy and effectiveness
of offline training, data and motor parameters for training are
collected from the test of the experimental platform and the ex-
perimental motor. It is necessary to train the DRL compensation
ability of the simulation model in various situations. Therefore,
the simulation motor is designed to start to 1000 r/min and
the start torque is set to |0.5sin(πt)| N·m. The control system
is suddenly applied with a load torque of 1N·m at 3 s, and
the speed is suddenly increased to 3000 r/min at 6 s. The
effect of the periodic load disturbances, stepwise constante load
disturbances, speed disturbances are studied in the simulation to
fully demonstrate the advantages of the proposed method.

The given value of the d–q axis current, tracking error of
the d–q axis current and speed curve are set as state of the
training system. In order to improve the control performance of
the proposed method, the current tracking error, speed tracking
error and the influence of interference are taken as optimization
objectives, and the design reward function is

R =
1

n

n∑
i=1

(∣∣∣∣ r1eos/s1 + r2|el|/s2 + r3eids/s3
+r4eiqs/s4 + r5tss/s5 + r6tsl/s6

∣∣∣∣
)i

(22)

where eos is the error of the observed state and reference state,
el is the speed error of the sudden load transition, and eidqs

Fig. 7. Training process of ADRDPCC. (a) Convergence curve. (b) Noise
curve.

is the error of the observed d–q axis current and d–q axis
current, respectively. tss, and tsl are the rising time of speed
and the recovery time of the disturbance load, respectively,
which could be calculated after the disturbances occur. s1-6 are
the standardization coefficients because of different dimensions
between optimized objectives. r1-6 are the weight coefficients
which can be changed according to the different requirements
of the application. The optimal results can be obtained after the
value of R is converged to the smallest. Each interaction between
the control system and DRL training model will generate and
record a dataset. The DRL model will learn and be trained once
every 150 interactions, and the parameters of DRL compensation
mechanism will be updated.

B. Convergence of the DRL Compensation

The DRL calculation program is written in Python lan-
guage, jointly trained by calling MATLAB, and implemented
by the function of TensorFlow v2.10. The program is trained
by a computer equipped with Inter(R) Core(TM) Inter(R) Core
i7-10700KF, 32GB, and the procedure conforms to the real
time coding specification. The Agent learns synchronously with
the simulation. In the procedure of training Agent, the noise
disturbance is applied to the output of Action to avoid the Agent
being trapped in the local optimization. The noise disturbance
is set to change exponentially, and gradually decreases with
the round of interactions to demonstrate the real effect of the
training, which enhances the robustness of the system.

Fig. 7 shows the training process and curves of ADRDPCC.
Gaussian noise is added to each Action to explore a wider range
as shown in Fig. 7(b), which also brings fluctuations, even when
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Fig. 8. Comparison of the speed simulation results. (a) Overview. (b) Start-up
state. (c) Load transition state. (d) Speed transition state. (e) d–q axis current of
DPCC. (f) d–q axis current of ADRDPCC.

the training is almost completed. Therefore, when the noise is
reduced to near zero, DRL training is close to convergence and
tends to be stable as shown in Fig. 7(a). The training converges
close to 1000 rounds finally.

C. Comparison With DPCC

The trained DRL compensation mechanism is applied in the
ADRDPCC control system, and the simulation comparison with
the classic DPCC is shown in Figs. 8–10.

The control effect of the current loop can be verified from the
speed tracking effect. It can be seen from Fig. 8(b) that the speed
curve of ADRDPCC after training is smoother, and the speed
of traditional DPCC is affected by persistent disturbances and
fluctuate slightly in sine form. ADRDPCC has a slower response
speed, which is due to the simpler calculation process of DPCC.
However, Fig. 8(c) and (d) show that the proposed method
has less overshoot and better disturbance rejection ability after
training. The current waveform of the proposed method is more
stable and has less jitter, which is shown in Fig. 8(e) and (f).

Figs. 9 and 10 show the analysis results of current ia and
total harmonic distortion (THD) under different control meth-
ods. THDs of the two control methods are 17.17% and 5.79%,
respectively. Simulation results verify that the proposed method
has more sinusoidal current and less harmonic distortion.

V. EXPERIMENTS

In order to verify the effectiveness of the proposed control
method, an experimental platform is built as shown in Fig. 11.
The specific parameters of the motor are given in Table I. The
experimental platform is “MEA RDS loading experimental

Fig. 9. Comparison of the current ia simulation results. (a) Deadbeat predictive
current control. (b) Active disturbance rejection deadbeat predictive current
control.

Fig. 10. Comparison of the simulation current harmonic spectrum. (a) Dead-
beat predictive current control. (b) Active disturbance rejection deadbeat pre-
dictive current control.
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Fig. 11. Experimental platform.

Fig. 12. d–q axis current under parameter mismatch Lq = 2Lq0. (a) and (b)
d–q axis current of DPCC. (c) and (d) d–q axis current of DPCC+ESO. (e) and
(f) d–q axis current of ADRDPCC.

platform,” which plays the role of loading and control. All
control methods are implemented in the form of C language
in the micro controller unit (MCU) of STM32F407, in which
the clock frequency is 168 MHz, and the sampling period is
50 μs. The algorithm execution time of the control scheme is
47 μs, which represents the computational complexity.

Parameter mismatch experiments are carried out, and the
control effect under different parameters variations and dif-
ferent degrees of parameter variations are studied to verify
the performance of DPCC, DPCC+ESO and ADRDPCC. In
the experiments, considering that MEA motors rarely work in
extremely low speed environment, starting at a low speed of
500 r/min is a suitable choice, and the initial torque of the motor
are set to 1.2 N·m. The load torque of control system is suddenly
changed to 1 N·m at 7 s, and a 3000 r/min speed is suddenly
applied to the motor at 12 s. The results of current references
and current responses with different parameter mismatch are
shown in Figs. 12–17, where the blue line and the grey line

Fig. 13. d–q axis current under parameter mismatch Lq = 0.5Lq0. (a) and (b)
d–q axis current of DPCC. (c) and (d) d–q axis current of DPCC+ESO. (e) and
(f) d–q axis current of ADRDPCC.

Fig. 14. d-q axis current under parameter mismatch R = 10R0. (a) and (b)
d–q axis current of DPCC. (c) and (d) d–q axis current of DPCC+ESO. (e) and
(f) d–q axis current of ADRDPCC.

are the observation value and the reference value of the d–q
axis, respectively. In the experiment, the effect of the speed
disturbances, stepwise constant load disturbances and param-
eter mismatch disturbances are used to show the superiority of
the proposed method. Each disturbance is subdivided to verify
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Fig. 15. d–q axis current under parameter mismatch R = 0.1R0. (a) and
(b) d–q axis current of DPCC. (c) and (d) d–q axis current of DPCC+ESO.
(e) and (f) d–q axis current of ADRDPCC.

Fig. 16. d–q axis current under parameter mismatch ψ = 5ψ0. (a) and
(b) d–q axis current of DPCC. (c) and (d) d–q axis current of DPCC+ESO.
(e) and (f) d–q axis current of ADRDPCC.

the impact of varying degrees of each disturbance on control
performance.

It can be seen from Figs. 12 and 13 that the performances of
DPCC and DPCC+ESO are close to that of the proposed method

Fig. 17. d–q axis current under parameter mismatch ψ = 0.2ψ0. (a) and
(b) d–q axis current of DPCC. (c) and (d) d–q axis current of DPCC+ESO. (e)
and (f) d–q axis current of ADRDPCC.

Fig. 18. Comparison of MSE. (a) MSE of d-axis current. (b) MSE of q-axis
current.

when the inductance parameter is mismatched, but ADRDPCC
has smaller current fluctuations.

Figs. 14 and 15 show that ADRDPCC can better track the
reference current when R = 10R0. DPCC+ESO has a better
current tracking effect than DPCC, but the current jitter is large.
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Though DPCC can track the reference current when R = 0.1R0,
but it is unstable compared with that of ADRDPCC.

Figs. 16 and 17 show that when flux linkage parameter is
mismatched, DPCC cannot make the actual current track the
reference current. The actual current of DPCC+ESO can track
the reference current, but the current control is unstable and
has a large jitter when ADRDPCC is almost unaffected. The
experimental results show the effectiveness and superiority of
the proposed method in respect of disturbance rejection and
parameter mismatch.

Fig. 18 shows the comparison of mean square errors (MSEs)
of experimental results in the form of histograms to present the
quantitative discussion. It can be vaguely seen in Figs. 12–17
that in the case of parameter mismatch, the steady-state control
effect of DPCC is relatively close to that of DPCC+ESO. In
Fig. 18, it can be clearly seen that DPCC is more sensitive to
disturbances, and the proposed method has better suppression
effects in the face of parameter mismatches and disturbances
compared to the other two methods.

VI. CONCLUSION

In this article, a model-free active disturbance rejection DPCC
method based on data-drive is proposed. The proposed method is
based on ADRC structure, using ESO as disturbance observer,
and training DRL as model-free compensation mechanism to
form ADRDPCC control method. Simulation results show that
the proposed method can effectively reduce the current and speed
tracking errors and improve the disturbance rejection ability
according to the training objectives. Experimental results show
that the proposed method can effectively suppress the influence
of parameter mismatch on traditional DPCC methods. Simula-
tion and experiments verify the effectiveness and superiority of
the proposed method. In the future, more in-depth research will
be conducted on a wider speed range control and optimization
methods.
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