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Abstract—In this article, an active disturbance rejection con-
troller (ADRC) based on deep reinforcement learning (DRL) algo-
rithm is proposed to be used in the flux weakening control (FWC)
system of motors for more electric aircraft. Artificial intelligence
algorithm is introduced into ADRC motor control system for
the first time, and DRL is designed as the automatic tuning for
the parameters optimization of ADRC. The interface module
scheme is proposed to realize the conversion between the relevant
quantities of the control system and the DRL Agent according to
the characteristics of ADRC. The parameters are optimized in the
form of parameter modification, and a new DRL-ADRC control
framework is proposed which can avoid being trapped into local
optimum. The ADRC model designed for the speed loop of FWC
system are first introduced. An interface module is subsequently
built to enable DRL to interact with the FWC system automatically.
DRL agent is trained to optimize the internal parameters of ADRC,
which have the characteristics of large quantities, weak sensitivity
and strong coupling. Deep deterministic policy gradient is used
as the strategy of DRL, which can quickly determine the descent
gradient and converge the multiobjective optimization problem.
Simulation and comparison with classical heuristic algorithms and
disturbance rejection methods are carried out to show the supe-
riority of DRL. The feasibility and effectiveness of the proposed
control method are verified by experiments on an aerospace motor
for MEA.

Index Terms—Active disturbance rejection control (ADRC),
deep deterministic policy gradient (DDPG), deep reinforcement
learning (DRL), flux weakening, more electric aircraft (MEA),
parameter optimization.

I. INTRODUCTION

MORE electric aircraft (MEA) is becoming popular due
to its energy saving feature and more reliable operation

characteristics [1], and permanent magnet synchronous motor
(PMSM) is now widely used in MEA as it can provide higher
power density and higher efficiency [2]. Most of the PMSMs for
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MEA use flux weakening control directly to expand speed range.
Various flux weakening control schemes have been proposed [3],
[4], [5], [6], and a feedforward flux weakening method proposed
in [7] and [8] can turn the research of the electromagnetic
working point of the flux weakening control into calculating the
intersection of different curves, such as torque curves, voltage
curves and so on, which makes the control result more accurate.

The motor for MEA needs fast response speed and strong
disturbance rejection ability, especially the disturbance rejection
ability, which is related to the safety of MEA. The advantage of
the flux weakening control system using the feedforward method
is its good accuracy and transient response compared with other
flux weakening strategies. However, the method is more depen-
dent on the accuracy of the parameters of the motor, which is
easily affected by time and the material of the motor, etc. When
the motor is disturbed either by the parameter changes of the
motor itself or external disturbance, the torque Tref will change at
a certain extent, which will affect the stability of control. Hence,
the speed fluctuates easily and the safety of MEA is affected [9],
[10]. In order to overcome those disadvantages, some methods
are proposed to reject the disturbance of flux weakening control
such as combining flux weakening control with sliding mode
control (SMC) [11] or model predictive control (MPC) [12].
SMC usually requires the large control gain and may exhibit
chattering behavior [13]. MPC has provided a faster dynamic
performance and has good ability for disturbance rejection, but
it is sensitive to parameter variations [14], [15].

Because ADRC not only has simple structure, strong robust-
ness and has better performance in high-noise environments, but
also has a good suppression effect on both internal disturbance
and external disturbance [16], this article chooses to introduce
ADRC into FWC system as the speed loop to obtain better
control effect and intuitively make up for this shortcoming of
feedforward flux weakening. Han proposes an active disturbance
rejection controller (ADRC), which has strong error attenuation
ability and disturbance rejection ability [16]. ADRC relies on the
observation of interference and does not depend on the parame-
ters of the controlled objective model. In [17], an ADRC com-
posed of the linear extended state observer (ESO) is proposed
that can make the calculation process simpler and the calculation
time shorter. In [18], a scheme is proposed to improve the ADRC
by designing an infinite-dimensional disturbance estimator to
carry on the online disturbance estimation. An adaptive linear
ADRC is designed by integrating a linear full-order ESO with
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a parallel controller [19]. The above two methods enhance
the disturbance rejection ability of ADRC by improving the
observer. ADRC has also been used in many different fields, such
as exoskeleton joints [20], the power plant process with con-
siderable time-delay [21], and wind energy conversion system
[22], etc., which all achieve good control effects. However, the
disadvantage of ADRC is that it has many internal parameters,
the sensitivity of the parameters is not strong, and there is a
coupling relationship between parameters, which means that
it is difficult to select and debug the optimal parameters. The
method of scaling and bandwidth-parameterization is a classical
parameters tuning method [23], which cannot guarantee the best
solution. At the same time, the formula of nonlinear ADRC
contains nonlinear functions, which means its transfer function
cannot be written, its bandwidth cannot be calculated, and the
method has its limitations. Trial-and-error (TAE) tune method
with experience is used to design ADRC [24]. These processes
are time-consuming and cannot achieve the best control effect.
Therefore, it is necessary to study the parameters to make ADRC
obtain satisfactory results.

The heuristic algorithm represented by ant colony optimiza-
tion (ACO) algorithm [25], genetic algorithms (GAs) [26] and
particle swarm optimization (PSO) algorithm [27] is a common
method to solve the parameter optimization problem. In [28], an
ADRC method which employs ACO is proposed and has a better
robustness than the conventional ADRC. A hybrid algorithm
tuning method which combines radial basis function neural
network with PSO and bacterial foraging optimization algorithm
is proposed to improve the control effect [29]. However, the
traditional heuristic algorithms are often trapped into local opti-
mum while dealing with complex and practical design problems
because of the local precise search and the fast convergence.

With the development of computer science, recognition meth-
ods based on machine learning (ML) are gradually being applied.
ML can construct direct relationships between observations and
parameters to make the effect better, and avoid the disadvantages
of the heuristic algorithms. Deep reinforcement learning (DRL)
as one of ML has been gradually used in some simple con-
troller theory, such as parameter optimization of proportional
integration differential controller [30] and MPC [31]. In [32],
reinforcement learning is directly used in the control system of
PMSM by compensate the output of PI controller after learning
and training. The above applications have achieved good control
results in the aspect of simulation under ideal conditions or at
the level of theories, but have not been applied into the complex
and strongly coupled motor control application environment to
optimize the controller parameters. Therefore, DRL can be ap-
plied to the parameter optimization of ADRC of flux-weakening
control system for MEA motor to benefit the control effect of
this multiparameters and strong-coupling system.

This article proposes a novel ADRC control method based
on DRL which is used in the flux weakening control system of
an aerospace motor for MEA. The model of ADRC controller
is built according to the theoretical analysis and is used as the
speed loop of the flux weakening control system in Section II. A
DRL-based ADRC model parameter optimization framework is
proposed in Section III-A, which can be applied to calculate
the best parameters for complex models without labels. The

deep deterministic policy gradient (DDPG) strategy is used to
converge the multiobjective optimization problem in Section III-
B. The model of DRL-ADRC control system is simulated, and
experiment setup is built to verify the simulation results in
Sections IV and V.

II. DESIGN OF THE ADRC

ADRC uses tracking differentiator (TD) to track the reference
input of the system and arranges the transition process. ESO is
used to observe the generalized output and state. Nonlinear state
error feedback (NLSEF) is used to control the error of the system.

ADRC can be expressed as{
x(n) = f(x, ẋ, · · · , x(n−1), t) + ω(t) + bu
y = x(t)

(1)

where f(x,…,x(n-1),t) is the control system,ω(t) is the disturbance,
x(t) is the output that can be measured, u is the control effect of
the system, and b is the control effect gain. The following sets
the three main components of ADRC in combination with (2)
[16].

A. Tracking Differentiator

⎧⎪⎪⎨
⎪⎪⎩

ż1 = z2
· · · · · ·
żn+1 = zn
żn = f(z1, z2, · · · , zn)

. (2)

If the solution of system (2) satisfies Zi(t)→0(t→�), i =
12,…n, then for any bounded function v(t) and any constant
T>0, the solution x1(t) of the new system (3) satisfies⎧⎪⎪⎨

⎪⎪⎩

ẋ1 = x2
· · · · · ·
ẋn−1 = x2
ẋn = Rnf(x1 − ν, x2

R , · · · , xn

Rn−1 )

(3)

lim
R→∞

∫ T

0

|x1(t)− ν(t)| dt = 0 (4)

x1
′
(t) = x2(t) and the derivative of x1(t) can be regarded as the

derivative of the input signal. Hence, TD can be used to replace
actual system differentiation.

B. Extended State Observer

ESO is used to observe the output and its derivatives. The
disturbance of ADRC is divided into two aspects. One is the
uncertainty of the system itself, which is the internal distur-
bance of ADRC. The other is external disturbances. Both are
collectively referred to as total disturbances, which is observed
and estimated by ESO. For the uncertain system in (1), x(n)(t) is
extended into the state variables to obtain new state variables as
x(t),…, x(n-1)(t), x(n)(t). The system can be written as⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

ẋ1(t) = x2(t)
· · · · · ·
ẋn(t) = xn+1(t)
ẋn+1(t) = f(x1, x2, . . . xn+1, t) + bu
y = x1

. (5)
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Let the observer error ε = z1-x(t), select appropriate coeffi-
cient β, and the observer system can be written as

⎧⎨
⎩
ż1 = z2 − βε
· · · · · ·
żn = f(z1, z2, . . . , t)− βnε+ bu

. (6)

Equation (5) needs to use f(x1, x2, …,xn+1, t) in calculation,
but the function is often unknown in many cases. At this time,
it is necessary to treat f(x1, x2, …,xn+1, t) as a disturbance and
use a nonlinear function to suppress the disturbance as follows:

fal(x, a, δ) =

{
x

δ1−a , |x| ≤ δ
sign(x), |x| > δ

(7)

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

Let xn+2= f(x1, x2, …,xn+1, t), and ẋn+2= g(x1, x2, …,xn+1,
t), it can be seen that g(x1, x2, …,xn+1, t) is also unknown.
Equations (5) and (6) can be rewritten as

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

ẋ1(t) = x2(t)
· · · · · ·
ẋn+1(t) = xn+1(t) + bu
ẋn+2(t) = g(x1, x2, . . . , xn+1, t)
y = x1

(8)

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

ε1 = z1 − y
ż1 = z2 − β1ε1
· · · · · ·
żn+1 = zn+2 − βn+1fal(ε1, αn, δ) + bu
ẋn+2(t) = −βn+2fal(ε1, αn+1, δ)
y = x1

. (9)

The extended state zn+2 makes a good estimation of the “real-
time action” a(t) = xn+2 = f(x1, x2, …,xn+1, t) of the unknown
disturbance. At this time, (9) is the ESO of (5).

If f(x1, x2, …,xn+1, t) = f0(x1, x2, …,xn+1)+ f1(x1,
x2, …,xn+1, t) and f0 is known, xn+2 can be set as f1(x1,
x2, …,xn+1, t), and the observer 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

. (10)

In this case, f(x1, x2, …,xn+1, t) is the total disturbance of
internal and external disturbances, and the extended state zn+2

is the estimation of the a(t) = f1(x1, x2, …,xn+1, t),which is the
unknown part of the total disturbance.

It can be seen that even if the system function f(x,…,xn, t) is not
clear, the total disturbance can still be estimated. The disturbance
of the unclear objective whose parameters may change can be
observed.

Fig. 1. Structure of ADRC.

C. Nonlinear State Error Feedback

NLSEF controls the combination of the reference input and
the error signal of the extended state obtained by TD and ESO,
and can compensate the total disturbance by nonlinear function
(7)

NC

{
u0 = k1fal(e31, a31, δ31) + · · · knfal(e3n, a3n, δ3n)
u3 = u0 − 1

b z2(n+1)

(11)
where k1 …,kn are constants, e31 …e3n,which means e3x = e1x-
e2x,(x = 1…,n), represent the state error of each order.

D. Overall Construction of ADRC

Fig. 1 shows the overall construction of ADRC, where v is the
reference input, TD arranges the transition process and gives
the reference input and its derivative signal Z11,…,Zn, ESO
gives the extended state Z21 …Z2(n+1) of the control objective
after analyzing the output y of the whole system. The total
disturbance Z2(n+1) (or defined as a(t)) is used to calculate
current compensation, and the compensation coefficient is 1/b.

The order of ADRC is affected by the order of the control
system. Because of the input of flux weakening control is Te,
whose jitter will cause the jitter of output current, ADRC is
used to replace the speed loop to provide a stable input to the
flux weakening system. The ADRC of speed loop is one-order
and the model is expressed as

TD

{
e1 = z11 − ω∗
ż11 = −rfal(e1, a1, δ1)

(12)

ESO

⎧⎨
⎩
e2 = z21 − ω
ż11 = z22 − β21fal(e2, a21, δ21) + bu
ż22 = −β22fal(e2, a22, δ22)

(13)

NLSEF

⎧⎨
⎩
e = z21 − z22
u0 = β3fal(e, a3, δ3)
u = u0 − z22/b

(14)

where r, β21, β22, and β3 are constants.
Since the traditional ADRC is directly connected with the

current loop, iq is the output u. The value of b can be calculated
by the motion equation

dω

dt
=

1

J
Te − 1

J
TL − 1

J
Bωm

=
1.5p(ψf + (Ld − Lq)id)

J
iq − 1

J
TL − 1

J
Bωm
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Fig. 2. Structure of flux weakening control system based on ADRC.

Fig. 3. Traditional parameters optimization method.

= biq − 1

J
TL − 1

J
Bωm. (15)

The value of b in this article is different from that of traditional
ADRC. When the combination of ADRC and flux weakening
control is used, the output of ADRC is torque Te and b is different
according to the rewritten formula (15)

dω

dt
= bTe − 1

J
TL − 1

J
Bωm. (16)

Subtracting (16) from the actual observations, one can have

ėω−ωo
= dω/dt− dωo/dt = b(Te − Teo)− B

J
eω−ωo

(17)

whereωo and iqo are the observed value ofω and iq, respectively.
Since the output u is bTe, b can be calculated as 1/J. Fig. 2 shows
the structure of flux weakening control system based on ADRC.

III. DRL-BASED PARAMETERS OPTIMIZATION OF ADRC

There are eleven parameters of the ADRC need to be opti-
mized which are as shown in⎧⎨

⎩
TD : r, a1, δ1
ESO : β21, a21, δ21, β22, a22, δ22
NLSEF : β3, a3, δ3

. (18)

A. Optimization Framework Based on DRL of ADRC

Fig. 3 shows the traditional optimization method. Different
outputs are obtained by entering different parameters and the
results are returned to the optimized search algorithm. The
results will be evaluated and the optimization algorithm will
select the best group of parameters as the result.

As shown in Fig. 4, compared with the traditional method, the
DRL algorithm has no intermediate links. DRL makes a decision
called action A based on the state S in the current environment.

Fig. 4. DRL parameters optimization method.

Fig. 5. DRL parameters optimization of ADRC for PMSM control system.

The reward mechanism will calculate the reward R according to
the effect of action A in the environment. The above behaviors
will be fed back to a DRL agent in the algorithm, and the agent
will continuously interact with the behaviors to learn and adjust
to form an autonomous decision-making algorithm finally.

It can be seen that the structure of DRL is similar to the
traditional parameter optimization by comparing Figs. 3 and
4. Both of them are used to evaluate the state when using dif-
ferent parameters, and optimize the final parameters according
to the evaluation results. However, they have some fundamental
differences as follows.

1) The purpose of traditional methods is to use optimization
algorithms to find the optimal parameters by given data.
The DRL-based parameter optimization method is to ex-
plore and learn the parameter setting strategy through its
own interaction with the model.

2) The traditional method finally gives specific parameters
for one case, while DRL gives a specific plan, which can
quickly calculate optimal parameters of ADRC even if the
optimization objective or situation is changed.

3) The traditional method is equivalent to optimize each pa-
rameter without coupling, and the independent parameters
only affect themselves. But each “action” taken by DRL
will affect the subsequent overall decision-making, which
is more suitable for coupling problems.

Fig. 5 shows the structural block diagram of DRL-ADRC
control system. DRL-ADRC takes the entire motor control
system as the “environment” and the motor control effect as
the “reward” evaluation standard. Based on the current state,
the DRL agent makes a judgment and selects the action to be
performed next, and state will update itself after taking the
action. Reward evaluates the optimization effect according to
the state and influence after the Action. When the evaluation
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Fig. 6. ADRC control system based on DRL of PMSM for MEA.

value converges, the optimization parameters will be obtained.
Otherwise, DRL agent will continue to interact until reward
converges. The agent is trained to make the decisions about how
to optimize the parameters by itself. The whole flux weakening
system based on DRL-ADRC as shown in Fig. 6 is used as
the scenarios to train the DRL agent and optimize the ADRC
parameters. In this article, the control system of the motor is set
as environment, and the speed curve of the motor is set as state.
After the initial parameters are randomly given, each correction
of the parameters values is set as action. The agent interacts with
Environment after taking actions, then collects states, calculates
evaluations reward, completes this round of learning and repeats
the process until convergence.

B. DDPG-Based DRL

Parameters are usually distributed in the continuous space.
Therefore, this article selects but do not specifies the DDPG, a
classical actor-critic structure algorithm which is always applied
to solve continuous action space problems, as the DRL algorithm
to implement the parameters optimization of ADRC. DDPG uses
three parts to achieve the goal of convergence.

1) Actor, which can learn and build a policy network and
select different action in different state according to the
network.

2) Critic, which can evaluate the value of actions to optimize
the policy network.

3) Noise, which can simulate the disturbance of the system
to make the result more accurate.

The deterministic policy gradient method is used to make the
critic converge and update the parameters of the network. Fig. 7
shows the structure of DDPG.

The actor policy network is expressed as μ(s|θμ) in DDPG,
and θμ is the internal parameters of the policy network μ. The
current state and action are expressed as st and at, respectively.
Agent takes at according to μ(s|θμ) based on st, and some noise
will also be considered as shown in

at = μ (st|θμ) + Noise. (19)

The reward rt and the next state st+1 are fed back when an
action has been done, and these data (st, at, rt, st+1) will be

Fig. 7. Structure of DDPG.

stored in the database. {(si, ai, ri, si+1) | i = 12, …,N}, which
includes some data sets selected randomly from the database, is
used to train the DDPG.

Subsequently, the evaluation network of critic, which is repre-
sented by Q(s,a|θQ), will give the evaluation according to s and
a of the previous step. The self-optimization of the algorithm is
achieved by updating θμ and θQ. As shown in Fig. 7, in order
to make the algorithm have enough time to learn, μ(s|θμ) and
Q(s,a|θQ) are not used directly, and the process of parameters
update is split and enlarged by usingμ’(s|θμ’) and Q’(s,μ’(s|θμ’)
|θQ’), which are called the of target network of policy and critic
respectively. The target networks have the same structure as
the policy network and Q network, and their parameters are
slowly tracked by the learned network with a parameter update
rate τ≤1

{
θQ

′ ← τθQ+(1− τ) θQ′
θμ
′ ← τθμ+(1− τ) θμ′ . (20)

The evaluation value yi of the target Q network and the loss L
between the target network and the original one can be calculated
according to (21). The negative average value J of the Critic
network in (22) is used as the optimization target to update θμ to
maximize the evaluation value of Q. The loss L is the difference
between the values of the target network and the actual network.
The smallest L is used as the optimization target so Agent can
find the gradient that makes L reduce continuously to optimize
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Q network parameters θQ

⎧⎨
⎩
yi = ri + γQ′

(
si+1, μ

′ (si+1|θμ′
) |θQ′)

L = 1
N

∑N
i

((
yi −Q

(
si, ai|θQ

))2) (21)

J = − 1

N

N∑
i=1

(−Q (
si, ai| θQ

))
. (22)

In this article, there are 11 parameters of the ADRC system
which need to be defined. The action setting allows the algorithm
to correct the parameters of ADRC which need to be optimized,
and uses (23) to realize the normalization, restoration and cor-
rection of the parameters. Equation (24) is used to make the
optimized parameters feasible⎧⎨

⎩
θ̃i = (θi − θimin)/θ

i
max

θi = θimaxθ̃
i+θimin

θ̃ik+1 = θ̃ik + ai
(23)

θ̃i =

⎧⎪⎪⎨
⎪⎪⎩

0.05
(
θ̃i + 1

)/
1.05 θ̃ < 0.05

θ̃i 0.05 ≤ θ̃ ≤ 0.95

1− 0.05
(
2− θ̃i

)/
1.05 0.95 < θ̃

(24)

where θmax, θmin, and θi,θ̃i are the upper limit, lower limit,
original and normalized value of the ith parameter, respectively.

Equation (25) is used to evaluate and process the error between
the real value and the given value after setting the optimization
objective. Equation (26) is used to penalize and reward the
correction of parameters, and (27) is used as the final evaluation
of the optimization

RObs = error evaluation (25)
⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩
Ri

θ=

⎧⎪⎪⎨
⎪⎪⎩

1−
(
θ̃i + 1

)/
1.05 θ̃ < 0.05

0 0.05 ≤ θ̃ ≤ 0.95

1−
(
2− θ̃i

)/
1.05 0.95 < θ̃

Rθ = 1
n

∑n
i=1R

i
θ

(26)

R = − (αObsRObs+αθRθ) (27)

whereαObs andαθ are the corresponding weights of observation
reward and parameter reward, respectively.

IV. SIMULATION OF CONTROL SYSTEM

A. Multiobjective Optimization Setting

A simulation model of the control system is built according
to the parameters of the motor in Table I. A complex simulated
operation condition is used to verify the correctness of the
proposed method in most possible environments. In order to
simulate the disturbance environment that the MEA motor may
be faced with [33], [34] and further strengthen the disturbance
rejection ability of the motor, the initial speed of the motor is
set to 1500 r/min and will start with a starting periodic torque
of |sin(πt)| N·m. The torque will suddenly change to a constant
load of 2 N·m at 3s, and the speed will rise to 3500 r/min at 6 s. In
order to improve the disturbance rejection ability and response

TABLE I
MAIN PARAMETERS OF PMSM

Fig. 8. Convergence curve of DRL-ADRC. (a) Convergence curve under
noise. (b) Noise curve.

speed of the motor, a multiobjective optimization function is
proposed

R = r1eos/s1 + r2trs/s2 + r3trl/s3 + r4|el|/s4 (28)

where eos, el, trs, and trl are the optimized objectives. eos and
el are the speed error at start-up and sudden load transition,
respectively. trs and trl are the starting time and the time when
the speed returns to normal after sudden load, respectively. s1,
s2, s3, s4 are standardization coefficients because of different
dimensions between optimized objectives. r1, r2, r3, r4 are
weight coefficients of the four optimized objectives, which
can be changed according to different demands of the applied
environment. Considering the safety performance requirements
of aero motors, [r1 r2 r3 r4] are set to [11 1.52]. The best
optimization results will be obtained when the final evaluation
value R is the smallest.

B. Verification of the DRL-ADRC Control

In the simulation, all the parameters of the conventional
ADRC controller as shown in (18) are tuned by the TAE method
and experience while the parameters of DRL-ADRC are opti-
mized automatically. The DRL calculation is implemented in
TensorFlow v2.10 and carried out by a computer configured
with Inter(R) Core(TM) Inter(R) Core i7-10700KF,32GB. The
noise interference as shown in Fig. 8(b) is set to be large first and
then small to prevent falling into local optimum and obtain best
optimization results. The convergence process of DRL algorithm
is the convergence process of ADRC parameters optimization.
The convergence curves of DRL-ADRC and each parameter are
as shown in the Figs. 8 and 9. The parameters of DRL-ADRC
and ADRC are given in Tables II and III, respectively for a fair
comparison.
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Fig. 9. Convergence curves of parameters of DRL-ADRC.

TABLE II
PARAMETERS OF DRL-ADRC

TABLE III
PARAMETERS OF ADRC

In order to show the change processes of parameters on
the same platform more clearly, Fig. 9 shows the convergence
change trend after unifying the parameters, in which the abscissa
is the number of interactions between agent and environment,
and the ordinate is the per unit value of each ADRC parameter. It
can be seen that although each parameter is changing irregularly,
the parameters have same time change point, which means that
the DRL is learning the optimization without ignoring the cou-
pling relationships between parameters. It proves that compared
with the independent parameter convergence of the traditional
optimization method, the convergence of DRL-ADRC is sys-
tematic and coupled after exploration, which can better meet
the requirements of multiobjective strong coupling system. In
the process of DRL parameters optimization, the setting noise
changes from large to zero, which can better prevent local
optimization, and also makes the process of convergence jitter at
first. The parameters in Tables II and III are used for simulation
respectively, and the results are as shown in Fig. 10.

It can be seen from Fig. 10 that the parameters obtained
by trial-and-error method and experience have been applied
to the ADRC controller and achieved good control effect. The
speed curve has almost no overshoot, and the response speed
is less than 0.15s. However, when the parameters optimized by

Fig. 10. Comparison of simulation results with normal ADRC. (a) Overview.
(b) Start-up state. (c) Load transition state. (d) Speed transition state.

Fig. 11. Comparison of simulation results with MPC+DO. (a) Overview. (b)
Start-up state. (c) Load transition state. (d) Speed transition state.

DRL are applied to ADRC, the response time of the motor is
only one third of that of traditional ADRC. When sudden load
transitions are applied to the simulation model, DRL-ADRC
also has smoother curve, faster recovery speed and less jitter.
Thus, the effectiveness of DRL-ADRC can be verified.

C. Comparison With Disturbance Rejection Algorithm

In order to verify the superiority of DRL-ADRC, a disturbance
rejection algorithms combining MPC with linear disturbance
observer (MPC+DO) based on ESO [35], are used to compare
with DRL-ADRC. Fig. 11 shows the simulation results.

It can be seen that MPC performs better in the start-up
phase, and the curves show its fast response ability and good
disturbance rejection ability, but there is a slight jitter in the speed
when facing continuously changing disturbances. DRL-ADRC
has a better performance in dealing with sudden changes both
in speed and torque.

D. Comparison With Other Classical Optimization Algorithm

In order to further verify the superiority of DRL-ADRC,
classical heuristic algorithms, GA, PSO, and DE, are applied to
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Fig. 12. Convergence curves of DE, GA, and PSO.

Fig. 13. Comparison between optimization algorithms.

the parameter optimization of ADRC, and the simulation results
are compared as shown in Figs. 12 and 13.

It can be seen from Fig. 12 that the three algorithms have
converged, and GA has fastest speed of convergence but the
R value is the largest while PSO performs worst at first but
obtains the best results finally. In Fig. 13, Final time is the
convergence time, final interaction is the number of interactions
with the model, and Rmin is the minimum R in all times. From an
algorithm perspective, Fig. 13 shows the comparison of the four
algorithms that DRL uses the least time and interaction times
but obtain the best effect. Optimized parameters of GA, DE,
and PSO are applied to ADRC respectively, and the simulation
results are compared with DRL-ADRC.

It can be seen from Fig. 14 that the four methods have all
achieved good optimization results, and the histogram is used
to make the comparison of simulation results more obvious as
shown in Fig. 15. The results of the four optimization methods
are relatively close in the case of start-up and speed transition,
but DRL-ADRC is more prominent in terms of disturbance
rejection performance. The noise disturbance is added to the
speed observation value to test the disturbance rejection ability
of the algorithms. The mean value of the white noise of the added
normal distribution is 0, the variance is 1, and the sampling time
is 0.01s. It can be seen from Fig. 16 that when the noise is
added to the ideal environment, the four all have good noise
suppression ability and the suppression effect is close to each
other. In conclusion, DRL has smaller overshoot, shorter time to
return to normal, and smaller error after sudden torque transition,

Fig. 14. Comparison of simulation results with optimization methods.
(a) Overview. (b) Start-up state. (c) Speed transition state. (d) Load transition
state.

Fig. 15. Histogram of simulation results with optimization methods. (a) Com-
parison in time. (b) Comparison in error.

Fig. 16. Performances of adding white noise disturbance. (a) @1500 r/min.
(b) @3000 r/min.

Fig. 17. Experimental platform.

which means the proposed method is a superior optimization
method.

V. EXPERIMENTAL VERIFICATION

In order to verify the effectiveness of the proposed control
method, an experimental platform is built as shown in Fig. 17.
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Fig. 18. Comparison of experimental results with disturbance rejection meth-
ods. (a) Overview. (b) Start-up state. (c) Speed transition state. (d) Load transition
state.

The experimental platform used in this article is MEA RDS
loading experimental platform. All the control methods are
implemented in microcontroller unit of STM32F407 with a
clock frequency of 168 MHz, and the sampling period of this
article is 50 μs. The specific parameters of the motor are given
in Table I and a 50V/9A current source is used for power supply.
Different experiments are carried out to test the performance of
the proposed method.

A. Comparison Experiment With Disturbance Rejection
Methods

MPC and MPC+DO are used as disturbance rejection meth-
ods to compare with DRL-ADRC. The speed is set to 50 r/min
without load to show the ability of start-up under low speed. The
speed increases to 1500 r/min, the torque suddenly changes to a
constant load of 1 N·m, and the speed rises to 2000 r/min at last.

It can be seen from Fig. 18 that MPC which depends on
the accuracy of parameters has fast response speed, but poor
disturbance rejection ability, and there are obvious jitters in the
steady state. After combining with a disturbance observer base
on ESO to MPC, the disturbance rejection performance has been
better improved, and the jitter has been reduced correspondingly,
but the response speed has been decreased. DRL-ADRC has the
best control effect due to the suppression of both internal and
external disturbances.

B. Comparison Experiment of Speed Transition With
Optimization Methods

Since PSO and DE are the two with the smallest R value in the
heuristic algorithms, they are used in the experiment to compare
with the optimized result of DRL-ADRC. The traditional TAE
method is also applied to comparison. The speed is set to 50 r/min
without load to show the ability of start-up under low speed. The
speed is increased to 2000 and 3000 r/min, respectively, and then
decreased to 1500 r/min. For fair comparison, the change time
of the four methods is set at the same time. Fig. 19 shows the
experimental results. It can be seen that the response speed and
overshoot of TAE, which need a lot of time to debug, are good

Fig. 19. Speed transition experiment. (a) Overview. (b) Comparison of details.

Fig. 20. Speed of Load transition experiment. (a) Load increase. (b) Load
decrease.

separately, but they are the worst when compared with the other
three. TAE has a small gap with the other methods in overshoot,
but the response speed is significantly slower. PSO and DE have
similar speed control effects in the experiment. It can be seen
from Fig. 19 that the DRL-ADRC has faster response speed and
smaller overshoot no matter under accelerating or decelerating.

C. Comparison Experiment of Load Transition With
Optimization Method

Sudden load transition experiment is carried out to test the
disturbance rejection ability of the four methods. When the speed
is maintained at 3000 r/min under no load, a load of 1 N·m is
given to the motor, and suddenly subtracted after a period of
time. The experimental results are as shown in Figs. 20 and 21.

It can be seen from Fig. 20 that the speed errors of DRL-
ADRC are both smaller than PSO-ADRC no matter the load
is increased or decreased suddenly, and the speed waveform is
more stable. The control effect of DE and TAE is similar to
that of PSO, but TAE is slightly worse. Fig. 21 shows that the
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Fig. 21. Current of Load transition experiment. (a) PSO-ADRC.
(b) DRL-ADRC. (c) DE-ADRC. (d) TAE-ADRC.

Fig. 22. Comparison between optimization methods.

dq-axis current of DE and PSO-ADRC has obvious jitter under
no-load, and the jitter is smaller under load. The iq of TAE shakes
obviously. The current curve of DRL-ADRC is smoother, which
can prove the stability of the proposed method.

Fig. 22 shows the advantages of DRL-ADRC more clearly. It
can be seen that the recovery speed of TAE-ADRC in case of
disturbance is close to that of the other three. The disturbance
rejection ability of DE-ADRC is better than PSO-ADRC, but
the response speed is slower than that of PSO-ADRC. Although
PSO-ADRC has a relatively close control effect to DRL-ADRC
during simulation, however, the difference is obvious in the ex-
periment. ADRC optimized by DRL has better adaptability and
control effect, which proves the effectiveness of DRL-ADRC in
the experiments.

VI. CONCLUSION

The article proposes a novel DRL-ADRC method used in flux
weakening control system for MEA motors. The novel method
employs the DRL as the automatic tune mechanism for the
parameters of ADRC, and the DDPG is used as the algorithm
to make the optimization process converge. According to the
setting of optimization objectives, DRL is trained to interact
with the model and converge to the optimum parameters. The
simulations which are compared with heuristic algorithms and
disturbance rejection methods show that the DRL can avoid

being trapped into the local optimum and premature conver-
gence, and is more suitable for multiobjective strong coupling
system. Experimental results prove that DRL-ADRC has smaller
overshoot, higher work efficiency, faster response speed, and
better disturbance rejection ability than that of other methods,
which can better meet the requirement of MEA motors. The
proposed method can be used in other applications besides the
MEA motor.
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